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Abstract

Image retrieval systems increasingly need to support precise user intent rather than only broad
semantic similarity. In instance-based composed image retrieval, the query combines a refer-
ence image and a textual modification. A correct target must depict the same literal instance,
such as the same product, character, landmark, or object, and must also satisfy the requested vi-
sual change. This makes the task stricter than ordinary composed retrieval: a candidate is wrong
if it shows the correct modification on a different instance, and it is also wrong if it preserves
the instance but ignores the modification.

This thesis studies the task as a conjunction of two verification signals: identity preservation
and modification satisfaction. The central idea is to keep these two forms of evidence visible
during scoring and combine them multiplicatively, so that a candidate is rewarded only when
both are supported. I first audit several frozen embedding backbones and training-free retrieval
components under the intended query-local hard-negative protocol. The strongest first-stage
system uses SigLIP2 SO400M Patchl6 384 with leave-one-instance-out image centering and
text contextualization, reaching 59.64 mean average precision at 100 on the full benchmark.

The thesis then introduces two second-stage reranking routes that preserve the first-stage im-
age and text scores while adding more instance-focused evidence. Route A uses ILIAS, an image
instance-level retrieval dataset, as an auxiliary source of supervision. Lightweight linear probes
trained on frozen embeddings show that strong instance-level structure is already present in
the representation; when used as a dual-encoder reranking signal together with a contextual-
ized text branch, this route raises the ICIR score to 66.05 mean average precision at 100. Route
B uses RZEnEmbed-7B as an instruction-aware multimodal embedder. Candidate images are
embedded with an instance descriptor generated offline by open-source multimodal language
models, encouraging the reranker to focus on the literal target instance rather than on generic
scene content.

The best final system is the descriptor-guided Route B product, which multiplies the first-
stage image score, the first-stage text score, and two RZEn reranking scores. It reaches 66.42
mean average precision at 100 and 65.65 macro mean average precision at 100 while preserving
the same candidate-set recall as the first stage. The results show that modern frozen embed-
dings already contain useful instance information, but that high-performing instance-based
composed image retrieval requires careful separation and recombination of identity and modi-
fication evidence.



vi



ABSTRACT

LIST OF FIGURES

L1ST OF TABLES

ACRONYMS

1 INTRODUCTION

1.1 Motivation and problem setting . . . . . . ... ... ..
1.2 Researchproblem . . . . ... ... ...... ... ...
1.3 Contributions . . . . . . ... ... ..
1.4 Thesisstructure . . . . . . . . . .. ...

2 RELATED WORK

21 Imageandinstance-based retrieval . . . . . . .. ... ..

2.2 Composed and instance-level composed image retrieval

2.3 Multimodal large language model based embeddings . . .
2.4 DPositionof thisthesis . . . . . . . .. . .. ... ....

3 BACKGROUND AND PROBLEM SETTING

3.1 Instance-level composed image retrieval . . . . . .. . ..
3.2 Instance-level composed image retrieval benchmark . . . .
3.3 Auxiliary instance retrieval dataset . . . . . ... ... L.
3.4 Embedding retrieval and cosine similarity . . . . . . . ..
3.5 Contrastive multimodal representation learning . . . . .
3.6 Evaluationmetrics . . . . . . ... ... .. .. ...,

4 METHODOLOGY

4.1 Firststageretrieval . . . . .. ..o L
4.2 Second—stage verificationroutes . . . . . . . .. ... ..
43 Auxiliary linear-probe reranking . . . . . .. ... ..
4.4 Instance descriptor generation . . . . . ... ... ...,
4.5  Descriptor-guided multimodal reranking . . . . . . . ..
4.6 Plain and descriptor-guided reranking variants . . . . . .
47 Computationaldesign . . . . .. ... ... ... ... ..

vii

Contents



S EXPERIMENTAL RESULTS

5.1
5.2
5.3
5.4
5.5

Experimental protocol and reporting conventions .

Why multiplicative fusion is the right first-stage operator . . . . . . . .. ..

First-stage retrieval results . . . . . . ... .. ..

Augxiliary evidence of extractable instance structure

Second-stage reranking results . . . . ... L.

6 CONCLUSION

6.1
6.2
6.3
6.4

Synthesisof findings . . . . . .. ... ... ...
Limitations . . . . . . . . ... ... ......
Futurework . . . . . .. ... ... ... .. ..
Closingremarks . . . . ... ... ... .....

A SUPPLEMENTARY METHODOLOGICAL DETAILS

Al
A2 First-stage fusion operators
A.3 Instance descriptor generation
A4 Reranker prompts

Text contextualization details . . . . . .. . ...

REFERENCES

ACKNOWLEDGMENTS

viii

59
60
61
63
69
75

89
89
92
94
96

97
97
929
100
102

105

109



21

3.1

3.2

3.3

3.4

3.5

Listing of figures

Conceptual difference between ordinary composed image retrieval and instance-
level composed image retrieval. In the upper example, the query combines a
German Shepherd image with the modification “wearing a hat”, but any dog

breed wearing a hat may be considered acceptable. In the lower example, the
retrieved image must depict the exact same German Shepherd instance and

must also satisfy the modification. The red negatives illustrate the two domi-

nant failure cases in this thesis: the correct instance without the required state,

and a different instance that satisfies the modification. . . . . . .. .. . .. 20

Query structure of the instance-level composed image retrieval benchmark.
The reference image identifies the literal instance, the text specifies the desired
visual change, and a relevant target must satisfy both requirements. This is
stricter than category-level composed retrieval because a visually plausible tar-
get is still wrong if it changes the underlying instance. . . . . . . . ... ... 26

Organization of the query-local candidate pools. Each query is evaluated against

its own positives and curated hard negatives. The hard negatives are inten-
tionally close to the query instance or modification, so the evaluation tests
fine-grained ranking among confusable candidates rather than rejection of un-
relatedimages. . . . . .. ... Lo Lo 27

Example queries and positive targets from the instance-level composed retrieval
benchmark. Positives may differ in viewpoint, style, or state, but they must re-
main tied to the same literal instance and satisfy the textual modification. The
examples illustrate why the benchmark requires both visual identity preserva-
tion and modification verification. . . . . . . . .. ... ... ... ... 28

Example ILIAS auxiliary instance-retrieval sample. In this thesis, ILIAS is
used both as a diagnostic dataset and as the training source for Route A, the
ILIAS-trained dual-encoder reranker. The linear probe learns an instance-
focused visual verification signal from ILIAS while the composed retrieval
pipeline still preserves the original ICIR first-stage image and text scores. . . . 29

High-level categories used for leave-one-domain-out diagnostic experiments.
In each run, one category is excluded from training and used only for testing,
which evaluates whether a learned instance-retrieval head transfers beyond the
domains seen during training. . . . . ... ... 32

ix



4.1

4.2

4.3

4.4

Final two-route retrieval pipeline used in this thesis. Stage 1is the shared SigL.IP2
candidate-generation baseline: the query image is encoded and leave-one-instance-

out centered to produce the image score S}, while the modification text is
contextualized and encoded to produce the text score S%. Their product re-
trieves the top-100 shortlist from the query-local instance-hard-negative pool,
and both Stage 1 scores are stored for reranking. Route A is the ILIAS-trained
dual-encoder reranker: it adds an ILIAS linear-probe visual score 3‘14 and a
SigLIP1 contextualized text score S‘% Route B is the descriptor-guided RZEn
reranker: an MLLM-generated identity descriptor guides the candidate em-
bedding, producing RZEn image and text scores S? and $2. The final score in
each route is a four-factor product that preserves the Stage 1 baseline evidence
while adding one route-specific verification signal. The visual example is the
real ICIR query q_0180, an Eames lounge chair with the modification “with

brown or dark beige leather”; green borders mark positives in the local shortlist. 41

Training-free BASIC-style pipeline used as the starting point for the first-stage
experiments [1]. The benchmark pipeline improves the image and text branches
through operations such as centering, contextualization, projection, query ex-
pansion, and score calibration before fusing them. This thesis reimplements
these components and evaluates which ones remain useful when the backbone
is replaced by stronger modern embedding models. . . . . ... ...

Route A of the final pipeline. This branch reranks the Stage 1 top-100 shortlist
with an ILIAS-trained dual-encoder verifier. The candidate images are scored
with a SigLIP1 linear probe trained on ILIAS instance-retrieval supervision,
producing SIA, while the modification side uses the SigLIP1 contextualized text
score S‘% These two scores are multiplied with the stored Stage 1 scores S} and
S%, so Route A adds supervised instance-focused evidence without discarding
the original composed-retrieval baseline. . . . . ... ... .. 0L

Instance-focused instruction used for the RZEn second-stage route. The in-
struction tells the embedding model to represent each candidate image accord-
ing to the generated instance descriptor, so the candidate vector emphasizes
discriminative identity cues rather than generic scene content. The descriptor-
guided RZEn pipeline uses this instance-aware candidate representation for
both reranker comparisons; a separate modification-aware candidate prompt
was tested only asanabladon. . . . .. ... L0000



4.5

5.1

5.2

5.3

Route B of the final pipeline. This branch reranks the Stage 1 top-100 short-
list with descriptor-guided RZEn embeddings. An MLLM-generated identity
descriptor tells RZEn which literal instance should be emphasized when rep-
resenting each candidate image. The resulting candidate embedding is com-
pared with the RZEn image and text query embeddings to obtain S? and s%,
which are then multiplied with the stored Stage 1 scores Sll and S%w. This route
tests whether explicit identity guidance improves over using a second back-
bonealone. . . . .. ...

Main full-dataset first-stage ablation for the strongest SigLIP2 backbone. The
strongest first-stage recipe is the centered contextualized product, which reaches
59.64 mAP@100, 60.24 Macro-mAP@100, and 93.08 Recall@100. The fig-
ure also shows that image-only, text-only, and additive baselines are far weaker,
while projection, local query expansion, and min-score scaling do notimprove
the strongest setting. Green circles indicate active components and red crosses
indicate omitted components; + denotes additive fusion, X denotes multi-
plicative score fusion, C denotes leave-one-instance-out centering, CTX de-
notes text contextualization, Min denotes official min-score scaling, P denotes

projection, QE denotes local query expansion, and mmAP denotes Macro-mAP. 67

Qualitative improvement example for eames_lounge_chair. Candidate
images marked in green are positives and candidates marked in red are neg-
atives. The progression shows how later pipeline stages move more true pos-
itives into the visible top-10. The added ILIAS linear-probe row appears im-
mediately before the RZEn row and shows the alternative learned instance-
verification route, while the final RZEn row shows the descriptor-guided mul-
timodalroute. . . . . . . ..

Qualitative improvement example for mickey_mouse. The rows compare
the first-stage baselines, the ILIAS linear-probe reranker, and the descriptor-
guided RZEn reranker. The example shows that different second-stage routes
can change the visible top-10 in different ways: the learned probe tests whether

external instance supervision helps, while the RZEn route tests whether descriptor-

guided multimodal evidence improves exact-instance ranking. . . . . . . ..

xi

82



5.4

5.5

5.6

Qualitative good-case example for spongebob_squarepants with the mod-
ification “on a yellow t-shirt”. The six rows compare progressively stronger
first-stage and second-stage rankings: CLIP-L image retrieval, CLIP-L with
contextualized text, SigLIP2 image retrieval, SigLIP2 with contextualized text,
the descriptor-guided RZEn reranker, and the ILIAS linear-probe reranker.
This example is useful because it is not a purely monotonic success case. The
ILIAS linear-probe route places more positives in the visible top-10, while the
RZEn reranker is partly misled by the modification. Since the RZEn route
combines image-side and text-side evidence in the final product, it requires
a precise understanding of the phrase “on a yellow t-shirt”. Here the word
“yellow” can overlap with the identity of SpongeBob himself, so the modifi-
cation branch can overweight a misleading cue. The example therefore illus-
trates both the benefit of extra instance-focused evidence and the remaining
difficulty of balancing identity and modification signals. . . . . . . ... ..
Qualitative failure example for horevtis_multilingual_sign. Therows
show the SigLIP2 first-stage ranking, the ILIAS linear-probe reranker, and
the descriptor-guided RZEn reranker. The RZEn route sharply reduces aver-
age precision for this query, while the ILIAS row gives a useful comparison
point: not every second-stage verifier fails in the same way. Such cases reveal
where descriptor-guided identity evidence can overpower the balance achieved
by the first-stage product. . . . . ... oo oo
Qualitative failure example for balos_crete. The figure compares the first-
stage ranking with both second-stage routes. The ILIAS linear-probe row is in-
serted before the RZEn row to separate the behavior of alearned dual-encoder
verifier from the behavior of the descriptor-guided multimodal reranker. This
example motivates the limitations discussed in the conclusion: reranking can
improve the mean substantially while still failing on queries where the descrip-
tor or candidate representation emphasizes the wrong visual evidence.

xii

84

85



5.1

5.2

5.3

5.4

5.5

Listing of tables

Comparison of first-stage score-fusion operators on the centered SigLIP2 im-
age branch and the raw modification branch. The product is the strongest
operator in this controlled comparison, reaching 50.09 mAP@100. Additive
fusion performs much worse because it allows one branch to compensate for
the other, which is undesirable when a candidate must satisty both identity
preservation and modification satisfaction. . . . . .. ...

Portrait first-stage comparison under the query-local instance-hard-negative
protocol. Each row reports one backbone and groups its metrics into the raw
simple product, the strongest BASIC-style result, and the best overall stage-
one result. Parameter count and embedding dimension are shown under each
backbone name. The previous BASIC-style state of the art is represented by
the CLIP ViT-L/14 reference row from the ICIR paper [1], while the strongest
first-stage result in this thesis is SigLIP2 SO400M Patchl6 384 with the cen-
tered contextualized product. This reaches 59.64 mAP@100 and 60.24 Macro-
mAP@100. Solid underlines mark best values and dashed underlines mark
second-best values within comparable numeric columns. . . . . .. ... ..

Leave-one-domain-out auxiliary instance-retrieval results on frozen SigL.IP2
embeddings. Only a lightweight projection head is trained, while the back-
bone remains frozen. The large improvement from 31.39 to 73.26 Macro-
mAP@100 shows that frozen embeddings already contain substantial instance-
level information that can be extracted with a small supervised head. . . . . .

Per-domain leave-one-domain-out results for the auxiliary instance-retrieval
experiment. Each row uses one domain only for testing and trains on the re-
maining domains. The consistent positive deltas show that the probe does
not merely memorize a single domain; it transfers the instance-retrieval signal
across object types, products, landmarks, media, and other categories.

Transfer of the auxiliary SigLIP2 linear probe to the composed retrieval bench-
mark. The probe is strong for pure instance retrieval, but directly replacing
the frozen image branch reduces mAP@100 from 59.64 to 55.95. A balanced
use of the probe as an additional image-verification signal is more stable and
slightly improves the first-stage macroresule. . . . . . ... ... ... ...

xiii

64

70

71



5.6

5.7

Vertical second-stage ablation for the two first-stage backbones emphasized
in this thesis. Each block begins with the best first-stage baseline and then
adds one extra reranking source on top of the same top-100 candidate set.
The dual-encoder rows test whether a different frozen backbone provides a
useful second opinion. The ILIAS linear-probe rows test whether instance-
supervised image adaptation transfers as an additional reranking signal when
paired with the corresponding contextualized text branch. The plain RZEn
rows test whether a stronger multimodal embedding backbone helps with-
out an explicit instance-focus instruction. The descriptor-guided RZEn rows
then add the instance descriptor as a focused reranking cue. For fixed top-100
reranking, Recall@100 stays equal to the first-stage candidate recall; improve-
ments therefore reflect better ordering of already retrieved positives. . . . . .
Per-query comparison against the SigLIP2 first-stage baseline on all 1,883 bench-
mark queries. The final descriptor-guided reranker improves 1,134 queries and
worsens 487, with an average query-level gain of +6.68 percentage points in av-
erage precision at 100. This confirms that the improvement s broad across the
benchmark rather than being caused by a few isolated large wins. . . . . . . .

Xiv

76



AP
BASIC

CLIP
CIR
DINO

GPU
HN
ICIR
ILIAS

InternVL

InfoNCE
mAP
MLLM
OpenCLIP

R@100
RZEn

SigLIP
SO400M
ViT
VLM
VLM2Vec

VRAM

Acronyms

Average Precision.

Training-free baseline pipeline for instance-level composed image re-
trieval introduced in the ICIR paper.

Contrastive Language-Image Pre-training.

Composed Image Retrieval.

Self-Distillation with No Labels; used here to refer to self-supervised vi-
sual embedding backbones.

Graphics Processing Unit.

Hard Negative.

Instance-Level Composed Image Retrieval benchmark and task setting.
Auxiliary instance-level image retrieval dataset used for diagnostic and
linear-probe experiments.

Open-source multimodal vision-language model family used for
descriptor—generation experiments.

Information Noise-Contrastive Estimation.

Mean Average Precision.

Multimodal Large Language Model.

Open implementation and training framework for CLIP-style vision-
language models.

Recall at 100.

RZEnEmbed, the multimodal embedding model used for second-stage
reranking.

Sigmoid Loss for Language-Image Pre-training.

SigLIP/SigLIP2 model variant identifier used by the model authors.
Vision Transformer.

Vision-Language Model.

Vision-language embedding model family that maps multimodal inputs
to retrieval vectors.

Video Random Access Memory.

XV



xvi



Introduction

This chapter introduces the problem addressed in the thesis and explains why it is different
from standard image retrieval. The discussion starts from the broad goal of retrieving images
that match a user’s intent, then moves to composed image retrieval, where the query contains
both a reference image and a text instruction. The central focus is the stricter instance-level set-
ting, where the retrieved image must preserve the exact object, product, character, artwork, or
landmark shown in the query image while also satisfying the requested modification. The chap-
ter also explains why the selected methods were chosen, why the task is important in practice,

and how the thesis contributions address the limitations of existing approaches.

1.1 MOTIVATION AND PROBLEM SETTING

Image retrieval is one of the most direct ways in which people interact with large visual collec-
tions. A user has an intention, the system has a database, and the goal is to rank the database so
that the most relevant images appear first. In the simplest version of the problem, the query isa

text phrase such as “red shoe” or an image of an object, and the system returns visually or seman-



tically similar images. This already supports many useful applications, from web image search
to product search, visual archives, and multimedia organization. However, real user intent is

often more precise than a category label or a generic image similarity request.

In many practical situations, a user does not simply want an image of a shoe, a chair, a mon-
ument, a toy, or a character. The user may have a very specific visual instance in mind and want
to retrieve that same instance under another visible condition. A shopper may want the same
shoe model in a different color. A designer may want the same chair in a different material. A
cultural-heritage researcher may want images of the same artifact photographed under another
lighting condition. A tourist may want the same landmark at night, in snow, or from another
viewpoint. A collector may want the same toy, poster, or object in a different state. These are
not only semantic searches. They are searches in which part of the visual identity must remain

fixed while another part must change.

This kind of intent is naturally expressed by combining an image and a short piece of text.
The image communicates details that would be difhicult to describe precisely: the exact product
shape, the object proportions, the character design, the landmark structure, the artwork style,
or the distinctive arrangement of parts. The text communicates the desired change: “at night”,
“made of wood”, “as an emoji”, “in black”, “seen from the front”, or “covered in snow”. The

query is therefore not just an image query and not just a text query. It is a composed query.

The difficulty is that the system must understand what should remain stable and what should
change. Ifit follows the image too strongly, it may retrieve the same instance in the original state
rather than the requested target state. If it follows the text too strongly, it may retrieve images
that satisfy the modification but depicta differentinstance. A useful retrieval system mustkeep

both constraints active at the same time. This is the central motivation for the thesis.

The applications are broad. In electronic commerce, instance-level composed retrieval can
reduce friction in product discovery. Users often know a product visually but not by its exact
name, brand, or catalog identifier. They may also want a variant of that product. Returning a
different but visually similar product may be unacceptable because identity matters for price,
availability, compatibility, or user preference. In cultural heritage, instance preservation is even

more important: different buildings, artworks, or artifacts may share a category but have dis-
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tinct historical meaning. In personal media collections, a user may want the same person, pet,
object, or place under a changed context. In creative tools, a designer may want references that
preserve a target object but change material, style, lighting, or composition. In assistive systems,
instance-sensitive retrieval can help users locate or recognize specific objects across changing
conditions.

These examples show why the problem should not be reduced to ordinary category retrieval.
A model that returns any chair, any monument, or any character is not solving the task. It
must preserve the literal target instance. At the same time, instance preservation alone is not
enough: returning the same object without the requested modification is also wrong. The task

is therefore inherently conjunctive. A target must satisfy two conditions simultaneously.

FROM IMAGE RETRIEVAL TO COMPOSED RETRIEVAL. Modern image retrieval is usually for-
mulated as embedding search. An encoder maps an image or a text query to a vector, database
images are represented by vectors, and candidates are ranked by a similarity function such as co-
sine similarity. This formulation is attractive because it is scalable. Database embeddings can be
computed once and reused. Approximate nearest-neighbor search can make retrieval efficient
even for large collections. Most importantly, it provides a common interface for comparing

different models and different scoring rules.

Vision-language models made this interface much more powerful. Models in the CLIP fam-
ily learn image and text encoders that map both modalities into a shared embedding space [2, 3].
SigLIP and SigL.IP2 improve this family with different training objectives and stronger train-
ing recipes [4, 5]. Once images and text share a space, one can retrieve images with a text query,
retrieve similar images with an image query, or combine image and text scores. This is the foun-
dation for most of the first-stage experiments in the thesis and connects directly to the training-
free BASIC family introduced with the instance-level composed image retrieval benchmark [1].

However, a shared embedding space is not automatically aligned with every retrieval objec-
tive. These models are usually trained to match images with captions or related text. Captions
often describe broad semantic content: object category, scene type, attributes, and visible re-

lations. They may not force the model to preserve every detail that distinguishes one instance



from another. For example, two shoes of the same category may be close in the embedding
space even if they are different products. Two landmarks may be close because they share archi-
tectural features. Two cartoon characters may be close because they share a style. This is useful

for semantic retrieval but can be harmful for instance-level retrieval.

Composed image retrieval adds another layer. Instead of ranking by a single query vector, the
system receives a reference image and a textual modification. A simple approach is to compute
an image similarity score between the query image and each candidate, compute a text simi-
larity score between the modification and each candidate, and combine them. More advanced
approaches learn a composition module, rewrite the text, project embeddings, use query expan-
sion, or generate an implicit target representation. These methods have been successful in sev-
eral semantic composed retrieval settings, including early feature-composition approaches such
as TIRG and later zero-shot or training-free methods such as Pic2Word, SEARLE, CIReVL,
and FreeDom [6,7, 8, 9,10].

The thesis adopts the composed-retrieval view but keeps the score factors explicit. This is im-
portant because explicit factors make the system interpretable. When a candidate ranks highly,
one can inspect whether it was supported by the image branch, the text branch, or both. This
matters for diagnosis: many failures in instance-level composed retrieval occur because one
branch dominates the other. If the image branch dominates, the system retrieves the right in-
stance in the wrong state. If the text branch dominates, it retrieves the right state on the wrong

instance. Keeping the scores visible makes these failures measurable.

WHY INSTANCE-LEVEL COMPOSED RETRIEVAL CHANGES THE PROBLEM.  Most composed
retrieval benchmarks and methods focus primarily on semantic correctness. In such a setting,
a target may be considered correct if it belongs to the correct category and roughly satisfies the
modification. This is useful, but it leaves open a different and stricter question: can a model
retrieve the same literal instance after a modification? The instance-level composed image re-

trieval benchmark addresses this question [1].

The difference is easy to state but subtle in practice. Suppose the query image shows a spe-

cific lounge chair and the modification asks for it “in a different color”. A candidate image of

4



another lounge chair in the requested color may be semantically plausible, but itis not the same
instance. Suppose the query image shows a specific landmark and the modification asks for it
“at night”. A night image of a different monument is not relevant. Suppose the query image
shows a character and the modification asks for an emoji style. An emoji of a different charac-
ter is not a correct target. These mistakes are common because semantic similarity and instance
identity are related but not identical.

The instance-level constraint does not mean that every query is automatically harder than
semantic composed retrieval. In some cases, the identity constraint can actually simplify rejec-
tion: if a candidate clearly depicts a different instance, the system can discard it even if the mod-
ification is visible. The setting becomes especially difficult when the same-instance evidence
and modification evidence conflict, when the requested modification is subtle, or when the vi-
sual change makes the identity less obvious. Thus, instance-level composed retrieval changes
the structure of the problem. It requires explicit control over what remains fixed and what is
allowed to change.

Instance-level composed retrieval can therefore be viewed as a two-part verification problem.

For every candidate image, the system should answer:

1. Does the candidate depict the same literal instance as the query image?

2. Does the candidate visually satisfy the requested modification?

The candidate is relevant only if both answers are positive. This is the core conceptual de-
composition used throughout the thesis.

This decomposition also explains why additive fusion is often weak. If the final score is the
sum of an image score and a text score, then a candidate can compensate for a failure on one
branch with a high score on the other. A wrong instance that strongly matches the modification
can survive. A correct instance that ignores the modification can also survive. Multiplication
behaves differently. If either factor is low, the product is low. This makes multiplication a
natural operator for a task whose relevance condition is close to a logical “and”.

The experiments confirm this intuition. In the first-stage fusion comparison, the product of

image and text scores is much stronger than additive fusion. Later, the same idea is extended to



the reranker: the final score multiplies the first-stage image score, the first-stage text score, the
reranker image score, and the reranker text score. The goal is not to make the formula more
complicated, but to preserve the two verification conditions across two model families.

The instance-level setting also changes how the candidate pool should be interpreted. In
the benchmark used here, each query is evaluated against its own instance-hard-negative pool
rather than against the whole image database. This is essential. Many images in the global
database may be positives or hard negatives for other instances, and using the full database as
a generic pool can distort the evaluation. The correct protocol tests each query against the
candidates designed for that instance: positives and hard negatives that are actually confusable

for the query. Throughout the thesis, results are reported under this query-local protocol.

1.2 RESEARCH PROBLEM

The thesis asks how far frozen embedding models can be pushed on instance-level composed
image retrieval and how much can be gained by adding a second-stage reranker. This question
is deliberately practical. Training a large multimodal backbone from scratch is not realistic for
most research settings. Fine-tuning such models can also be expensive, unstable, and difficult to
compare fairly across many variants. Frozen embeddings, by contrast, can be computed once,
cached, and reused across many retrieval formulas. This makes it possible to run a broad and
controlled experimental study.

The practical question is not only which backbone is best. Itis also how the backbone should
be used. A raw embedding space may contain useful information but organize itin a way thatis
not optimal for instance-level composed retrieval. Image embeddings may include background
and dataset bias. Text embeddings may represent short modifications poorly. Similarity scores
may be poorly calibrated across branches. Some operations may help weaker models but hurt
stronger ones. The thesis therefore studies the pipeline around the embeddings, not only the
embeddings themselves.

The first research direction is first-stage retrieval. The first stage must be efficient enough

to search many candidates and strong enough to provide a high-quality top-100 shortlist. It
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should produce high recall and meaningful scores for both identity and modification. The
thesis audits several backbone families and several training-free operations, including centering,
contextualization, projection, query expansion, and score normalization. The strongest first

stage is the centered contextualized product using SigLIP2 SO400M Patch16 384.

The second research direction is reranking. Once the first stage has selected the top candi-
dates, a heavier model can be used to compare them more carefully. This is where instruction-
aware multimodal embeddings become useful. A large model such as RZEnEmbed-7B is too
expensive to use naively over every possible candidate for every query, but it is feasible as a
reranker over the top 100. The reranker can be guided with an instance descriptor so that it

focuses on the literal target identity rather than generic scene content.

The third research direction is representation analysis. If instance-level information is al-
ready present in frozen embeddings, then the problem is partly about extraction and calibra-
tion rather than learning identity from scratch. The thesis investigates this through ILIAS,
an auxiliary instance-retrieval dataset. Lightweight probes trained on top of frozen SigLIP2
embeddings provide evidence about whether the space already contains transferable identity

information.

This framing also explains why the thesis emphasizes careful evaluation over a single end-to-
end training run. A trained model may improve a benchmark, but without factor-level analysis
it can be difficult to know why. Did it learn instance identity? Did it learn the modification
language? Did it exploit a dataset bias? Did it improve recall, or only reorder candidates? By
keeping the first-stage and second-stage scores explicit, the thesis can answer these questions
more directly. Each component produces a score with an interpretable role, and each ablation

tests a specific hypothesis.

The frozen-embedding setting is also practically relevant. Many real retrieval systems already
contain precomputed embeddings for large image databases. Re-embedding the whole collec-
tion with every new experimental model can be expensive, and retraining a backbone can be
even more difficult. Methods that improve retrieval by changing centering, text contextualiza-
tion, score fusion, or reranking can often be integrated into existing systems more easily than

methods requiring full retraining. This does not make training unimportant; rather, it makes
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the frozen setting a strong and realistic starting point.

The two-stage design follows the same practical logic. A first-stage model must be fast, stable,
and reusable. A second-stage model can be slower because it is applied only to a limited short-
list. This is common in retrieval systems, but it is especially useful for instance-level composed
retrieval because the final decision often depends on subtle differences among near misses. The
thesis therefore treats the first stage as the source of recall and the reranker as a verifier that

improves precision within the candidate set.

WHY THESE METHODS WERE CHOSEN. The method choices follow from the structure of
the problem. The first stage uses frozen dual-encoder embeddings because they are efficient
and scalable. Among the tested models, SigL.IP2 SO400M Patchl6 384 provides the strongest
first-stage behavior. This model is large enough to provide high-quality visual and textual em-
beddings, but still practical enough for full-dataset embedding, caching, and repeated scoring.
It therefore provides a good balance between strength and experimental controllability.

Leave-one-instance-out image centering is used because instance-level retrieval is sensitive
to global embedding bias. A dataset center can capture common visual structure that is not
specific to the query instance. Subtracting this center can make the remaining similarity more
focused on discriminative identity cues. The leave-one-instance-out detail matters because it
avoids using images from the current instance when computing the center. This keeps the
centering operation training-free and reduces leakage risk.

Text contextualization is used because many modifications are short fragments. A phrase
such as “at night” or “as an emoji” may not look like the natural captions used to train vision-
language text encoders. Contextualization embeds the modification inside multiple neutral
sentence templates and averages the resulting text embeddings. This does not add information
about the answer; it changes the linguistic form of the query so that the text encoder receives
inputs closer to its training distribution.

The reranker uses RZEnEmbed-7B because it provides an embedding interface while allow-
ing instruction-aware multimodal conditioning. This is important for the second stage. The

reranker should not simply be another generic image-text similarity model. It should be asked



to focus on the literal target instance. To provide that focus, the pipeline generates an instance
descriptor from the query image. The descriptor is then used as an attention guide when em-
bedding each candidate image. This creates a candidate representation that is more explicitly
oriented toward the identity question.

The final score remains multiplicative. This is not a stylistic choice. It is the mathemati-
cal reflection of the task. A high final score should require support from the first-stage im-
age branch, the first-stage text branch, the descriptor-guided reranker image branch, and the
descriptor-guided reranker text branch. This makes the final method conservative: it tries to
avoid candidates that are supported by only one kind of evidence.

Several alternative directions were explored during the project and helped define the final de-
sign. Richer captions and future-state descriptions were generated with multimodal language
models, but they often introduced extra variability into the text branch. Crop-based methods
using grounding models were tested, but they were sensitive to localization errors and some-
times removed useful context. Linear probing on ILIAS strongly improved pure instance re-
trieval and later became a competitive second-stage signal when paired with a compatible text
branch. These outcomes shaped the final method: keep the strongest stable first stage, add com-
plementary verifier signals, and avoid components that make the evidence harder to interpret.

This is why the thesis is not only a search for the highest number. It is also an attempt to
identify which operations are reliable for this particular kind of retrieval. The strongest result
matters, but the negative results matter too. They show that instance-level composed retrieval
has a specific structure, and methods that ignore that structure can fail even when they are

sophisticated or computationally expensive.

1.3 CONTRIBUTIONS

The thesis makes four main contributions, which are used repeatedly as the organizing structure
of the methodology and results chapters. The strongest reported system improves the previous
BASIC state of the art for the benchmark by more than six mAP@100 points in the final full-

query protocol, showing that the gains are substantial even relative to an already strong training-
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free baseline [1].

A BROAD EXPERIMENTAL STUDY OVER EMBEDDING MODELS. The thesis audits several
families of frozen embeddings for instance-level composed image retrieval. These include dual-
encoder models such as CLIP and OpenCLIP, different CLIP baselines, SigLIP variants, and
multimodal large language model based embeddings such as RZEn, Qwen-based embeddings,
and VLM2Vec. The study is performed under the intended query-local instance-hard-negative
protocol, so the numbers reflect the actual difficulty of ranking positives against confusable can-

didates for the same query.

A COMPACT HARD-NEGATIVE VERSION OF THE AUXILIARY INSTANCE DATASET.  The project
constructs a smaller, more practical mini-ILIAS setting for the auxiliary experiments. Instead
of repeatedly using the original multi-million distractor space, the experiments retain approxi-
mately one million useful distractors selected to preserve hard-negative value. This makes the
instance-retrieval experiments cheaper to run while keeping the focus on confusable candidates
rather than easy unrelated negatives. The resulting setup supports the linear-probe training and

makes future instance-focused experiments more manageable.

AN ANALYSIS OF INSTANCE INFORMATION IN FROZEN EMBEDDINGS. The thesis investi-
gates whether instance-related information already exists in stored embeddings. Using ILIAS,
lightweight linear probes are trained on top of frozen SigLIP2 embeddings and evaluated un-
der leave-one-domain-out splits [11, 5]. The results show large improvements over the frozen
baseline, suggesting that frozen embeddings already contain instance-level structure that can
be extracted with a small adaptation. This evidence supports the broader claim that instance-
focused retrieval is feasible without learning everything from scratch, while the ICIR transfer
experiments show that the extracted instance signal must be balanced with modification evi-

dence.

TWO STRONG SECOND-STAGE RERANKING ROUTES.  The strongest first-stage system uses

SigLIP2 SO400M Patchl6 384 with leave-one-instance-out image centering and text contextu-
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alization, reaching 59.64 mAP@100 on the full benchmark. The thesis then studies two ways to
move the system’s focus toward the exact instance. The ILIAS route uses a lightweight linear
probe trained with instance-retrieval supervision and applies it as an additional second-stage
verifier. The RZEn route uses an instance descriptor and an instruction-aware multimodal
embedder [12]. The final descriptor-guided RZEn route reaches 66.42 mAP@100 and 65.65
Macro-mAP@100, while the ILIAS route is close behind and demonstrates that supervised in-

stance adaptation can also become a practical reranker.

1.4 'THESIS STRUCTURE

Chapter 2 reviews the literature most relevant to the thesis. It follows the progression from
image retrieval to instance-based retrieval, composed retrieval, and instance-level composed
retrieval. Chapter 3 introduces the benchmark, the auxiliary ILIAS dataset, the mini-ILIAS
hard-negative construction, and the evaluation metrics. Chapter 4 describes the methodology,
including the first-stage SigLIP2 pipeline, the ILIAS linear-probe route trained with hard neg-
atives, descriptor generation, and RZEn reranking. Chapter 5 reports the experimental results
and analyzes both second-stage routes, including their successful and unsuccessful cases. Chap-

ter 6 concludes with limitations and future work.
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Related Work

This chapter situates the thesis within the retrieval literature. The discussion follows the pro-
gression of the problem: general image retrieval, instance-based image retrieval, composed im-
age retrieval, and finally instance-level composed image retrieval. This order is important be-
cause the thesis combines ideas from all four areas. It uses embedding-based retrieval for scal-
ability, instance-retrieval concepts for identity preservation, composed-retrieval methods for
image-plus-text queries, and instruction-aware multimodal embeddings for reranking difficult

candidates.

2.1 IMAGE AND INSTANCE-BASED RETRIEVAL

Image retrieval asks a system to rank images according to their relevance to a query. The query
may be another image, a text description, or a combination of modalities. Classical image re-
trieval relied heavily on local features, geometric matching, and carefully designed descriptors.
Modern retrieval systems usually represent each query and each database item by a learned vec-

tor and perform nearest-neighbor search in that embedding space. This shift is central to the
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thesis because it allows the same image database to be embedded once and then reused across

many scoring rules, centering strategies, and reranking experiments.

The embedding view is powerful because it separates expensive representation extraction
from relatively cheap ranking. Given an encoder f and an image X, the system stores a vector
Z = f(x). Query-time retrieval then becomes a similarity computation between the query
vector and candidate vectors. This is the same interface used by CLIP, OpenCLIP, SigLIP,
SigLIP2, Qwen embedding models, VLM2Vec, and RZEn in this thesis [2, 3,4, 5,13, 14, 15, 12].
The common interface makes it possible to ask a controlled question: if the candidate pool and
evaluation protocol are fixed, how much does the retrieval result change when the embedding

model or score formula changes?

Vision-language pretraining made embedding retrieval much more flexible. CLIP trains an
image encoder and a text encoder with a contrastive objective so that matched image-caption
pairs are close and mismatched pairs are separated [2]. OpenCLIP showed that this recipe can
be reproduced and scaled with open training data [3]. SigLIP changes the training loss from
a batch-softmax contrastive loss to a pairwise sigmoid loss, while preserving the same practical
retrieval interface [4]. SigLIP2 further improves the representation quality, semantic under-
standing, multilingual coverage, localization, and dense-feature behavior of the SigLIP family
[5]. These models are natural first-stage candidates because database images and modification

text can be embedded independently and compared by dot product.

The strength of such models is also their limitation. Caption-supervised image-text align-
ment usually emphasizes semantic compatibility: objects, attributes, actions, scenes, and rela-
tions that are likely to be written in captions. Exact instance identity is only indirectly super-
vised. Two visually similar products, two landmarks with related architecture, or two cartoon
characters from the same visual style may be close in the embedding space even when they are
not the same literal instance. This tension is not a flaw of CLIP-like models; it follows from
what they are trained to do. For the present thesis, it means that the embedding geometry must

be audited carefully rather than assumed to match the benchmark perfectly.

Image-only encoders provide a useful contrast. Self-supervised visual models such as DI-

NOv2 and DINOV3 can preserve strong visual structure without relying on language super-
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vision [16, 17]. They are relevant to instance retrieval because local shape, texture, and visual
correspondences can matter more than caption-level semantics. However, they do not provide
a text encoder in a shared space, so they cannot directly solve image-plus-modification retrieval.
In this thesis they are mainly part of the broader backbone audit and the hard-negative mining

process for the auxiliary dataset.

The retrieval literature therefore motivates two design decisions. First, the thesis uses frozen
embeddings and cached score factors whenever possible, because this makes broad comparison
feasible. Second, it avoids treating a single embedding score as fully explanatory. A high image-
image similarity and a high text-image similarity mean different things. The method keeps these
sources of evidence separate so that the later analysis can identify whether failures come from

identity matching, modification matching, or fusion.

INSTANCE-BASED IMAGE RETRIEVAL. Instance-based image retrieval is stricter than seman-
tic retrieval. The objective is not to find any image from the same category, but images depict-
ing the same particular object, product, artwork, landmark, character, or other recurring visual
identity. This changes what should be invariant. For semantic retrieval, a representation may
intentionally ignore small details so that all chairs, shoes, or monuments of a type are close
together. For instance retrieval, some of those small details are the identity signal itself.

The difhiculty of instance retrieval is the balance between robustness and specificity. The rep-
resentation should tolerate viewpoint, illumination, scale, occlusion, background, and partial
visibility, but it should not discard the details that distinguish one instance from another. For
a product, these details may be shape, stitching, brand placement, part configuration, or mate-
rial. For a landmark, they may be facade layout, geometry, and spatial context. For an artwork,
sign, or character, they may be marks, colors, line structure, or distinctive design patterns. A
representation that is too semantic will collapse these details; a representation that is too literal

will fail under natural visual changes.

ILIAS is the most relevant instance-retrieval reference for this thesis [11]. It is designed to
evaluate instance-level image retrieval at scale across diverse domains, with query images, pos-

itives, text queries, and a very large distractor space. The ILIAS paper is important here for

15



two reasons. First, it emphasizes that foundation embeddings can contain instance-level in-
formation even when they are not trained exclusively for instance retrieval. Second, it reports
that lightweight adaptation layers can improve vision-language embeddings for instance-level
recognition. These observations directly motivated the auxiliary linear-probe experiments in
this thesis.

The connection to the present work is conceptual rather than dataset-identical. ILIAS iso-
lates the identity subproblem: retrieve the same instance. The main benchmark in this thesis
adds a modification constraint: retrieve the same instance after a requested change. Therefore,
ILIAS cannot replace instance-level composed retrieval, but it can test whether the identity
information needed by composed retrieval is already present in frozen embeddings. The leave-
one-domain-out probe experiments in Chapter 5 use exactly this diagnostic role.

This connection also clarifies why the thesis studies both training-based and prompting-
based routes for identity. There are two plausible ways to encourage a system to preserve the
instance. The first is to train a small adaptation, such as a linear probe, using instance-level su-
pervision. The second is to use a multimodal embedding model and prompt it to focus on the
literal instance described by a query-specific descriptor. The final thesis contains both routes:
an ILIAS-trained linear-probe reranker and a descriptor-guided RZEn reranker. They are dif-
ferent implementations of the same high-level goal: make the second stage more identity-aware

than a generic embedding comparison.

2.2 COMPOSED AND INSTANCE-LEVEL COMPOSED IMAGE RE-

TRIEVAL

Composed image retrieval studies queries made of a reference image and a textual modification.
The reference image provides the visual anchor and the text describes the desired change. This
formulation is useful because many real searches are not well expressed by text alone or image
alone. A user may want “this product but in black”, “this room with a different chair”, or “this
landmark at night”. The problem is to combine the preserved information from the reference

image with the changed information from the text.
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The task was formalized in early neural retrieval work such as TIRG, which studied how
to compose image and text features so that the composed query lives in the target-image em-
bedding space [6]. This line of work made clear that composition is not simply concatenation.
The text should modify the visual representation while preserving the parts of the image that re-
main relevant. Later supervised methods explored attention, transformers, autoencoding, and

metric-learning objectives for the same goal.

Several datasets shaped the field. FashionIQ introduced natural-language feedback for fash-
ion retrieval and became a standard benchmark for attribute-level and product-oriented com-
posed retrieval [18]. Its strength is realistic language feedback in a focused commercial domain,
but its domain specificity limits how much it tests open-world visual reasoning. CIRR moved
the task to real-life open-domain images with human-generated modification sentences and in-
troduced subset evaluation to reduce false-negative issues among visually similar images [19].
CIRCO, introduced together with SEARLE, further addressed false negatives by using mul-
tiple valid targets per query in an open-domain setting based on common objects [8]. These
datasets collectively show why composed retrieval is challenging: a single reference image can

be modified in multiple plausible ways, and a single text instruction may match several targets.

The method landscape is correspondingly broad. Pic2Word maps a reference image into
a pseudo-word token so that composed retrieval can be performed through the text encoder
[7]. SEARLE uses textual inversion for zero-shot composed retrieval and introduced CIRCO
as a benchmark with multiple ground truths [8]. CompoDiff uses latent diffusion to model
composed queries and synthetic triplets at scale [20]. CIReVL uses a training-free vision-by-
language strategy that recombines vision-language models and language models [9]. FreeDom
studies training-free domain conversion for composed retrieval [10]. The original ICIR paper
also compares methods such as WeiCom, Pic2Word, CompoDift, CIReVL, SEARLE, Magi-
cLens, CoVR-2, FreeDom, and BASIC under its evaluation setting [1].

These methods differ in how they represent the composed query. Some learn a direct image-
text composition module. Some convert the image into language-like tokens. Some generate or
rewrite text. Some use diffusion or target-image synthesis. Some remain training—free and com-

bine separately estimated image and text scores. The thesis is closest to the last family, especially
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BASIC, because it keeps score factors explicit and interpretable. This choice is deliberate: when
a candidate fails, it matters whether the failure came from the identity branch, the modification

branch, or the fusion rule.

Composed retrieval is not only a modeling problem but also an evaluation problem. In se-
mantic composed retrieval, a candidate may be acceptable if it belongs to the right category
and satisfies the modification. In instance-level composed retrieval, a candidate must also be
the same literal instance. However, it would be too strong to say that the instance-level set-
ting is always harder in every scenario. Sometimes the exact-instance constraint can help reject
otherwise plausible semantic matches: if a candidate clearly depicts a different object, it can
be discarded even if the modification is visible. The difficulty increases when the system must
preserve identity under changes that make the instance less visually obvious, or when the mod-
ification is subtle and hard to verify. Thus, the instance-level setting changes the nature of the

problem rather than simply making every query uniformly harder.

INSTANCE-LEVEL COMPOSED IMAGE RETRIEVAL. Instance-level composed image retrieval
combines the two constraints studied separately above. The query consists of an image and
a modification, and a target is relevant only if it depicts the same literal instance and satisfies
the requested change. The ICIR benchmark formalizes this setting and introduces a compact
but difficult evaluation protocol with positives and semi-automatically selected hard negatives
for each query [1]. Its design is especially relevant to this thesis because the negatives are not
arbitrary unrelated images. They are selected to be confusable with respect to instance identity,
modification satisfaction, or both.

The original ICIR paper introduces BASIC as a strong training-free baseline [1]. BASIC sep-
arately estimates query-image-to-candidate-image similarity and query-text-to-candidate-image
similarity, improves each branch with simple operations, and then fuses them so that candidates
satisfying both branches are upweighted. This branch-wise philosophy is the starting point of
the present methodology. The thesis reimplements and audits this family of operations with

stronger backbones, especially SigL.IP2 SO400M Patchl6 384.

The most important difference from many earlier composed retrieval benchmarks is the
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query-local hard-negative protocol. Each query is evaluated against its own positives and cu-
rated hard negatives. This is not merely an implementation detail. In instance-level composed
retrieval, an image can be a positive for one query group and a hard negative for another. Treat-
ing the full database as a generic candidate pool can distort the task by mixing unrelated neg-
atives with query-specific near misses. The thesis therefore follows the intended instance-HN
protocol throughout the main ICIR results.

The ICIR paper reports BASIC as the previous state of the art for this setting. The present
thesis uses that result as the reference pointand improves it with stronger backbones and rerank-
ing. The strongest first stage replaces the original backbone with SigLIP2 SO400M Patch16 384
and keeps only the components that remain useful in that stronger embedding space: leave-one-
instance-outimage centering and text contextualization. The final second stage then adds either
an ILIAS-trained linear-probe verifier or a descriptor-guided RZEn verifier. Both outperform
the strong first-stage baseline, and the descriptor-guided RZEn route gives the strongest result
reported here.

This progression is important. The thesis does not claim that all earlier methods fail because
they are weak. Rather, it shows that the instance-level setting rewards a particular structure:
preserve a strong and explicit image branch, preserve a strong and explicit modification branch,
then add a second verifier without collapsing the two pieces of evidence. This explains why
a simple four-factor product can outperform more complex branches that add generated cap-

tions, extra difference variables, or crop-based signals.
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Composed Image Retrieval
(Different instance is acceptable)

Query (Composition) Top Retrieved Results (Different breeds with a hat are acceptable)

2l

Poodle

o

Object: German Shepherd Golden Retriever Labrador Retriever

Modification: Wearing a hat o Q

The system retrieves images that satisfy the composition (German Shepherd + wearing a hat), but the dog instance can be different.

Instance-level Composed Image Retrieval
(Exact same instance is required)

Query (Composition) (

Top Retrieved Results (Must be the exact same dog instance with a hat)

Object: German Shepherd

Modification: Wearing a hat Same German Shepherd Same dog, Similar dog Different dog Similar dog

| (Exact match) no hat with hat with hat with hat

The system retrieves only the exact same German Shepherd instance with the specified modification (wearing a hat).

Figure 2.1: Conceptual difference between ordinary composed image retrieval and instance-level composed image re-
trieval. In the upper example, the query combines a German Shepherd image with the modification “wearing a hat”, but
any dog breed wearing a hat may be considered acceptable. In the lower example, the retrieved image must depict the
exact same German Shepherd instance and must also satisfy the modification. The red negatives illustrate the two domi-
nant failure cases in this thesis: the correct instance without the required state, and a different instance that satisfies the

modification.
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2.3 MULTIMODAL LARGE LANGUAGE MODEL BASED EMBED-

DINGS

Multimodal large language model based embeddings provide a different interface from classi-
cal dual encoders. Instead of embedding an image and a caption with fixed modality-specific
towers, models such as RZEn, Qwen multimodal embeddings, and VLM2Vec can embed im-
ages, text, or multimodal inputs while taking instructions into account [12, 13, 14, 15]. They
are more expensive than CLIP/SigLIP-style models, but they can be useful as rerankers because

the candidate set is small after the first stage.

This instruction interface is attractive for instance-level composed retrieval. The remaining
errors after a strong first stage are often fine-grained: a candidate may show the right modifica-
tion on the wrong instance, the right instance without the modification, or a visually similar
near duplicate. A generic embedding may not know which part of the image should be treated
as the stable identity. An instruction-aware embedder can be given a descriptor and asked to

represent the candidate with respect to that descriptor.

The thesis uses this capability in two ways. First, open-source multimodal language models
such as Qwen and InternVL are used to generate instance descriptors from query images. The
modification is used only to identify the relevant instance in the query image, not to leak the
desired target state. Second, RZEnEmbed-7B uses the descriptor as an attention guide when
embedding each shortlisted candidate. The result is still an embedding-based reranker: the
model outputs vectors, and final ranking is computed by dot products and multiplication. It

is not a generative answer system.

This distinction is important for cost and reproducibility. Autoregressive generation de-
pends on decoding settings and can be slow for long outputs. Reranking by embeddings is
a bounded forward-pass computation. Once candidate embeddings are computed, the final
score is deterministic. The thesis therefore uses multimodal large language model based em-
beddings where they are most useful: not as a full database search engine, but as a focused

verifier over the top-100 candidates returned by SigLIP2.
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2.4 POSITION OF THIS THESIS

The related work leaves a clear methodological gap. Image retrieval provides scalable embed-
ding search, but not composed intent. Instance retrieval provides exact identity matching,
but usually not text-conditioned modification. Composed retrieval provides image-plus-text
search, but much of the literature evaluates semantic correctness rather than strict instance
preservation. Instance-level composed image retrieval requires all three ideas at once.

The thesis addresses this gap with a two-stage, factorized design. The first stage uses a strong
frozen SigLIP2 dual encoder with leave-one-instance-out image centering and text contextu-
alization. The second stage adds a verifier: either a trained instance-aware linear probe or an
instruction-aware multimodal embedder guided by an instance descriptor. The final score re-
mains multiplicative so that a candidate must be supported by identity evidence and modifica-
tion evidence from both stages.

The empirical message is that the previous BASIC state of the art can be substantially im-
proved when the backbone and reranking design are adapted to the instance-level setting. The
result is not only a higher number; it is evidence that exact-instance information already exists
in modern embeddings and can be strengthened in two complementary ways: by training a
lightweight instance-focused probe, or by prompting a multimodal embedding model to focus

on the instance during reranking.

22



Background and Problem Setting

This chapter defines the task, datasets, and evaluation protocol used throughout the thesis. It
explains why instance-level composed image retrieval must be evaluated differently from or-
dinary semantic retrieval: each query has its own relevant positives and carefully selected hard
negatives, and the model is judged on whether it preserves the exact instance while satisfying the
modification. The chapter also introduces ILIAS as an auxiliary diagnostic dataset and defines

the retrieval metrics used in the experiments.

3.1 INSTANCE-LEVEL COMPOSED IMAGE RETRIEVAL

The task studied in this thesis is instance-level composed image retrieval. A query is composed
of a reference image and a textual modification. The desired target is not merely an image
from the same semantic category, but an image that depicts the same literal instance after the
requested change. For example, the correct target may be the same landmark at night, the same
character in a different style, or the same product under a different condition.

This creates a stricter relevance definition than standard semantic composed image retrieval.
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In semantic composed retrieval, a candidate can often be considered acceptable if it matches the
category and roughly follows the modification. In instance-level composed retrieval, this is not
enough. A candidate that correctly satisfies the modification but depicts a different instance
is a false positive. Conversely, a candidate that depicts the correct instance but does not show
the requested state is also a false positive. This does not mean that every individual query is
always more difficult than semantic composed retrieval: when the candidate is clearly a different
instance, the identity constraint can help reject it. The difficulty comes from candidates that

are plausible under one condition but fail the other.

The distinction is subtle but important. A semantic retrieval system can succeed by learning
that two images share a broad concept. An instance-level system must also learn which details
are stable identifiers of the specific instance. These details vary by domain. For a product, they
may include shape, logo placement, material, or design pattern. For a landmark, they may in-
clude architectural structure and spatial configuration. For a character, they may include face
shape, costume, colors, or distinctive visual marks. The benchmark is difficult because these
cues can be partially hidden, altered by viewpoint, or mixed with irrelevant background con-

tent.

The textual modification adds a second source of uncertainty. Some modifications describe
a simple attribute such as color. Others describe context, action, style, time of day, viewpoint,
or a state that affects only part of the image. The model must therefore avoid two opposite
simplifications: treating the modification as the whole query, or ignoring it and retrieving only
the same instance. Instance-level composed retrieval is precisely the regime where both simpli-

fications fail.

This structure also motivates reporting Macro-mAP in addition to standard mAP. ICIR in-
stances do not all contribute the same number of query images, modifications, and positives. If
evaluation only averages over all queries, performance on an instance with many modifications
can dominate the final number. Macro-mAP gives each instance group equal weight after first
averaging within that group, which makes it easier to see whether a method improves instance-

level retrieval broadly rather than only on over-represented identities.
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The relevance condition can therefore be written as
rel(q,d) =1 <= [same_instance(xq,d) A satisfies(d, t;)], (3.1)

where @ = (Xq, tq) is the composed query and d is a candidate image. Thislogical conjunction
motivates the multiplicative score formulations used throughout the thesis.

The formula is intentionally written as a logical condition rather than as a neural-network
architecture. It states the problem independently of any particular model. A dual encoder, an
instruction-aware multimodal embedder, or a learned reranker may all produce different sim-
ilarity values, but the relevance condition remains the same. This is why the thesis repeatedly
returns to the same decomposition: identity preservation and modification satisfaction are not

implementation details, they are the two parts of the task definition.

3.2 INSTANCE-LEVEL COMPOSED IMAGE RETRIEVAL BENCH-

MARK

ICIR is the main benchmark of this thesis [1]. It was designed specifically to evaluate whether
retrieval systems can preserve literal instance identity while applying a textual modification. Fig-
ure 3.1 illustrates the core dynamic of the dataset: the query image supplies the instance, the
text supplies the requested change, and the target must satisfy both. The benchmark is com-
pact, but it is not easy: the candidate pools are built from positives and carefully crafted hard
negatives, so the system is evaluated on near misses rather than on a large set of unrelated dis-
tractors.

The full ICIR benchmark used here contains 1,883 queries grouped around 202 instance
identities. Each instance may have several query images, several textual modifications, multiple
relevant positives, and a curated set of hard negatives. The benchmark is therefore not a flat
image retrieval collection in which every unrelated image can be treated as a useful negative. Its
difficulty comes from the fact that the negative pool is intentionally composed of near misses.

Some negatives resemble the query image but do not show the requested modification. Others
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Figure 3.1: Query structure of the instance-level composed image retrieval benchmark. The reference image identifies
the literal instance, the text specifies the desired visual change, and a relevant target must satisfy both requirements.
This is stricter than category-level composed retrieval because a visually plausible target is still wrong if it changes the
underlying instance.

satisfy the modification but depict a different instance. Others are visually or semantically close
to the target category and test whether the model can avoid broad semantic shortcuts. This
design makes the benchmark a direct test of the two conditions used throughout the thesis:

same-instance evidence and modification evidence.

The grouping by instance identity matters for both evaluation and interpretation. Some
identities have more queries or modifications than others. Some instances are visually distinc-
tive and therefore easier. Others are confusable because they belong to categories with many
visually similar examples. If a method performs well only on a few frequent or easy identities,
a global query average may hide this imbalance. For this reason, the thesis reports both query-

level mean average precision and macro mean average precision over instance groups.

QUERY-LOCAL INSTANCE-HARD-NEGATIVE PROTOCOL.  All ICIR experiments in this the-
sis use the intended query-local instance-hard-negative protocol. For a query ¢, the candidate
setis

Cq = PgUHq, (3.2)
q q q
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Figure 3.2: Organization of the query-local candidate pools. Each query is evaluated against its own positives and curated
hard negatives. The hard negatives are intentionally close to the query instance or modification, so the evaluation tests
fine-grained ranking among confusable candidates rather than rejection of unrelated images.

where Py is the set of relevant positives and H 4 is the curated hard-negative set associated with
the query.

This protocol is important enough to state explicitly. Some images can be positives for one
instance and hard negatives for another. Using the whole dataset as the candidate pool would
mix together unrelated distractors, confusable near misses, and positives from other query con-
texts. That changes the benchmark. The thesis therefore does not evaluate ICIR by searching
the whole image database for every query. Instead, each query is ranked inside its correspond-
ing instance-HN pool.

This choice also makes the results more meaningful. If the whole database were used as the
candidate pool, many retrieved negatives would be unrelated to the query and therefore easy
to reject. A method could obtain a misleadingly strong number by separating categories rather
than by solving the intended fine-grained problem. The query-local protocol keeps the focus
on the hard part: deciding which candidates inside a deliberately confusable pool satisty both

the identity and modification constraints.

WHY THE BENCHMARK IS DIFFICULT. ICIR is difficult for several reasons. First, the same-
instance constraint requires preserving small visual details that generic image-text embeddings
may not emphasize. Second, the modification can describe a state, style, context, time, ma-
terial, action, or viewpoint, so the text branch must remain sensitive to short and sometimes
underspecified phrases. Third, database images are not always clean product-style shots. Many

images are cluttered, partially occluded, or contain multiple potentially relevant objects. In
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Figure 3.3: Example queries and positive targets from the instance-level composed retrieval benchmark. Positives may
differ in viewpoint, style, or state, but they must remain tied to the same literal instance and satisfy the textual modifica-
tion. The examples illustrate why the benchmark requires both visual identity preservation and modification verification.

such cases, the retrieval model must implicitly decide which object is the instance of interest

and which surrounding details are incidental.

These properties explain why simple semantic matching is insufficient. A model must si-
multaneously recognize the instance, ignore irrelevant background variation, and verify the

requested change.

The benchmark also exposes calibration failures between image and text. A model may pro-
duce a very high image similarity for the exact query instance, even when the modification is not
visible. Another model may produce a high text similarity for the requested modification, even
when the instance is wrong. The final ranking depends on how these two types of evidence
are balanced. This is why the thesis studies fusion operators and score normalization explicitly,

rather than treating the similarity scores as directly comparable by default.
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Figure 3.4: Example ILIAS auxiliary instance-retrieval sample. In this thesis, ILIAS is used both as a diagnostic dataset and
as the training source for Route A, the ILIAS-trained dual-encoder reranker. The linear probe learns an instance-focused
visual verification signal from ILIAS while the composed retrieval pipeline still preserves the original ICIR first-stage
image and text scores.

3.3 AUXILIARY INSTANCE RETRIEVAL DATASET

ILIAS is used in this thesis for a different purpose [11]. It is not the final target benchmark,
but an auxiliary supervised diagnostic dataset for studying whether instance-level information
is already present in frozen embeddings. ILIAS contains instance-centered image retrieval su-
pervision across high-level domains such as art, fashion, household objects, landmarks, media,
products, technology, and toys. In contrast to ICIR, the auxiliary ILIAS experiments focus on
the first part of the ICIR decomposition: recognizing the same instance. They do not require
applying a textual modification to reach a changed target state. This makes ILIAS useful as a
cleaner probe of instance identity.

The central question is:

If a strong frozen embedding already contains instance identity information, can
a small head extract that information even when tested on held-out domains?

This question is deliberately separated from the final composed retrieval objective. If the
answer were negative, then the final method would likely need heavy supervised training to

learn instance identity. If the answer is positive, then the problem becomes more interesting:
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the information exists, but the system must expose it and combine it correctly with text. The

ILIAS results later support the second interpretation.

Figure 3.5 shows the high-level categories used in ILIAS. These categories make it possible
to run leave-one-domain-out experiments: train on several domains and test on a completely

excluded one.

AUXILIARY HARD-NEGATIVE CONSTRUCTION.  The original ILIAS setting contains a very
large distractor space. For the experiments in this thesis, this was reduced to a more ICIR-like
query-local hard-negative structure. Instead of repeatedly using a very large pool of roughly
five million distractors, a smaller but more relevant mini-ILIAS setting was constructed with
approximately one million related distractors. The goal was not to make the task easier, but to

make the negatives more informative and computationally manageable.

The reduction was guided by strong frozen visual and multimodal similarities. CLIP/SigLIP-
style embeddings and DINOv3 visual embeddings were used to identify distractors that were
close to the query or positives under different notions of similarity [2, 4, 5,17]. This produced
dedicated hard-negative pools for each query group. Negatives that were retrieved near the top
by both visual and multimodal models were treated as especially hard, because they were likely

to share either visual appearance, semantic category, or both.

This construction mirrors the ICIR philosophy: the most useful negatives are not arbitrary
unrelated images, but candidates that are plausible enough to test whether the representation
really preserves instance identity. Operationally, for each query group I used the available posi-
tive images and searched the mini-ILIAS distractor pool with several frozen embedding spaces.
Distractors that appeared high in the rankings of both visual and image-text models were re-
tained as hard negatives. The hardest buckets were those retrieved very near the top by multiple
models, because such images were likely to be visually or semantically close while still not being
the true instance. This produces an ICIR-like local pool: each query is evaluated against posi-
tives plus carefully selected near misses, rather than against a mostly easy collection of unrelated

images.
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ROLE OF THE AUXILIARY DATASET IN THE THESIS. The ILIAS branch has two roles in the
thesis. First, it is diagnostic: it tests whether the first subproblem, same-instance recognition,
is already encoded in frozen SigLIP2 SO400M Patch16 384 embeddings. A lightweight linear
probe is trained on top of frozen embeddings. In the strongest evaluation, one high-level ILIAS
category is left out entirely during training and used only for testing. This creates an out-of-
domain setting: the probe must transfer the notion of instance identity to categories it did not
see during training.

If such a probe succeeds, it indicates that the frozen embedding already contains extractable
instance-level structure. The important distinction is that ILIAS tests exact-instance recogni-
tion directly, while ICIR asks for the same instance under a requested change. Therefore IL-
IAS is not a replacement benchmark for ICIR, but it is a supporting source of supervision for
the identity-preservation half of the ICIR task. The methodological details and results of this
branch are discussed later, where they are used to support the claim that strong frozen embed-
dings already contain usable instance information.

The transfer experiment back to the composed retrieval benchmark is also important. A
probe thatimproves pure instance retrieval can still hurt composed retrieval if it changes the im-
age space without a matching text-side adaptation. Direct replacement is therefore not the final
use of ILIAS. Instead, the thesis also uses the trained probe as a second-stage verifier: the orig-
inal composed SigLIP2 image and text scores remain active, and the probe contributes an ad-
ditional instance-focused image score paired with a compatible contextualized text score from
a second backbone. In this role, ILIAS is not only diagnostic. It provides a practical reranking
route that competes with the descriptor-guided multimodal reranker while remaining much

cheaper computationally.
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Figure 3.5: High-level categories used for leave-one-domain-out diagnostic experiments. In each run, one category is
excluded from training and used only for testing, which evaluates whether a learned instance-retrieval head transfers
beyond the domains seen during training.
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3.4 EMBEDDING RETRIEVAL AND COSINE SIMILARITY

The thesis operates primarily in an embedding-retrieval regime. An encoder maps an image or

text input to a vector:

z=f(x) e RY. (3.3)
Embeddings are Ly-normalized:
yo 2 (3.4)
12]]2 '

so cosine similarity reduces to a dot product:

sim(xi,xj) = ff;réj (35)

This geometry is efficient and matches the retrieval interface of CLIP, SigLIP, Qwen em-
bedding models, VLM2Vec, and RZEn (2, 4, 13, 14, 15, 12]. It also makes it possible to cache
database embeddings and run large sweeps over score formulas without recomputing the image

encoder each time.

Caching is a major practical reason for using embedding retrieval in this thesis. Once the
database side has been embedded, many experiments become score-level experiments rather
than model-inference experiments. This makes it possible to compare backbones, fusion rules,
centering variants, contextualization variants, and reranking formulas in a controlled way. It

also reduces the risk of accidentally changing the image encoder while evaluating a scoring idea.

3.5 CONTRASTIVEMULTIMODAL REPRESENTATION LEARNING

Most first-stage models in this thesis are dual encoders. They contain an image encoder f7 and

a text encoder f:

z{ = fi(xy), 2] = fr(t;). (3.6)
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After normalization, image-text similarity is

sij = ()" (Z))- (3.7)

CLIP learns this shared space with a symmetric contrastive loss over matched image-text
pairs [2]. SigLIP replaces the batch-softmax objective with a pairwise sigmoid loss [4]. SigLIP2
keeps the same general dual-encoder retrieval interface while improving the training recipe and
supervision [5]. These models are attractive for first-stage retrieval because candidate images

can be embedded once and queried efficiently.

For a batch of N matched image-text pairs, a CLIP-style loss forms an N' x N similarity
matrix and applies a cross-entropy objective in both directions. If Sjj is the similarity between

image I and text j, the image-to-text loss is

N

1 exp(s;i/T)
Li,r= N -

i=1 Zfil eXp(sij/T)’ (3.8)

with an analogous text-to-image term. The temperature T controls how sharply the model sep-
arates positives from in-batch negatives. SigLIP keeps the same retrieval interface but replaces
the softmax normalization over the batch with independent sigmoid pair classification. This
makes the training objective less dependent on the exact global batch normalization while still

learning an image-text similarity space.

The auxiliary linear-probe experiments use related retrieval losses on top of frozen embed-
dings. In the pairwise sigmoid objective, an anchor-positive pair is assigned label 1 and anchor-
negative pairs are assigned label 0. In local InfoNCE, each anchor sees one positive and several

sampled hard negatives, and the positive is the correct class within that local set:

exp(s(a,p)/7) |
exp(s(a. p)/T) + Y1, exp(s(a. m) /)

Linfonce = —1og (3.9)

In the multi-negative margin objective, each sampled negative is penalized if it is too close to
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the anchor:
K

1
Emargin = I? Z maX(O, m— S(d, p) + s(a, nk))‘ (3-10)
k=1

These losses are useful for ILIAS because the dataset is naturally local and instance-based: a
query should be close to its positives and separated from hard negatives that may share category

or visual appcarance.

For instance-level composed retrieval, the advantage of dual encoders is also their limitation.
They provide a single vector for an image and a single vector for a text. This is efficient, but
it compresses many kinds of evidence into one representation. Fine-grained identity, scene
context, object category, style, and modification state may all contribute to the same similarity
score. The methodology chapter therefore introduces operations that try to separate or rebal-

ance these factors without retraining the backbone.

The thesis also considers image-only encoders as diagnostic tools. DINOv2 and DINOv3
are self-supervised visual representation models that do not rely on paired image-text captions
[16,17]. They can be strong for visual similarity and hard-negative mining because their fea-
tures often preserve local visual structure. However, without a matched text encoder they can-
not directly evaluate whether an ICIR candidate satisfies a textual modification. In this thesis,
DINO-style embeddings are therefore useful for constructing and analyzing hard negatives,
while the final composed retrieval pipeline relies on models that can score both image and text

evidence.

3.6 EVALUATION METRICS

AVERAGE PRECISION AND MEAN AVERAGE PRECISION.  Let IT4(K) be the candidate ranked
at position K for query @, and let ry(k) = 1 if the candidate is relevant and O otherwise.

Precision at rank K is

1.
Py(k) =+ > rqli). (3.11)
i=1



Average Precision at 100 is

100
1

> Po(k)rq(k). (3.12)
k=1

AP,@100 = ——
! Pal £=

The denominator is the number of all positives for the query, not only the positives retrieved

in the top 100. Mean Average Precision is

mAP@100 = — > AP,@100. (3.13)

1
QI =2
Average precision is particularly useful because it rewards both retrieving positives and rank-
ing them early. In this benchmark, many queries have multiple positives. A method that re-
trieves one positive at rank 1 but misses the rest is different from a method that retrieves several

positives throughout the top 100. Average precision captures this ranked structure better than

a single binary success measure.

REcALL AT ONE HUNDRED. Recall at 100 is

100
Recall ;0100 = L > rq(k). (3.14)
Pal =

Dataset-level Recall@100 is the mean over queries.

Recall@100 has a different interpretation from mean average precision. In the two-stage
pipeline, the first stage determines which candidates are available to the reranker. A second-
stage reranker that only reorders the top 100 cannot improve Recall@100 unless the candidate
union is enlarged. It can, however, improve mAP@100 by moving positives higher within the
same candidate set. This distinction is important when interpreting the RZEn reranking re-

sults.

MACRO MEAN AVERAGE PRECISION. Macro-mAP is important for ICIR because instances

have different numbers of query images and modifications. If one instance contributes many
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easy queries, global mAP can be skewed toward that instance. Macro-mAP first averages within

each instance group and then AVErages across instances:

Macro-mAP@100 = Z ZAP @100. (3.15)
|g| geg qeg

This metric checks whether improvements are broadly distributed across instance identities
rather than concentrated in a few easier groups.

The thesis reports Macro-mAP because the benchmark contains multiple modifications per
instance and the number of queries per instance is not perfectly uniform. If a method improves
mostly on identities with many queries, the global mean can overstate how broadly useful the
method is. Macro-mAP is a stricter companion metric: it asks whether each instance group ben-
efits on average. The final method improves both the global and macro means, which strength-

ens the interpretation of the result.
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Methodology

This thesis treats instance-level composed image retrieval as the conjunction of two subprob-
lems:
1. instance verification: does the candidate image depict the same literal instance as the
query image?
2. modification verification: does the candidate image visually satisfy the textual modifica-
tion?

The tull pipeline is designed around this decomposition. The first stage uses a frozen dual
encoder to retrieve and score candidates efficiently, following the scalable embedding-retrieval
interface established by CLIP-style and SigLIP-style models [2, 3, 4, 5]. The second stage then
verifies the shortlisted candidates with an additional source of evidence. In the final experi-
ments this second source takes two forms: an ILIAS-trained linear-probe dual-encoder route
and a descriptor-guided RZEn multimodal route [11, 12]. Both routes reuse the same first-stage
shortlist and the same first-stage image and text scores. In both cases, the final score is multi-
plicative because the task behaves like a logical “and”: a candidate should score highly only

when the identity evidence and the modification evidence are both strong.

39



Figure 4.1 summarizes the main two-stage design in the visual style of the BASIC pipeline.
The query image and modification first pass through a SigLIP2 stage that computes a centered
image score and a contextualized text score inside the query-local instance-HN pool. The top-
100 candidates and the two stored first-stage scores are then passed to a second-stage verifier.
In the dual-encoder route, the verifier contributes an additional image score from an ILIAS-
trained probe and a contextualized text score from the corresponding frozen backbone. In
the RZEn route, an instance descriptor is generated for the query, RZEn uses this descriptor
to produce descriptor-guided candidate embeddings, and the final ranking multiplies the two
first-stage scores with the two RZEn scores.

Figure 4.2 shows the BASIC-style retrieval pipeline that motivates the first-stage experiments.
In this thesis, the same family of components is implemented and audited, but the strongest

final first-stage recipe is simpler than the full BASIC stack.
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Instance-level composed retrieval pipeline

Stage 1: SigLIP2 candidate generation
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Figure 4.1: Final two-route retrieval pipeline used in this thesis. Stage 1 is the shared SigLIP2 candidate-generation
baseline: the query image is encoded and leave-one-instance-out centered to produce the image score SI1 ,while the
modification text is contextualized and encoded to produce the text score S%« Their product retrieves the top-100 short-
list from the query-local instance-hard-negative pool, and both Stage 1 scores are stored for reranking. Route A is the
ILIAS-trained dual-encoder reranker: it adds an ILIAS linear-probe visual score S‘? and a SigLIP1 contextualized text
score S‘% Route B is the descriptor-guided RZEn reranker: an MLLM-generated identity descriptor guides the candidate
embedding, producing RZEn image and text scores S? and S?. The final score in each route is a four-factor product that
preserves the Stage 1 baseline evidence while adding one route-specific verification signal. The visual example is the real
ICIR query q_0180, an Eames lounge chair with the modification “with brown or dark beige leather”; green borders mark
positives in the local shortlist.
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Figure 4.2: Training-free BASIC-style pipeline used as the starting point for the first-stage experiments [1]. The bench-
mark pipeline improves the image and text branches through operations such as centering, contextualization, projection,

query expansion, and score calibration before fusing them. This thesis reimplements these components and evaluates
which ones remain useful when the backbone is replaced by stronger modern embedding models.

41 FIRST-STAGE RETRIEVAL

BASESCORE. LetXgbethe queryimage, t4 the textual modification, and d acandidate image.
A dual encoder provides an image encoder f7 and a text encoder fr, as in the CLIP, OpenCLIP,
SigLIP, and SigLIP2 family of retrieval models [2, 3, 4, 5]. The normalized embeddings are

2 =fix), 2 =filty), 2= fid). (41)

The image and text scores are

SI(Qud) = <Z£1’2111>7 ST(q7d) <Zz;7 Z(Ii> (4-2)

The simplest composed score is
S(q,d) = si(q,d)sr(q,d). (4.3)

This product is the starting point for all first-stage experiments. Addition was also tested, but

it performed much worse because it allows a high score in one branch to compensate for a low
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score in the other.

The base score is useful because it exposes the simplest possible hypothesis: a good target
should be similar to the query image and similar to the modification text. Italso providesa clean
reference for later operations. If a component improves retrieval, it should improve over this
simple product rather than only over image-only or text-only retrieval. In the experiments, the
raw product is already much stronger than either branch alone, which supports the conjunctive
interpretation of the task.

However, the raw product has two weaknesses. First, the image score is computed in the
original embedding space, where common dataset-level directions may dominate. Second, the
text score is computed from the raw modification, which may be a short fragment rather than
a caption-like sentence. The next two operations, image centering and text contextualization,

address these weaknesses directly.

LEAVE-ONE-INSTANCE-OUT IMAGE CENTERING. The mostimportant first-stage operation
is image centering. For a query belonging to instance €, I compute a mean image embedding
11_ using database images outside that instance and subtract it from both query and candidate
image embeddings:

2{1 = Z{; —H_ ¢ Zg = Zﬁl —H ¢ (4.4)

The centered image score becomes

- -
sf(q,d) = i—q,?Td . (4.5)
12112 [1Z§]l2

The leave-one-instance-out design prevents leakage from the same instance into the center-
ing vector. In practice, centering removes dataset-level visual biases and reveals more discrimina-
tive identity directions. I also tested text centering, including external caption corpora such as
Flickr-style natural captions, but text centering did not improve the final SigLIP2 setting. This
is plausible because the text branch is much less visually redundant than the image branch: the

modification is a short phrase, and contextualization adds only a small set of generic linguis-

tic wrappers. There are fewer repeated visual-background-like directions to remove. Database
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images, however, are centered consistently on the image side.

The leave-one-instance-out detail is important. If the center included images from the same
instance, the operation could accidentally use information from the evaluation identity itself.
That would make the centered representation less clean as an evaluation protocol. By excluding
the current instance, the center represents broad dataset structure rather than the targetidentity.
This keeps the operation training-free while reducing the risk of leakage.

Intuitively, centering subtracts a common visual bias. Many image collections have domi-
nant directions corresponding to dataset style, object frequency, background distribution, or
image quality. These directions can make two candidates appear similar for reasons unrelated
to exact instance identity. After centering, the score is more sensitive to residual directions
that distinguish the query from the general dataset. This is why centering produces one of the

largest first-stage gains in the results.

TEXT CONTEXTUALIZATION. ICIR modifications are often short fragments, while CLIP/SigLIP-
style text encoders are trained mostly on caption-like sentences. Text contextualization ad-
dresses this mismatch by embedding multiple harmless sentence-like variants of the same mod-
ification and averaging them. The additional words come from the generic subject/context
corpus distributed with the BASIC implementation. They are not instance labels and they do

not describe the target candidate. They only make the modification phrase look more like a nat-

ural caption. For each modification, the implementation embeds both orders, generic context
before the modification and generic context after the modification, and averages the resulting
vectors. Appendix A.1 gives the full construction.

More explicitly, let C = {C1, ..., Cm} denote the neutral contextualization corpus. Each ¢;
is a generic caption-like fragment rather than an answer-specific description. For a modification
such as “at night”, the contextualized set contains strings that place the phrase into a more
natural linguistic environment, for example a generic context followed by “at night” and the
reverse order “at night” followed by the same generic context. The implementation embeds
all valid realizations with the same text encoder, normalizes the resulting vectors, and averages

them. The operation is therefore a distributional correction for short text, not a source of extra
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supervision.

Let gk (tq) be a contextualized realization of the modification. The contextualized text em-

bedding is

1 K
Zpo = % > frge(ty)). (4.6)
k=1

The contextualization procedure does not add relevant new information. Itrandomly wraps
the modification with generic linguistic context before or after the phrase, embeds the vari-
ants, and averages the result. This makes the text input more sentence-like while preserving the
intended modification. This operation is particularly suitable for CLIP/SigLIP-style dual en-
coders because their text towers are trained on natural image captions. It was less consistently
useful for MLLM-based embedding models such as Qwen, VLM2Vec, and RZEn, whose train-
ing already includes more flexible instruction and sentence lengths.

This distinction matters because contextualization can easily be misunderstood as adding
semantic knowledge. It does not use the instance name, the target image, or labels from the
candidate pool. It only changes the linguistic form of the query text. The average over many
neutral contexts makes the resulting vector less dependent on one accidental phrasing. In prac-
tice this helps short modifications because the embedding becomes closer to the text distribu-
tion expected by the encoder.

The thesis also tested caption-like variants generated from query images, including shortand
long instance descriptions. Those variants were useful for analysis, but they did not replace
the simpler contextualized modification in the final first stage. The reason is that richer text
can introduce extra information that is not always aligned with the requested modification. A
longer caption may emphasize background, pose, or current state, and these details can distract

from the modification branch.

PROJECTION, QUERY EXPANSION, NORMALIZATION, AND HARRIS-STYLE FUSION. The
thesis also implements the main BASIC-style enhancements beyond centering and contextual-
ization [1]. These operations are important because they test whether the gain comes from a

complete retrieval recipe or from a smaller number of robust components:
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1. projection, which applies an image-side transformation before scoring;

2. local query expansion, which updates the query representation using nearby retrieved
images;

3. score normalization, which attempts to make image and text scores more comparable
before multiplication;

4. Harris-style fusion, which penalizes strong disagreement between the image and text
branches.

Projection is intended to remove or reorient directions in the embedding space that are not
useful for the retrieval task. In a weak or biased embedding space, this can improve the align-
ment between the query and the desired candidate. In an instance-level setting, however, pro-
jection has a risk: the directions that look like nuisance variation globally may also contain
fine-grained identity cues locally. For this reason, projection is evaluated rather than assumed
to help.

Local query expansion starts from an initial ranking and updates the query representation
using nearby retrieved images. The intuition is that the neighborhood can provide a more sta-
ble estimate of the query intent. This is useful in many retrieval settings, but it is delicate in
instance-level composed retrieval. The top neighbors may include hard negatives that are visu-
ally close to the instance but do not satisfy the modification, or images that match the requested
state while depicting the wrong instance. Averaging such candidates into the query can blur the
very distinction the benchmark is designed to test.

Score normalization attempts to make the image and text branches comparable before fusion.
This matters because the two branches can have different score ranges, and a product can be
dominated by the branch with the larger dynamic range. I evaluated both the official min-
score scaling idea and local variants. These normalization variants were useful diagnostically,
but they did not improve the strongest SigLIP2 configuration.

Harris-style fusion introduces an explicit disagreement penalty:

F(a,b) = ab — A(a + b)?, (4.7)
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where d and b are the image and text scores after scaling, and A controls the strength of the
quadratic penalty. This is the BASIC-style analogue of the Harris corner response: the product
term rewards joint support from both branches, while the penalty term discourages rankings
dominated by broad one-sided score effects. The rule is conceptually attractive for a conjunctive
task, but in the final SigLIP2 setting it did not outperform the simpler centered contextualized
product. The empirical lesson is that additional calibration can help in some regimes, but it

can also reduce useful score contrast when the backbone is already strong.

These components are therefore retained as important ablations rather than as part of the
final first-stage recipe. They helped or remained competitive for weaker backbones, but projec-
tion, query expansion, min-score normalization, and Harris-style fusion did not improve the
final SigLIP2 SO400M Patch16 384 result. This distinction is useful for the thesis: stronger

backbones do not always benefit from heavier hand-designed retrieval machinery.

Projection is the clearest example. It is attractive because it can suppress broad nuisance di-
rections, but in a strong instance-sensitive embedding space those same directions may carry
small identity cues. Removing them can make the representation more semantically regular
while making it worse at distinguishing positives from hard negatives. This is also why center-
ing the ILIAS-trained linear-probe image space did not give the same kind of gain as centering
the original frozen SigLLIP2 space: the probe has already shifted the representation toward in-
stance evidence, so an additional global centering step can remove part of the very signal the

probe was trained to emphasize.

This negative result is methodologically important. It prevents the thesis from presenting
the final pipeline as a blind accumulation of every available refinement. The experiments show
that each component must be revalidated when the backbone changes. In particular, instance-
level retrieval is sensitive to operations that smooth, project, or normalize too aggressively. A
component that improves global semantic alignment can still remove small visual cues needed

for exact identity.
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FINAL FIRST-STAGE FORMULA. The final first-stage score used for the main thesis pipeline
is

Sstagel(q,d) - S?(Qad) S(T:"tx(qud)' (48)

The score is computed only inside the query’s own ICIR candidate pool. The top-100 candi-
dates become the input to the second-stage verifier. Importantly, Stage 1is not only a high-recall
candidate generator. Its two scores are reused in the final four-variable reranking products.
Reusing the first-stage scores is a deliberate design choice. The first stage contains useful
information even after reranking begins. If the second stage replaced the first stage completely,
the final method would depend entirely on the additional verifier. Instead, the final systems
treat the first-stage scores as two reliable evidence terms and ask the second stage to provide
two additional verification terms. This makes the final score easier to interpret and also reduces

the risk that a second-stage signal overrides a strong first-stage signal without support.

4.2 SECOND-STAGE VERIFICATION ROUTES

The first-stage dual encoder is fast and strong, but many of its remaining mistakes are fine-
grained. A candidate may contain a visually similar but different product, a different version of
a character, alandmark viewed under a confusable condition, or the correct object without the
requested change. These cases require an additional verification signal. This thesis evaluates
two complementary ways to obtain that signal.

The first route remains in the dual-encoder family. It asks whether the shortlist can be im-
proved by adding a second frozen backbone, and then whether an ILIAS-trained linear probe
makes the image branch more instance-sensitive. This route is attractive because it is relatively
cheap: the embeddings are compact, the scoring remains a dot-product computation, and the
learned component is only a small projection head on top of frozen features.

The second route uses an MLLM-based embedding reranker. Such models are trained not
only to align captions and images but also to follow multimodal instructions. RZEnEmbed-
7B is used because it preserves an embedding-retrieval interface while allowing the candidate

image representation to be guided by text. The architecture shown later in Figure 4.4 is the
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same RZEn embedding architecture used by the reranker; the figure is discussed there together
with the final instance-focused instruction.

Both routes use the same role split. The first stage supplies recall and coarse ranking; the
second stage supplies more precise comparison among plausible candidates. The verifier is not
used as a general search engine over the full database. It only reranks the top-100 candidates re-
turned by the first stage. This design is important because it makes stronger or more specialized

models usable without paying their cost over the full candidate pool.

4.3 AUXILIARY LINEAR-PROBE RERANKING

The ILIAS experiments show that frozen embeddings contain instance-level information that
can be exposed by a small supervised head [11]. This is the first of the two identity-preservation
routes studied in the thesis: use supervised instance retrieval to train a small projection that

makes same-instance evidence more explicit. The linear probe is a learned projection

Wz
h(z) = 2 (4.9)

where the backbone embedding 2 is frozen and only the projection W is trained. The probe
is trained on ILIAS as an instance-retrieval task, not by fine-tuning the original image encoder.
This keeps the adaptation lightweight and makes the experiment a test of whether instance
information is already present in the representation.

In the ICIR reranking pipeline, the probe is not used to replace the first-stage product. Di-
rect replacement can make the image side too dominant and can reduce compatibility with the
original text branch. Instead, the probe is used as an additional second-stage image-verification

factor. For the strongest SigLIP2 first-stage setting, the competitive linear-probe route uses

Sprobe(q,d) = ss1(q,d)ss(q,d)spi(q,d)ser(q,d), (4.10)

where Sp 1 is the image score from the ILIAS-trained probe and Sp r is the contextualized text

score from the corresponding frozen second backbone. For the SigLIP2 first-stage experiments,
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Figure 4.3: Route A of the final pipeline. This branch reranks the Stage 1 top-100 shortlist with an ILIAS-trained dual-
encoder verifier. The candidate images are scored with a SigLIP1 linear probe trained on ILIAS instance-retrieval super-
vision, producing SA while the modification side uses the SigLIP1 contextualized text score S‘% These two scores are
multiplied with the stored Stage 1 scores 511 and S%s, so Route A adds supervised instance-focused evidence without dis-
carding the original composed-retrieval baseline.

this second backbone is SigLIP1. For the CLIP ViT-L/14 first-stage experiments, the second
backbone is SigLIP2.

This design is deliberately balanced. The probe contributes a stronger instance-oriented im-
age signal, but the additional contextualized text factor keeps the composed retrieval objective
from collapsing into pure instance retrieval. This is why the probe route is treated as a second
tull pipeline rather than as a small diagnostic: in the final results it becomes competitive with
the RZEn route while remaining much cheaper computationally. It also explains why directly
replacing the original image branch with the probe is not sufficient: the probe changes the im-
age neighborhood substantially, but without a matched text-side adaptation the modification

branch can become underweighted.

4.4 INSTANCE DESCRIPTOR GENERATION

The reranker needs to know which instance in the query image should be preserved. This is
the second identity-preservation route studied in the thesis: rather than training a probe, use

a multimodal language model to produce an identity descriptor and then prompt the reranker
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to focus on that descriptor. The descriptor is not manually written. It is generated offline
with open-source multimodal language models, including Qwen-family models used as aux-
iliary description generators [13]. The prompt asks the model to describe the literal instance
using discriminative identity cues while avoiding background details and avoiding leakage of

the requested modification.

Several descriptor variants were tested, including short five-line captions, longer five-line cap-
tions, future-state captions, and modification-aware rewrites. The descriptor instruction was
selected on a validation subset: several prompt families were generated, inspected, and evalu-
ated before the most reliable identity-oriented version was used for the full dataset. The most
useful version for the final reranker was an exact identity-oriented descriptor line. This is in-
tentionally different from a generic caption. A generic caption may describe the scene, style, or
even the current state of the image, which can entangle the identity branch with the modifica-
tion branch. The descriptor used here is instead meant to say what the instance is and which
visual cues identify it. Appendix A.3 and Appendix A.4 provide the full descriptor-generation
details and the RZEn prompt text.

The descriptor-generation prompt was designed with two constraints. First, the descrip-
tor should identify the instance, not the target state. The modification can help the generator
identify which object in the image is relevant, but the descriptor should not leak the desired
modified condition. Second, the descriptor should avoid unnecessary background informa-
tion. Background can be useful in some landmark or scene cases, but for many objects it can

distract the reranker from the stable identity cues.

The validation process was partly automatic and partly manual. Several prompt families
were run on sample queries, and their outputs were inspected for common failure modes: generic
captions, background-dominated descriptions, mention of irrelevant text in the image, leakage
of the modification, or descriptions that were too vague to guide retrieval. The selected de-
scriptor format was the one that best balanced specificity and stability. This matters because

the reranker can only be as useful as the signal used to guide it.
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4.5 DESCRIPTOR-GUIDED MULTIMODAL RERANKING

CANDIDATE EMBEDDING. For each shortlisted candidate d, RZEn receives the image to-
gether with a fixed instance-retrieval instruction and the query’s instance descriptor Uq [12].
The instruction used in the final reranker is summarized in Figure 4.4. Its purpose is to make
the candidate representation focus on the literal object, product, character, or landmark de-
scribed by U, rather than on generic scene captioning.

The candidate embedding is

eidnst = fRZEn(da Ug, pinst)> (4-11)

where Pinst is the fixed instance-focused instruction.

The same descriptor is used for all top-100 candidates of a query. This makes the reranking
comparison consistent: each candidate is judged with respect to the same identity guide. The
descriptor does not tell the model which candidate is positive; it only defines the visual identity

that should be checked. The candidate image still determines the resulting embedding.

RERANKER IMAGE AND TEXT SCORES.  The descriptor-guided RZEn route embeds the can-
didate once under the instance-focused instruction. That same candidate embedding is com-

pared with two query-side RZEn embeddings:

sri1(q,d) = (eg*™", e}), (4.12)
and
srr(q,d) = (eg™, e}). (4.13)

This is a key clarification. The RZEn text score in the reported descriptor-guided pipeline
does not come from a separate modification-aware candidate prompt. The candidate is em-
bedded with the instance-aware instruction, and the resulting representation is compared to
the RZEn text embedding of the modification. Modification-aware candidate prompts were

tested, but they did not improve the reported four-variable result and are not used in the main
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thesis pipeline.

This design keeps the RZEn route efficient. Embedding each candidate once is cheaper than
embedding it separately under an identity prompt and under a modification prompt. It also
keeps the method conceptually cleaner: the candidate representation is made instance-aware,
and then the same representation is compared against both query-side signals. The results sug-

gest that this simpler design is sufficient for the main gain.

FOUR-VARIABLE MULTIMODAL PRODUCT. LetSs and Ss 7 be the first-stage SigLIP2 centered-
image and contextualized-text scores. Let Sgr and Sr 1 be the RZEn reranking scores. The

descriptor-guided RZEn score is

Stinal(q,d) = Ss1(q.d) sst(q,d)sri(q,d) srr(q,d). (4.14)

This formula has two roles. First, it adds a second opinion from a different model family.
A candidate verified by both SigLIP2 and RZEn receives amplified support, while a candidate
supported by only one model is suppressed. This is an ensemble effect, but it is stricter than
averaging two rankings. Because the four signals are multiplied, agreement is amplified and
disagreement is penalized. If both backbones assign high identity and modification evidence
to the same candidate, the product grows sharply; if either backbone rejects the candidate, the
product drops. In this sense the score behaves like a cross-model verification rule. Second,
descriptor guidance makes the RZEn opinion more instance-specific, which is especially useful
when the shortlist contains visually or semantically similar distractors.

The multiplication also makes the method conservative. It does not reward a candidate
merely because one model is confident. This is appropriate for the benchmark because false
positives often arise from partial evidence. A near duplicate may have high image similarity
but fail the modification. A modified image may have high text similarity but depict the wrong

instance. The four-variable product is designed to suppress these partial matches.
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Figure 4.4: Instance-focused instruction used for the RZEn second-stage route. The instruction tells the embedding
model to represent each candidate image according to the generated instance descriptor, so the candidate vector em-
phasizes discriminative identity cues rather than generic scene content. The descriptor-guided RZEn pipeline uses this
instance-aware candidate representation for both reranker comparisons; a separate modification-aware candidate
prompt was tested only as an ablation.
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4.6 PLAIN AND DESCRIPTOR-GUIDED RERANKING VARIANTS

Two reranking variants are used to separate the source of the gain.

Plain four-variable product. In this variant, RZEn is used without the instance descriptor in-
struction. It tests whether the improvement comes merely from using a second backbone. This

no-instruction branch behaves like a heterogeneous ensemble between a dual encoder and an

MLLM-based embedder.

Descriptor-guided four-variable product. In this variant, the candidate embedding is guided by
the generated instance descriptor. It tests whether explicit instance guidance improves beyond

the ensemble effect. The experiments show that it does.
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Figure 4.5: Route B of the final pipeline. This branch reranks the Stage 1 top-100 shortlist with descriptor-guided RZEn
embeddings. An MLLM-generated identity descriptor tells RZEn which literal instance should be emphasized when
representing each candidate image. The resulting candidate embedding is compared with the RZEn image and text query
embeddings to obtain SIB and S?, which are then multiplied with the stored Stage 1 scores S} and S%-. This route tests
whether explicit identity guidance improves over using a second backbone alone.

47 COMPUTATIONAL DESIGN

RZEn reranking is much heavier than SigLIP2 first-stage retrieval. However, after Stage 1 only
100 candidates per query must be processed. Since the same RZEn weights and the same in-
stance instruction are reused, the mathematical computation is fixed; the practical bottleneck
is how many of the 100 candidate images fit into GPU memory at once. Larger VRAM mostly
increases usable batch size and reduces overhead. The implementation therefore uses cached
query embeddings, cached descriptor texts, adaptive batch sizes, OOM backoff, and per-shard

partial outputs.

The experiments were run on a shared GPU cluster with heterogeneous nodes. The main
hardware used during the thesis included NVIDIA A100 PCle GPUs with 40GB of memory,
RTXPRO 6000 Blackwell-class nodes with approximately 96GB of memory, RTX A6000 and
RTX 6000 Ada nodes with 48GB of memory, and RTX A5000 nodes with 24GB of memory.
The smaller GPUs were useful for frozen dual-encoder scoring, lightweight sweeps, and shard-
level jobs. The larger A100, A6000/Ada, and Blackwell nodes were used for RZEn, Qwen,

InternVL, and other multimodal embedding or captioning jobs where image-token memory
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dominated. The code was written to distribute shards across available idle nodes, resume partial
outputs, and reduce batch size automatically after out-of-memory errors.

This reranking use case is different from next-token generation with an MLLM. The model
is not asked to decode a long answer for every candidate. Instead, it performs one forward em-
bedding pass and returns a fixed-dimensional vector. Once that vector is produced, all scoring
is done with dot products. This makes the second stage more predictable than autoregressive
generation: there is no sampling, no decoding length, and no output parsing for the reranker.
The cost is still high because the model is large and the image tokens must be processed, but
the computation is a bounded embedding computation rather than an open-ended generation
process.

This distinction also matters for reproducibility. Generation experiments can vary with de-
coding parameters, sampling settings, and output parsing. The reranker used in the final system
is deterministic once the descriptors and embeddings are fixed. The implementation stores in-
termediate scores and rankings so that later analysis can separate first-stage behavior, reranker
behavior, and final multiplicative fusion. This was important during development because
many ideas improved a subset of queries while hurting others. Keeping the score factors ex-

plicit made those tradeofts measurable.
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Experimental Results

This chapter presents the empirical results in the same two-stage structure introduced in Chap-
ter 4. I first analyze the first stage, where frozen backbones are used to retrieve and score candi-
datesinside each query’slocal ICIR pool. I then analyze the second stage, where those first-stage
scores are combined with two different verifier families: an ILIAS-trained linear-probe dual-
encoder route and a descriptor-guided RZEn route. Finally, I discuss the ILIAS experiments
that explain why a lightweight probe can become competitive as a second-stage signal.

Throughout the chapter, all ICIR numbers follow the intended query-local instance-hard-
negative protocol. Each query is evaluated only against its associated positives and curated hard
negatives. This point is essential for interpretation. The goal is not global retrieval over unre-
lated distractors, but fine-grained ranking among the confusable candidates associated with the
same instance family.

The main result is strong: the best first-stage system reaches 59.64 mAP@100, the ILIAS
linear-probe route raises this to 66.05 mAP@100, and the descriptor-guided RZEn route reaches
66.42 mAP@100. The chapter therefore emphasizes not only which components work, but

also why the improvement is meaningful: both second-stage routes improve the already strong
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SigLIP2 baseline while keeping the same candidate-set recall, which means the gain comes from

better ranking of difficult candidates rather than from changing the evaluation pool.

5.1 EXPERIMENTALPROTOCOL AND REPORTING CONVENTIONS

All numbers in this chapter should be read under the same evaluation protocol unless explicitly
stated otherwise. A query is evaluated against its own candidate pool, composed of the positives
and the hard negatives associated with that query. This protocol is the one used throughout the
final thesis because it matches the construction of the benchmark. It also avoids a misleading
evaluation in which unrelated images from the global database dominate the candidate set. The
task is not to reject arbitrary unrelated images; it is to rank confusable candidates for the same
instance-level query.

The main metric is mAP@100. This metric is sensitive to the position of all positives in the
ranked list, so it is more informative than a top-one or top-ten success rate for this benchmark.
Recall@100 is also reported because it indicates whether the candidate set contains the relevant
positives at all. In the two-stage experiments, Recall@100 has a special interpretation: if the
reranker only reorders the top-100 candidates returned by the first stage, then it cannotimprove
Recall@100. It can only improve mAP@100 by moving already retrieved positives upward. For
this reason, an unchanged Recall@100 in the reranking tables is not a weakness of the reranker;
itis a consequence of the fixed-candidate reranking design.

Macro-mAP@100 is reported whenever the matching artifact was available. This metric is
important because the benchmark contains multiple instances, and each instance can have a
different number of queries and modifications. A global query average can be influenced by
instances with more queries. Macro averaging first aggregates within each instance and then
averages over instances, giving each instance group equal weight. When both mAP@100 and
Macro-mAP@100 improve, the result is stronger because the gain is not limited to a small num-
ber of over-represented identities.

The tables also distinguish between first-stage results and second-stage reranking results. First-

stage results compare backbones and training-free retrieval operations. Second-stage results
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keep the strongest first-stage system as the base and then study which additional verifier im-
proves the ranking of its top candidates. This separation is important because the two stages
solve different computational problems. The first stage must be fast enough to search the can-
didate pool; the second stage can be more specialized because it only processes a shortlist.
Finally, I avoid mixing artifacts that were produced under different protocols. Some ex-
ploratory runs were performed on validation subsets, full-database candidate pools, or alterna-
tive candidate unions. These runs were useful during development, but the main tables report
only results that match the final query-local protocol. When a value is unavailable in a fully
comparable artifact, the table leaves it blank rather than reconstructing it from a mismatched

run.

5.2 WHYMULTIPLICATIVE FUSION IS THE RIGHT FIRST-STAGE

OPERATOR

Before comparing backbones, I first tested whether multiplication is really the best way to com-
bine the image branch and the modification branch. Table 5.1 reports this comparison for the
centered SigLIP2 image branch fused with the 72w modification branch. The purpose of the
table is not to tune transformations, but to compare the fusion operators themselves under the
same basic setup. Appendix A.2 gives the mathematical form and interpretation of the addi-

tional fusion operators considered during development.

Fusion operator mAP@100 Recall@100 Macro-mAP@100

Product 50.09 88.42 50.13
Soft minimum 49.90 88.08 49.96
Harmonic mean 39.62 82.64 35.33
Minimum 18.22 64.02 15.07
Additive 15.84 54.98 22.65

Table 5.1: Comparison of first-stage score-fusion operators on the centered SigLIP2 image branch and the raw modifi-
cation branch. The product is the strongest operator in this controlled comparison, reaching 50.09 mAP@100. Additive
fusion performs much worse because it allows one branch to compensate for the other, which is undesirable when a can-
didate must satisfy both identity preservation and modification satisfaction.
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The resultis clear. Multiplication is not only conceptually aligned with the conjunctive struc-
ture of the task, but also empirically the strongest operator in this comparison. Soft minimum
comes very close, which is not surprising because it also behaves like a strict agreement opera-
tor. Additive fusion performs much worse because it allows one branch to compensate for the
other too easily, and pure minimum is too harsh in practice. This table therefore justifies the

use of multiplication as the default operator in the rest of the thesis.

The gap between multiplication and addition is especially important because additive fusion
is a common default in retrieval systems. If two scores are useful, summing them seems natural.
In this benchmark, however, summation gives the wrong inductive bias. It rewards candidates
that are very strong on only one branch. This is exactly the failure mode the benchmark is
designed to expose. A candidate thatis visually close to the query image but does not satisfy the
modification can receive a high image score. A candidate that clearly satisfies the modification
but depicts another instance can receive a high text score. Addition can keep both candidates

near the top. Multiplication suppresses them unless both branches agree.

The harmonic mean and soft minimum are more conservative than addition, but they be-
have differently from the product. The harmonic mean is strongly controlled by the smaller
factor, which can be helpful when scores are calibrated but unstable when one branch has a
compressed dynamic range. The minimum operator is even more severe: it discards useful
information from the stronger branch and depends entirely on the weaker score. The soft min-
imum is the closest alternative to the product because it behaves like a fuzzy logical conjunction.
Its near-competitive result supports the same conclusion: the task benefits from an “and-like”
operator. The product is selected because it is both strongest in this comparison and simplest

to extend to the four-variable reranker.

This experiment also explains why later reranking uses multiplication rather than a learned
or additive combination. The purpose of the final formula is not only to maximize a validation
score, but to keep the evidence interpretable. If the final product improves a query, one can
inspect whether the improvement comes from the original image score, the original text score,
the RZEn image score, or the RZEn text score. A learned fusion layer might hide that structure.

Since the thesis is partly an analysis of how identity and modification evidence interact, explicit
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multiplication is preferable.

S.3 FIRST-STAGE RETRIEVAL RESULTS

BACKBONE COMPARISON.  Thenext question is which frozen backbone provides the strongest
first-stage retrieval quality. Table 5.2 summarizes the strongest full-query stage-one results avail-
able for the main backbone families audited in this project. For each backbone, I report the
raw simple product, the strongest full BASIC-style variant, and the best overall stage-one vari-
ant. Missing entries are left blank when a fully comparable full-query artifact was not available,
rather than mixing incompatible protocols. The models are ordered first by classical dual en-
coders and then by MLLM-derived embedders. In each numeric column, the best result is
marked with a solid underline and the second-best result is marked with a dashed underline

when a comparable value is available.
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Backbone Simple product BASIC-style Best stage-one Best variant
mAP/R@100 mAP/R@100 mAP /Macro

Dual-encoder backbones

OpenAICLIP ViT-L/14  17.48/ - 31.64/ - 41.00 /35.85 Centered  con-

~428M parameters, 768 dimensions textualized
product

OpenCLIP ViT-H/14 31.82/70.18 41.69 / 84.60 47.07 /50.95 Centered  con-

~1B parameters, 1024 dimensions textualized
product

SigLIPl SO400M Patchl4 10.64/29.38 32.27 /71.70 48.86 / 46.93 Centered  con-

384 textualized

~0.9B parameters, 1152 dimensions product

SigLIP2 SO400M Patchl6 35.57/75.57 51.90 / 91.43 59.64 / 60.24 Centered

384 contextualized

~0.9B parameters, 1152 dimensions [groduct

Multimodal large language model based embedding backbones

Qwen3-VL-Embedding-2B  24.56 / 63.36 25.80/66.11 37.61/35.51 Centered  con-

2B parameters, 2048 dimensions textualized
product

VLM2Vec-V2.0- 23.39 /61.41 27.74 / 66.97 39.64 / 40.88 Centered  con-

Qwen2VL-2B textualized

2B parameters, 1536 dimensions product

RZEnEmbed-7B 49.44 / 86.95 46.22 / 87.65 51.97 /- Centered  con-

7B parameters, 3584 dimensions textualized
product

Table 5.2: Portrait first-stage comparison under the query-local instance-hard-negative protocol. Each row reports one
backbone and groups its metrics into the raw simple product, the strongest BASIC-style result, and the best overall stage-

one result. Parameter count and embedding dimension are shown under each backbone name. The previous BASIC-style
state of the art is represented by the CLIP ViT-L/14 reference row from the ICIR paper [1], while the strongest first-
stage result in this thesis is SigLIP2 SO400M Patch16 384 with the centered contextualized product. This reaches 59.64
mAP@100 and 60.24 Macro-mAP@100. Solid underlines mark best values and dashed underlines mark second-best
values within comparable numeric columns.
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The most important pattern in the table is that the strongest practical stage-one variant is
not the heaviest BASIC-style stack, but the simpler centered contextualized product. This holds
for the dual-encoder family and also for the MLLM-derived embedders when they are used in

retrieval mode. The main first-stage gains therefore come from two operations:

1. cleaning the image geometry with leave-one-instance-out centering, and

2. stabilizing the short modification text with contextualization.

Among all fully audited backbones, SigLIP2 SO400M Patchl6 384 is the strongest overall
first-stage model. This is why it becomes the reference first-stage backbone for the final thesis
pipeline.

The difference between backbones is not only a matter of parameter count. The OpenCLIP
ViT-H/14 row is stronger than the original CLIP ViT-L/14 reference, but it still remains below
the SigLIP2 family in the strongest full-query setting. SigLIP1 improves substantially once
centering and contextualization are applied, but its raw simple product is weak. This suggests
that its embedding space benefits strongly from retrieval-specific correction, yet its uncorrected
image-text geometry is not as well matched to the ICIR query structure. SigLIP2, in contrast,
starts from a stronger raw product and also benefits strongly from the same two key operations.
This combination makes it the best first-stage backbone.

The MLLM-based embedding rows show a different pattern. RZEnEmbed-7B has a strong
raw simple product relative to some dual encoders, but the full BASIC-style recipe does not im-
prove it in the same way. This is not surprising. A model trained to support instruction-aware
or multimodal embedding may not need the same text contextualization strategy as a CLIP-
style text tower. The linguistic mismatch that contextualization fixes for short modification
fragments is less severe when the embedding model already accepts richer instructions or more
varied text forms. Therefore, the BASIC-style operations should not be expected to transfer
uniformly across model families.

This is a useful warning for method design. A pipeline component is not intrinsically good
or bad; it is good or bad relative to an embedding geometry. Image centering helps strongly for
the final SigLIP2 first stage because it removes common visual directions and improves identity-

sensitive comparison. Contextualization helps because the SigLIP2 text tower benefits from
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more caption-like modification inputs. The same operations may be neutral or harmful for a
different model. The thesis therefore treats the final recipe as an empirically validated combi-
nation, not as a universal checklist.

The table also motivates the two-stage design. If RZEn were clearly the strongest first-stage
model, one might simply use it for all retrieval. Instead, the strongest first-stage system is
SigLIP2, while RZEn becomes most useful later as a reranker. This division is computation-
ally and empirically sensible: SigLIP2 provides fast and strong first-stage retrieval, and RZEn

provides a complementary second opinion on a much smaller candidate set.

FIRST-STAGE COMPONENT ABLATION ON THE FULL BENCHMARK.  After selecting SigLIP2 SO400M Patchl6
as the main first-stage backbone, I ran a full ablation over the main BASIC-style components on
all 1,883 ICIR queries. Figure 5.1 reports the main results in the same component-style format
used by the ICIR paper.
This figure defines the first-stage story of the thesis. The first rows show weak single-branch
references: image-only retrieval reaches 4.71 mAP@100 and text-only retrieval reaches 6.82
mAP@100. Additive fusion is also weak, reaching only 15.84 mAP@100 even with image cen-
tering. The largest useful gain comes from multiplicative fusion and centering: the raw product
starts at 35.57 mAP@100 and rises to 50.09 once image centering is applied. Text contextualiza-
tion produces a second major jump, reaching 59.64 mAP@100, 93.08 Recall@100, and 60.24

Macro-mAP@100. These two components together form the strongest stage-one recipe.
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The rows should be read as a controlled buildup of the first-stage recipe. The key comparison is
not only between final scores, but between which components are active: the centered contextual-
ized product is the turning point, while later BASIC-style additions mostly reduce the score for this
stronger SigLIP2 embedding space.

SigLIP2-S0400M Patch16 384 - full ICIR BASIC-style components

Variant Img Txt +=sum X=X C CTX Min P QE mAP mmAP R@100
Image only () X X X X X X X X 4.7 8.8 23.9
Text only X ) X X X X X X X 6.8 7.1 405
Additive + C ) ) ) X ® X X X X 15.8 22,6 55.0
Raw product (no C/CTX) () () X ) X X X X X 35.6 38.8 75.6
Product + C ® ° X ® ° X X X X 50.1 50.1 88.4
Product + C + CTX ) ) X ) ) ® X X X 59.6 60.2 93.1
+ official min scaling ) () X () () () () X X 55.8 55.5 90.7
+P [ [ X ® ) () X ) X 56.4 54.6 92.5
+P+QE ) [ X ) ) () X ) ) 53.6 49.8 91.8
BASIC without QE ® ) X ) ) ® X ) X 53.8 52.1 91.6
BASIC without CTX + QE ) ) X ) ) X X ® ) 39.7 35.5 85.1
BASIC without P + QE ) ) X Y ) ° X X ° 57.7 56.6 92.7
Full LQE BASIC ° Y X Y Y Y X ° Y 51.9 48.4 91.4

Figure 5.1: Main full-dataset first-stage ablation for the strongest SigLIP2 backbone. The strongest first-stage recipe is
the centered contextualized product, which reaches 59.64 mAP@100, 60.24 Macro-mAP@100, and 93.08 Recall@100.
The figure also shows that image-only, text-only, and additive baselines are far weaker, while projection, local query
expansion, and min-score scaling do not improve the strongest setting. Green circles indicate active components and
red crosses indicate omitted components; 4+ denotes additive fusion, X denotes multiplicative score fusion, C denotes
leave-one-instance-out centering, CTX denotes text contextualization, Min denotes official min-score scaling, P denotes
projection, QE denotes local query expansion, and mmAP denotes Macro-mAP.
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The remaining BASIC-style components did not improve the strongest SigLIP2 setting. Of-
ficial min-score scaling was tested on the same full-query protocol and reduced the centered
contextualized product from 59.64 to 55.75 mAP@100. Projection reduces both the global
mean and the macro mean. Local query expansion pushes the score down further. Tuned
Harris-style fusion was also explored, but the available tuned Harris artifacts correspond to a
400-query validation split rather than the full 1,883-query protocol used in Figure 5.1; therefore
I do not mix that number into the full-dataset figure. This is an important empirical point of
the thesis: once the backbone becomes sufficiently strong, additional retrieval machinery does

not automatically help. In the final SigLIP2 regime, it mostly hurts.

The projection result deserves attention because projection is intuitively appealing. A pro-
jection can remove nuisance directions and may improve alignment between query and target
distributions. The negative result here suggests that the nuisance directions are not easy to
separate from useful instance cues. In an instance-level benchmark, small visual details can
be decisive. A transformation that smooths the space or removes directions that look globally
unimportant can also remove the local identity evidence needed to distinguish positives from
hard negatives. This is one reason the thesis does not simply stack every BASIC component

into the final system.

The query-expansion result has a similar interpretation. Query expansion often helps in
classical retrieval because top neighbors provide a better estimate of the query intent. In ICIR,
however, the top neighbors can include near misses: images that share the instance but not
the modification, or images that share the modification but not the instance. Incorporating
such neighbors into the query representation can blur the two-part relevance condition. The
method then becomes less strict about which evidence should remain fixed and which evidence

should change.

The min-score scaling result also illustrates the difficulty of calibration. Score normalization
is attractive because image and text scores can have different ranges. However, the lower tail
of a score distribution is not always a stable calibration anchor. In a query-local hard-negative
pool, the weakest candidate under one branch may still contain useful information under the

other branch. Scaling by such values can compress or exaggerate score differences in ways that
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hurt the product. This does not mean that score normalization is unimportant in general; it
means that the particular normalization tested here is not beneficial for the strongest SigLIP2
setting.

The full first-stage ablation therefore leads to a compact but important conclusion. The
strongest training-free first-stage system consists of exactly two useful corrections: leave-one-
instance-out image centering and modification text contextualization. These two operations
directly address the two halves of the relevance condition. Centering improves identity compar-
ison, and contextualization stabilizes modification comparison. More global operations that

smooth, project, or normalize the space are less reliable for this fine-grained benchmark.

5.4 AUXILIARY EVIDENCE OF EXTRACTABLE INSTANCE STRUC-
TURE

WHY THE AUXILIARY EVIDENCE MATTERS. The ILIAS experiments have two roles in the
thesis. First, they are diagnostic: they ask whether frozen SigLIP2 SO400M Patch16 384 em-
beddings already contain enough structure for a small learned head to recover instance-level
retrieval under stronger supervision. Second, after the second-stage experiments in Table 5.6,
they become methodologically important because an ILIAS-trained probe is competitive as an
additional verifier in the ICIR pipeline.

The most informative setup is leave-one-domain-out evaluation. In each run, one domain is
excluded from training and used only for testing. If a lightweight probe trained on the remain-
ing domains still performs well, then the frozen representation already contains transferable

instance-level information rather than merely memorizing within-domain category cues.

MACRO LEAVE-ONE-DOMAIN-OUT RESULTS. Table 5.3 summarizes the leave-one-domain-

out ILIAS results aggregated over the eight held-out domains.
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Setting Macro-mAP@100 Macro-Recall@100

Frozen SigLLIP2 baseline 31.39 52.92
Best pairwise-sigmoid probe 57.71 80.32
Best local-InfoNCE probe 71.31 89.98
Best multi-negative-margin probe 73.36 92.31
Best overall probe per domain 73.26 91.90

Table 5.3: Leave-one-domain-out auxiliary instance-retrieval results on frozen SigLIP2 embeddings. Only a lightweight
projection head is trained, while the backbone remains frozen. The large improvement from 31.39 to 73.26 Macro-
mAP@100 shows that frozen embeddings already contain substantial instance-level information that can be extracted
with a small supervised head.

The gain is large and consistent. The frozen baseline reaches only 31.39 Macro-mAP@100,
while the best overall probe configuration raises this to 73.26. Macro-Recall@100 rises from
52.92 t0 91.90. This shows that the frozen SigLIP2 space already contains substantial instance-
level information that can be extracted by a lightweight head, even under strong out-of-domain
separation.

The size of this gain is important for interpreting the rest of the thesis. If the frozen rep-
resentation did not contain instance-level information, then a linear probe would have little
chance of recovering it under leave-one-domain-out evaluation. The probe cannot invent new
visual evidence that is absent from the frozen embedding. It can only reweight and reorient
the information already encoded by the backbone. The fact that a small head produces such
a large improvement therefore indicates that the frozen space contains a latent same-instance
structure that is not fully exposed by raw cosine similarity.

The comparison between loss functions also supports this interpretation. All three super-
vised objectives improve substantially over the frozen baseline, but the local ranking objectives
perform best. Pairwise sigmoid improves the space, but InfoNCE and multi-negative margin
training are more directly aligned with retrieval because they compare positives and negatives
within the same local decision context. The best margin-based probe slightly outperforms the
other objectives, suggesting that explicitly enforcing separation between positives and hard neg-
atives is useful for instance retrieval.

This does not mean that the probe learns a general semantic classifier. The split is by high-

level domain, so the held-out categories are not used during training. If the improvement came
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only from memorizing category-specific cues, performance would be expected to collapse on
the excluded domain. Instead, every held-out domain improves strongly, as shown in Table 5.4.

The result is therefore better interpreted as a learned shift toward instance-sensitive geometry.

PER-DOMAIN LEAVE-ONE-OUT EVIDENCE.  Table 5.4 shows the same result broken down by

held-out domain.

Held-out domain Frozen baseline mAP@100 Best probe mAP@100 A mAP@100

art 22.29 64.21 +41.92
fashion 36.97 79.09 +42.12
household 26.77 71.89 +45.12
landmark 20.75 53.24 +32.49
media 36.99 82.11 +45.12
product 40.34 @ +48.82
technology 37.29 75.32 +38.03
toy 29.71 71.09 +41.38

Table 5.4: Per-domain leave-one-domain-out results for the auxiliary instance-retrieval experiment. Each row uses one
domain only for testing and trains on the remaining domains. The consistent positive deltas show that the probe does
not merely memorize a single domain; it transfers the instance-retrieval signal across object types, products, landmarks,
media, and other categories.

Every held-out domain improves strongly. This is exactly the behavior that supports the the-
sis interpretation: frozen SigLIP2 embeddings already encode substantial instance-level struc-
ture, and that structure is not confined only to the domains seen during training. The IL-
IAS branch therefore supports the claim that instance-level information is extractable from the
frozen space. This matters directly for ICIR because the later second-stage results show that an
ILIAS-trained probe can provide a competitive image-verification signal when it is used as an
additional reranking factor rather than as a replacement for the whole composed score.

The domain-level table also shows that the improvementis not confined to one type of visual
identity. Product, media, household, toy, and fashion instances all improve, even though the
visual cues defining identity differ across them. A product may be identified by shape and de-
sign pattern. A media instance may be identified by character or artwork structure. A landmark
may require global geometry and facade layout. A toy may require color, part configuration,

and small marks. The fact that all domains improve suggests that the probe is not learning one
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narrow cue, such as logo matching or color matching. It is shifting the representation toward
a broader notion of same-instance retrieval.

The landmark domain has a smaller absolute score than some other domains even after prob-
ing. This is also informative. Landmarks often have large viewpoint variation, lighting varia-
tion, occlusion, and background dependence. They may also share architectural features with
nearby or stylistically similar structures. A single global embedding can struggle to preserve
all the geometric evidence needed for exact landmark identity. This limitation reappears in the
ICIR qualitative failure cases, where scene-level and landmark-like queries can be more sensitive

to background and viewpoint.

TRANSFERRING THE AUXILIARY PROBE BACK TO COMPOSED RETRIEVAL. Asan additional
diagnostic, I first tested whether the ILIAS-trained linear probe could be transferred back into
the ICIR pipeline by directly replacing or augmenting the SigL.IP2 image branch. This exper-
iment is important because the ILIAS results show that the probe learns useful instance-level
structure, but ICIR requires a different composed objective: the representation must preserve
the query instance while still allowing the modification branch to control the final ranking.

I therefore compared the frozen centered SiglLIP2 image score with the centered image score
obtained after applying the ILIAS-trained probe. Both scores used their own leave-one-instance-
out centering vectors. The probe was then tested in two ways. First, I replaced the frozen image
branch in the first-stage product while keeping the same contextualized SigLIP2 text score. Sec-
ond, I used the probe image score only as an additional reranking factor on top of the frozen

first-stage score. Table 5.5 summarizes the result.
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ICIR setting mAP@100 Macro-mAP@100 Recall@100

Frozen centered image x contextualized text 59.64 60.24 93.08
Probe centered image x contextualized text 55.95 58.49 90.54
Frozen product X probe image 50.07 52.91 93.08
Frozen image X contextualized text* X probe image 59.68 60.74 93.08
Soft balanced probe variant 60.11 60.90 93.08

Table 5.5: Transfer of the auxiliary SigLIP2 linear probe to the composed retrieval benchmark. The probe is strong for
pure instance retrieval, but directly replacing the frozen image branch reduces mAP@100 from 59.64 to 55.95. A bal-
anced use of the probe as an additional image-verification signal is more stable and slightly improves the first-stage
macro result.

The direct replacement is worse than the frozen ICIR first stage: mAP@100 decreases from
59.64 t0 55.95, and Recall@100 decreases from 93.08 to 90.54. This shows that the learned IL-
IAS geometry is not automatically aligned with ICIR’s composed retrieval objective. However,
the probe is not simply redundant. In an image-only top-10 comparison, the frozen centered
image ranking and the probe centered image ranking share only 5.31 candidates on average out
of 10. Only 66 of the 1,883 queries have identical top-10 sets, while 33 queries have no overlap

at all. The probe therefore changes the image-neighborhood structure substantially.

The key limitation is that this transfer adapts only the image side. The ILIAS probe s trained
for instance retrieval on image embeddings, not for composed image-text retrieval. ICIR, how-
ever, needs the image branch and the modification branch to be calibrated together. Without
a corresponding learned text encoder or a probe trained with modification-aware supervision,
the transferred image space can become more instance-focused while the text score remains
in the original SigLIP2 space. This mismatch explains why the direct replacement fails even

though the ILIAS probe is strong on its own task.

This explains why the most stable transfer variant is not replacement, but balanced augmen-
tation. If the final score contains two image factors and only one text factor, the ranking be-
comes too identity-heavy and the modification branch is underweighted. Repeating the con-

textualized text factor,

S(d) = Sfrozen,I(CL d) : Sfrozen,T(t7 d)2 : Sprobe,I(q; d)7
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recovers the frozen baseline and slightly improves Macro-mAP@100. A softer balanced variant
reaches 60.11 mAP@100 and 60.90 Macro-mAP@100. The gain over the frozen first stage is less
than one mAP point, so this branch is not adopted as the final method. Still, the query-level be-
havior is informative: the text-repeated probe variant improves 825 queries, worsens 740, and
ties 318, with a mean absolute query-level change of 6.44 AP@100 points. This explains why
the dataset-level mean changes only slightly even though the image embedding neighborhood

is substantially altered.

This result is useful because it explains why the later competitive probe route is formulated
as a balanced second-stage product rather than as a direct image-branch replacement. The
learned probe substantially changes the instance-centered image geometry, but without a prop-
erly matched text branch its gains and losses mostly cancel. In other words, the ILIAS probe
supports the claim that instance information is extractable from SigLIP2, while also showing

that ICIR needs a composed image-text solution rather than an image-only adaptation.

This branch also clarifies a possible misunderstanding. A method can improve pure instance
retrieval and still fail to improve composed retrieval. The reason is that composed retrieval is
not only identity retrieval. It is identity retrieval under a modification constraint. If the image
branch becomes much sharper while the text branch remains unchanged, the product can be-
come imbalanced. The system may retrieve the same instance more aggressively but become less
sensitive to the modification. The small improvement of the balanced probe variant shows that
the probe contains useful information, but the lack of a matched text-side adaptation limits its

value.

For future training-based work, this result is encouraging rather than discouraging. It sug-
gests that the next step should not be a purely image-side probe, but a composition-aware
adapter that preserves calibration between the image and text branches. Such an adapter could
use the same instance-level signal discovered in ILIAS while also training against composed
positives and hard negatives. The current thesis already shows a practical version of this idea:
when the probe is used as one factor in a four-variable second-stage product, and is paired with
a contextualized text score from the same second backbone, it becomes competitive with the

stronger RZEn route.
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5.5 SECOND-STAGE RERANKING RESULTS

WHY THE SECOND STAGE IS MORE THAN A PURE RERANKER.  The second stage starts from
the top-100 candidates returned by the first stage, but its role is not only to reorder those
candidates. In every four-variable formulation, the first-stage image score and the first-stage
contextualized-text score remain part of the final product. In other words, the first stage con-
tributes both the shortlist and two of the final four multiplicative factors. The second stage
then adds two new factors from another source: either a dual-encoder/probe branch or the

RZFEn multimodal branch.

DUAL-ENCODER AND MULTIMODAL RERANKING. The main reranking question is whether
the second stage helps only because it introduces another embedding backbone, or whether
an instruction-guided multimodal reranker contributes something more specific. Table 5.6
compares these routes for the two first-stage backbones emphasized in the thesis. Each block
starts from the best first-stage baseline, then adds a second-stage dual encoder, an ILIAS-trained
linear-probe variant of that dual-encoder branch, a plain RZEn branch without descriptor guid-

ance, and finally the descriptor-guided RZEn multimodal reranker.
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First-stage back- Step

bone

Added signal

mAP@100 Macro-mAP@100 Recall@100 A mAP

SigLIP2 SO400M Patchl6 384 first stage

SigLIP2 Best first-stage baseline Centered image score X contex- 59.64 60.24 93.08 -
SO400M tualized modification score
SigLIP2 Baseline + dual-encoder Frozen SigLIP1 centered contex- 63.76 61.10 93.08 +4.13
SO400M reranker tualized product on the top-100
SigLIP2 Baseline + ILIAS linear- SigLIP1 ILIAS-probe image 66.05 64.14 93.08 +6.41
SO400M probe reranker score + frozen SigLIP1 contex- o S o
tualized text score
SigLIP2 Baseline + plain RZEn RZEn image and text scores 62.54 63.56 93.08 +2.90
SO400M reranker without descriptor-guided
focus instruction
SigLIP2 Baseline + RZEn reranker  Descriptor-guided RZEn image 66.42 65.65 93.08 +6.78
SO400M and text scores
CLIP ViT-L/14 first stage
CLIP ViT-L/14  Best first-stage baseline Centered image score X contex- 41.00 35.85 83.74 -
tualized modification score
CLIP ViT-L/14  Baseline + dual-encoder Frozen SigLIP2 centered contex- 54.93 50.99 83.74 +13.93
reranker tualized product on the top-100 o I
CLIP ViT-L/14  Baseline + ILIAS linear- SigLIP2 ILIAS-probe image 56.51 53.03 83.74 +15.51
probe reranker score + frozen SigLIP2 contex- -
tualized text score
CLIP ViT-L/14  Baseline + plain RZEn RZEn image and text scores 51.26 45.57 83.74 +10.26
reranker without descriptor-guided
focus instruction
CLIP ViT-L/14  Baseline + RZEn reranker ~ Descriptor-guided RZEn image 53.35 47.80 83.74 +12.35

and text scores

Table 5.6: Vertical second-stage ablation for the two first-stage backbones emphasized in this thesis. Each block begins

with the best first-stage baseline and then adds one extra reranking source on top of the same top-100 candidate set. The

dual-encoder rows test whether a different frozen backbone provides a useful second opinion. The ILIAS linear-probe
rows test whether instance-supervised image adaptation transfers as an additional reranking signal when paired with
the corresponding contextualized text branch. The plain RZEn rows test whether a stronger multimodal embedding
backbone helps without an explicit instance-focus instruction. The descriptor-guided RZEn rows then add the instance

descriptor as a focused reranking cue. For fixed top-100 reranking, Recall@100 stays equal to the first-stage candidate

recall; improvements therefore reflect better ordering of already retrieved positives.
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Several conclusions follow immediately.

First, RZEn is not useful as a naive replacement for the first stage. The plain RZEn pair
alone falls below the SigLIP2 baseline, which means the reranker should not be interpreted as

a stronger standalone first-stage retriever.

Second, dual-encoder reranking already gives a substantial gain. This shows that part of the
second-stage improvement comes from heterogeneous evidence: a second backbone makes dif-
ferent mistakes from the first-stage backbone, and the product rewards candidates that are sup-
ported by both. The ILIAS linear-probe branch is also informative. It improves the SigLIP2
and CLIP ViT-L/14 reranking settings, suggesting that instance-focused supervision can make
the second image signal more useful, even though it is still limited by the need to remain cali-

brated with the modification text branch.

Third, descriptor guidance with RZEn improves further in the strongest SigLIP2 setting.
This shows that the final gain is not only a matter of backbone diversity. The reranker also ben-
efits from being pointed toward the literal target instance. Relative to the first-stage baseline,
the descriptor-guided RZEn route improves mAP@100 by 6.78 points and Macro-mAP@100
by 5.40 points while keeping Recall@100 at 93.08. The ILIAS linear-probe route is close be-
hind at 66.05 mAP@100 and 64.14 Macro-mAP@100, making it a second competitive pipeline

rather than only a side analysis.

It is also important to note what the thesis does 7ot emphasize as the main result. Several
larger reranking branches were explored, but the thesis keeps the reported systems simple: a
four-variable ILIAS-probe route and a four-variable descriptor-guided RZEn route. Both iso-
late the contribution of the two original first-stage factors and the two added verifier factors,

which makes the results easier to interpret.

The numerical difference between the plain and descriptor-guided four-variable products
is one of the cleanest pieces of evidence in the thesis. The plain four-variable product reaches
62.54 mAP@100. This is already above the first-stage baseline, which means that simply adding
a heterogeneous RZEn view of the same top-100 candidates is useful. However, the descriptor-
guided version reaches 66.42 mAP@100. The additional gain indicates that the instruction and

descriptor are not decorative prompt text; they change the candidate representation in a way
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that better matches the instance-level task.

This distinction matters for the interpretation of multimodal large language model based
embeddings. It would be tempting to conclude that a larger or more expressive embedder au-
tomatically improves retrieval when multiplied with SigLIP2. The results do not support that
simplistic view. RZEn alone is worse than the SigLIP2 first stage, and the plain RZEn pair is not
sufficient. The improvement comes from a controlled use of RZEn: keep the strong SigLIP2
evidence, restrict RZEn to the shortlist, and guide its candidate embeddings toward the target
instance. The probe route supports a related but cheaper conclusion: instance-focused super-
vision can also provide a strong second opinion when it is not allowed to replace the composed
first-stage evidence.

Both competitive second-stage routes also improve the macro metric. This is important be-
cause it means the gain is not only concentrated in query groups with many examples. The IL-
IAS linear-probe route raises Macro-m AP@100 from 60.24 to 64.14, and the descriptor-guided
RZEn product raises it to 65.65. These macro improvements are close to the global mAP im-
provements, which supports the claim that the gains are broad rather than caused by a small
subset of frequentinstances. In the next subsection, the per-query analysis focuses on the RZEn

family because it is the final multimodal reranker used in the strongest pipeline.

How BROADLY RERANKING HELPS. Mean mAP is useful, butit does not show how broadly
amethod helps across queries. Table 5.7 therefore compares the main reranking families against

the same SigLIP2 first-stage baseline at the query level.

Method Improved Worsened Tied Mean A mAP@100 (pp)
Plain RZEn pair only 730 1010 143 -5.51
Best plain 4-variable product 925 729 229 +2.81
Final descriptor-guided 4-variable product 1134 487 262 +6.68

Table 5.7: Per-query comparison against the SigLIP2 first-stage baseline on all 1,883 benchmark queries. The final
descriptor-guided reranker improves 1,134 queries and worsens 487, with an average query-level gain of +6.68 per-
centage points in average precision at 100. This confirms that the improvement is broad across the benchmark rather
than being caused by a few isolated large wins.

This table sharpens the interpretation of the reranking stage. The plain RZEn pair alone

hurts more queries than it helps. In contrast, once RZEn is used as an additional verifier rather
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than a replacement, the picture changes. The no-instruction four-variable branch already im-
proves more queries than it worsens. The descriptor-guided RZEn branch improves the broad-
est set of queries and produces the largest average gain among the RZEn variants.

This behavior is exactly what one would expect if the descriptor-guided RZEn branch is

doing two things at once:
1. acting as a heterogeneous ensemble partner to the first stage, and

2. using the descriptor to focus that second opinion more tightly on the literal target in-

stance.

The improved-versus-worsened counts are especially useful because a higher mean can some-
times hide an unstable method. A method could improve a few queries dramatically while hurt-
ing many others slightly. That is not the pattern here. The descriptor-guided RZEn reranker
improves more than twice as many queries as it worsens. It still has failure cases, and those are
discussed below, but the aggregate behavior is clearly positive. This supports using it as one of
the main reported pipelines rather than treating it as an isolated lucky sweep.

The tied queries also matter. A tied query usually means that the top-100 ordering or the
relevant positives were not affected in a way that changes average precision. In some cases the
first-stage ranking was already strong, so the reranker has little room to improve. In other cases
the relevant positives were absent from the top-100 candidate set, so a fixed-candidate reranker
cannot recover them. This is why the first stage remains crucial: reranking can improve ranking

quality only among candidates it receives.

QUALITATIVE IMPROVEMENT AND FAILURE CASES.  Theaggregate tables show that descriptor-
guided reranking improves the mean result, but they do not show the shape of the ranking
changes. I therefore also generated qualitative top-10 figures. The examples were selected to
cover both strengths and failures caused by the pipeline: cases where additional instance ver-
ification brings more positives into the visible ranks, and cases where the reranker makes the
ordering worse by emphasizing the wrong evidence. In each figure, candidates marked in green
are positives and candidates marked in red are negatives. The score rows show how the ranking

evolves from the first-stage baseline to the later reranked setting.

79



Figures5.2,5.3,and 5.4 show successful and diagnostically useful good-case examples. These
examples illustrate the intended behavior of the pipeline: the centered/contextualized first
stage already retrieves a meaningful candidate set, and the later reranking signals move more
true positives into the visible top ranks. The third example is especially useful because it also
shows how a multimodal reranker can be misled when the modification phrase is visually am-
biguous.  Figures 5.5 and 5.6 show the opposite behavior: cases where the RZEn-hybrid
reranker substantially hurts the ranking. These failures are useful because they prevent the
method from being interpreted as universally beneficial. The reranker can overemphasize descriptor-
compatible visual evidence while suppressing candidates that were correctly balanced by the
original SigLIP2 product. This is why the analysis reports both the number of improved and

worsened queries, not only the mean mAP.

WHY THE DESCRIPTOR-GUIDED BRANCH WORKS. The best reranking result supports the
main methodological claim of the thesis. Instance-level CIR is better handled when identity
verification and modification verification remain coupled but not collapsed. In the final four-

variable system:
1. the first-stage SiglLIP2 image branch contributes identity-oriented visual evidence,

2. the first-stage SigLIP2 contextualized-text branch contributes modification-oriented ev-
idence,

3. the descriptor-guided RZEn image score contributes a second, more expressive opinion
about literal identity, and

4. thedescriptor-guided RZEn text score checks how compatible that same descriptor-guided
candidate representation is with the query modification.

The descriptor itself is important because it narrows the model’s attention toward the correct
object, product, character, or landmark, especially in multi-object scenes and fine-grained near-
miss cases. But the improvement is not only about the descriptor. It is also about combining
two genuinely different model families: a strong dual encoder and a promptable multimodal
embedder. The instructed branch works best because it turns that ensemble into an instance-

guided ensemble.
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q_0180 | eames_lounge_chair

Modification
with brown or dark beige leather

Top-10 positives per stage

CLIP-L centered=0 | CLIP-L context=1 | SigLIP2 centered=3
SigLIP2 context=5 | ILIAS probe=5 | RZEn=6

Selection: strict step by step positive count increase

CLIP-L Centered positives in top 10: 0 positive ranks: none

#5

NEG . 0.075  NEG

CLIP-L Centered + Context positives in top 10: 1 positive ranks: 3

Es 3

0.108  NEG 0.099  NEG 0.097  POS . 0.096  NEG

#3

SigLIP2 Centered positives in top 10: 3 positive ranks: 1, 4, 10

pE 5|

0.076  POS 0.063  NEG 0.063  NEG 0.062 POS 0.062 NEG

#!

#3

)

SigLIP2 Centered + Context positives in top 10: 5 positive ranks: 1, 4, 5, 7,

#1 . #2 #3 #5
0.063  POS 0.059  NEG 0.058  NEG
ILIAS linear-probe reranker positives in top 10: 5 positive ranks: 1, 2, 5, 6, 8
: I | | | E | E .
0.004  POS 0.004  POS 0.004  NEG 0.004. 0.004  POS NEG 0.003  NEG

RZEn Reranker positives in top 10: 6 positive ranks: 1, 4, 5, 6, 9, 10
0.202 POS . 0.193  NEG 0.193 0s 0.190  POS 0.189  POS 0.187 NEG 0.185  NEG 0.185 POS 0179  POS

Figure 5.2: Qualitative improvement example for eames_lounge_chair. Candidate images marked in green are
positives and candidates marked in red are negatives. The progression shows how later pipeline stages move more true
positives into the visible top-10. The added ILIAS linear-probe row appears immediately before the RZEn row and shows
the alternative learned instance-verification route, while the final RZEn row shows the descriptor-guided multimodal
route.
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q_0237 | mickey_mouse

Modification
as a real size statue

CLIP-L centered=0
SigLIP2 context=0

0.055  NEG 0.051  NEG

CLIP-L Centered + Context positives in top 10:

positives in top 10:

f

Top-10 positives per stage

| CLIP-L context=0 | SigLIP2 centered=0 |
| ILIAS probe=0 | RZEn=10

Selection: reranker better than siglip2 centered context

0 positive ranks: none

: 0 positive ranks: none

#*

#3
NEG 0.043  NEG

SigLIP2 Centered

%‘
W

positives in top 10:

NEG 0.001  NEG

RZEn Reranker

0.107

POS

positives in top 10: 10

0.043  NEG

0 positive ranks: none
#4 #5
A
0.029 NEG 0.029 NEG .

positive ranks: none

0.029 NEG

NEG

0.000

0.001 NEG

positive ranks: 1, 2, 3, 4, 5,6, 7, 8, 9, 10

POS

0.048

NEG

0.047

NEG

0.028

NEG

Figure 5.3: Qualitative improvement example for mickey_mouse. The rows compare the first-stage baselines, the
ILIAS linear-probe reranker, and the descriptor-guided RZEn reranker. The example shows that different second-stage
routes can change the visible top-10 in different ways: the learned probe tests whether external instance supervision
helps, while the RZEn route tests whether descriptor-guided multimodal evidence improves exact-instance ranking.
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q_00232 | spongebob_squarepants
Modification
on a yellow t-shirt

AP@100: frozen=25.73 | RZEn=55.74 | ILIAS=83.30

Top-10 positives: CLIP-L=0 | CLIP-L=1 | SigLIP2=0 | Frozen=4 |
RZEn=5 | ILIAS=7

CLIP-L centered image only AP@100: 0.00 top-10 positives: 0 positive ranks: none
©©
[J

0.375  NEG . 0.368  NEG 0.367  NEG

CLIP-L centered + contextualized texAP@100: 11.62 top-10 positives: 1 positive ranks: 8
(1 #2 #4 #5 #6 B 7 #10
i ° Zagey
. I~ 0 e .
0.038  NEG 0.037 NEG 0.036 NEG 0.035  NEG 0.035  NEG 0.035 NEG 0.035  POS 0.035 NEG 0.035 NEG
SigLIP2 centered image only AP@100: 0.00 top-10 positives: 0 positive ranks: none

0.411 NEG . 0.390 NEG

Frozen SigLIP2 centered + contextualiz@mbted® 73 top-10 positives: 4

#6y o

o
() @

0.046  NEG 0.037  NEG

AP@100: 55.74 top-10 positives: 5 positive ranks: 2, 3, 4, 7, 10

#7 8 Y

#8

==
0.005 NEG 0.004 POS 0.004 NEG 0.004  NEG 0.004 POS 0.004
AP@100: 83.30 top-10 positives: 7 positive ranks: 1, 2, 3, 6, 7, 8, 10

#4 - #7 B= #9 #10 5

& v )

B8 % BN

0.002  POS POS 0.002 NEG 0.002  NEG 0.002  POS 0.002 POS 0.002  POS 0.002 NEG 0.002  POS

Figure 5.4: Qualitative good-case example for spongebob_squarepants with the modification “on a yellow t-shirt”.
The six rows compare progressively stronger first-stage and second-stage rankings: CLIP-L image retrieval, CLIP-L with
contextualized text, SigLIP2 image retrieval, SigLIP2 with contextualized text, the descriptor-guided RZEn reranker,
and the ILIAS linear-probe reranker. This example is useful because it is not a purely monotonic success case. The ILIAS
linear-probe route places more positives in the visible top-10, while the RZEn reranker is partly misled by the modifica-
tion. Since the RZEn route combines image-side and text-side evidence in the final product, it requires a precise under-
standing of the phrase “on a yellow t-shirt”. Here the word “yellow” can overlap with the identity of SpongeBob himself,
so the modification branch can overweight a misleading cue. The example therefore illustrates both the benefit of extra
instance-focused evidence and the remaining difficulty of balancing identity and modification signals.
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q_01667 | horevtis_multilingual_sign

Modification
surrounded by chairs

RZEn descriptor
A large blue sign with multilingual text hanging on a white wall.

AP@100: SigLIP2 baseline=83.33 | RZEn hybrid=2.13 | delta=-81.20 points

SigLIP2 centered + contextualized baseliR©100: 83.33 positives in top 10: 3 positive ranks: 1, 2, 6

NEG 0.0365 NEG

ILIAS linear-probe reranker AP@100: 73.33 positives in top 10: 2 positive ranks: 1, 2

NEG NEG 0.0007 NEG 0.0007 NEG

RZEn hybrid reranker AP@100: 2.13 positives in top 10: 0 positive ranks: none

0.0006 NEG

NEG . . NEG 0.0007 NEG . NEG

Figure 5.5: Qualitative failure example for horevtis_multilingual_sign. The rows show the SigLIP2 first-stage
ranking, the ILIAS linear-probe reranker, and the descriptor-guided RZEn reranker. The RZEn route sharply reduces
average precision for this query, while the ILIAS row gives a useful comparison point: not every second-stage verifier fails
in the same way. Such cases reveal where descriptor-guided identity evidence can overpower the balance achieved by

the first-stage product.
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q_01698 | balos_crete

Modification
from an aerial viewpoint

RZEn descriptor
A small rocky island with a sandy beach and clear turquoise water surrounding it.

AP@100: SigLIP2 baseline=85.42 | RZEn hybrid=15.14 | delta=-70.27 points

SigLIP2 centered + contextualized baseliR©100: 85.42 positives in top 10: 4 positive ranks: 1, 2, 4, 6

NEG 0.0412 POS NEG NEG

ILIAS linear-probe reranker AP@100: 69.51 positives in top 10: 3 positive ranks: 1, 3, 4

0.0023 POS NEG POS 0.0022 POS 0.0019 NEG 0.0019

RZEn hybrid reranker AP@100: 15.14 positives in top 10: 1 positive ranks: 5

0.0036 NEG

NEG . 0.0046  NEG 0.0044  NEG 0.0043  POS 0.0041  NEG 0.0041 NEG

Figure 5.6: Qualitative failure example for balos_crete. The figure compares the first-stage ranking with both second-
stage routes. The ILIAS linear-probe row is inserted before the RZEn row to separate the behavior of a learned dual-
encoder verifier from the behavior of the descriptor-guided multimodal reranker. This example motivates the limitations
discussed in the conclusion: reranking can improve the mean substantially while still failing on queries where the descrip-
tor or candidate representation emphasizes the wrong visual evidence.
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The descriptor-guided branch can also be understood as a way to reduce ambiguity in the
candidate embedding. A candidate image may contain several objects or visual regions. A
generic image embedding must compress the whole image into one vector, and the resulting
representation may emphasize the most captionable or most salient elements rather than the
query-relevantinstance. The descriptor gives the reranker an explicit attention guide: represent
the candidate with respect to this object, character, product, or landmark identity. This is why
the descriptor is generated from the query image and kept fixed across the top-100 candidates.

At the same time, the descriptor-guided RZEn route deliberately avoids using the descriptor
as a target-state description. The descriptor should not tell the model that the target must be
“at night”, “as an emoji”, or “in red”. That information belongs to the modification branch. If
the descriptor leaked the modification, the reranker would collapse identity and modification
evidence into a single generated phrase. The thesis instead keeps the descriptor as an identity

guide and lets the modification text provide the state evidence. This preserves the decomposi-

tion that motivates the whole pipeline.

OTHER RERANKING EXPERIMENTS.  Several other reranking ideas were explored during the
project. They were valuable for analysis, but none replaced the final four-variable descriptor-

guided product.

Difference and reverse-difference variables. These formulas compared target-conditioned and
source-conditioned state embeddings in order to measure how much a candidate representa-
tion changed under different textual conditions. They were analytically useful, but they made
the system harder to explain and were not necessary for the main thesis formulation.

The difference variables were motivated by a reasonable hypothesis: if a candidate image
already satisfies a modification, conditioning the candidate embedding on that modification
should not change the embedding much; if the modification is absent, the conditioning may
move the embedding more. In practice this signal was noisy. Some correct candidates changed
substantially because the model reinterpreted the image under the new text, while some incor-
rect candidates changed little because the modification was generic or weakly visible. The signal

could help on particular queries, but it was not stable enough to replace the clearer four-variable
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formulation.

Text rewriting and future-state captioning. I also explored rewriting modifications into richer
sentences and generating future-state captions with open-source multimodal models. These
experiments were helpful for understanding language-side failure modes, but richer text often
injected extra variability rather than cleaner retrieval evidence. In the reported pipelines, the
simpler contextualized first-stage text and the controlled second-stage verifiers were more reli-
able.

These experiments were valuable because they revealed a limitation of language-side enrich-
ment. A more detailed text is not automatically a better retrieval query. If the generated text
adds background assumptions, changes the scope of the modification, or describes the current
query image rather than the desired target state, it can move the text embedding away from
the intended condition. This was especially visible for short modifications whose meaning de-
pends on the image. The RZEn route therefore uses generated language only where it is most
useful: to describe the stable instance for the reranker, not to replace the modification signal in
the first stage.

Another failure mode is repetition of the same evidence across branches. If multiple text
or image branches encode nearly the same descriptor, the final product can over-amplify that
repeated cue. This may look like stronger confidence, but it is not necessarily stronger evidence.
For example, a descriptor repeated through both the image-conditioned and text-conditioned
branches can make the model overfit to the most salient described attribute while ignoring
subtler modification evidence. This is one reason the final thesis model keeps only two second-

stage variables and preserves the original SigL.IP2 image and text scores as guard rails.

Grounding and crop-based reranking. Grounding-based crops were tested to isolate the most
relevant object region before reranking. This direction remains promising, but it did not out-
perform the main whole-image reranker in the present experiments. A likely reason is that some
instances are identified not only by a tight bounding box, but also by scale, configuration, or
surrounding cues. At the same time, this branch still seems worth investigating further, be-
cause many manually checked boxes were imperfect and more reliable grounding models than

Grounding DINO could still unlock better crop-based verification.
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The crop branch is a good example of a method that is conceptually attractive but opera-

tionally fragile. For object-centric queries, a crop can remove irrelevant clutter and help the
embedding model focus on the target. For landmarks, scenes, artworks, signs, or objects whose
identity depends on surrounding structure, a crop can remove evidence that is actually useful.
The quality of the grounding model also matters. If the box misses part of the object or selects
the wrong object in a multi-object scene, the reranker receives a worse input than the original
image. This explains why the branch is left as future work rather than included in the final
pipeline.
Modification-aware prompting. I also tested reranking branches that explicitly instructed the
reranker to focus on whether the modification itself was present. These branches were infor-
mative, but they did not outperform the simpler descriptor-guided candidate embedding that
was compared directly against both the query image and the query text. The reported RZEn
route therefore keeps the modification signal implicit in the four-variable product rather than
introducing an additional prompt-specific branch.

This result also clarifies the role of the RZEn text score in the reported model. The candidate
embedding is generated once under the instance-focused descriptor instruction, and that em-
bedding is compared with the modification text embedding. A separate modification-aware
candidate embedding was not used in the final system. This keeps the reranker cheaper and
avoids forcing the candidate representation to answer two different prompts. The product still
contains modification evidence because the first-stage contextualized text score and the RZEn
text comparison both depend on the modification.

Taken together, these non-final experiments strengthen the final interpretation. The best-
performing systems are not simply the most complex ones tested. They are the systems that
preserve the cleanest decomposition while improving the strongest baseline. The unsuccessful
branches are therefore not wasted work: they show that richer language, extra variables, and lo-
calized crops must be evaluated carefully in instance-level composed retrieval, where additional
information can easily shift the system away from the exact identity or modification evidence

that matters.
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Conclusion

This chapter synthesizes the findings of the thesis, discusses the limitations of the current sys-
tem, and outlines future research directions. The main conclusion is that instance-level com-
posed image retrieval benefits from treating identity preservation and modification satisfaction
as separate but coupled forms of evidence. This view leads to a strong two-stage system: a
SigLLIP2 first stage for efficient candidate retrieval followed by an additional verifier. Two veri-
fier routes are effective. The descriptor-guided RZEn route gives the strongest final result, while
the ILIAS-trained linear-probe route is a lighter and practical alternative with nearly compara-
ble precision. Both routes show that second-stage evidence is most useful when it preserves the

original composed score instead of replacing it.

6.1 SYNTHESIS OF FINDINGS

The thesis studied instance-level composed image retrieval in a setting where a correct target
must satisfy two conditions at the same time. It must depict the same literal instance as the

query image, and it must visually satisfy the requested modification. This is stricter in its rele-
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vance definition than ordinary semantic retrieval, although not every individual query is nec-
essarily harder: the instance constraint can sometimes help reject candidates that are obviously
different. The difhicult cases are those in which identity and modification evidence pull the
ranking in different directions. A candidate from the correct category is not sufficient. A can-
didate that matches only the requested style, color, state, or context is also not sufficient. The
task is conjunctive, and the experiments show that the scoring strategy should reflect that struc-

ture.

The first important finding is that explicit multiplicative fusion is very strong for this prob-
lem. The product of image and text evidence is not only a simple baseline; it is aligned with the
task definition. Additive fusion is too permissive because one branch can compensate for the
other. In instance-level composed retrieval, such compensation is often exactly the failure case:
a wrong instance can have high text compatibility, or a correct instance can have low modifica-

tion compatibility. Multiplication is stricter and therefore better suited to the benchmark.

The second important finding is that frozen embedding backbones can be much stronger
than the original baseline when the retrieval pipeline is adapted carefully. Across the audited
first-stage models, SigLIP2 SO400M Patchl6 384 was the strongest backbone. Its best first-
stage recipe was not the heaviest BASIC-style pipeline, but the centered contextualized prod-
uct. Leave-one-instance-out image centering improved identity-sensitive visual comparison,
and text contextualization made short modification phrases more compatible with a caption-
trained text encoder. Together, these operations reached 59.64 mAP@100 and 60.24 Macro-
mAP@100 on the full benchmark.

This first-stage result is important because it shows that a large part of the gain comes from
using the right frozen backbone in the right way. The model does not need to be fine-tuned on
ICIR to become strong. Instead, the embedding space must be corrected and queried in a way
that matches the benchmark. Centering addresses the image side by reducing common dataset
directions. Contextualization addresses the text side by making short modifications more nat-

ural for the text encoder. The final product then combines these two corrected branches.

The third important finding is that not every plausible BASIC-style component helps the

strongest backbone. Projection, local query expansion, min-score scaling, and several score-
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normalization variants did not improve the final SigLIP2 setting. This is a useful negative re-
sult. It shows that retrieval pipelines should not be treated as a checklist of refinements. A
component that helps a weaker or differently trained backbone can hurt a stronger one, espe-
cially in a benchmark where fine-grained identity cues matter. The final first-stage pipeline is

therefore deliberately simple.

The fourth important finding is that reranking provides a substantial additional improve-
ment when it is used as verification rather than replacement. The thesis shows this with two
complementary routes. The ILIAS-trained linear-probe route uses supervised instance-retrieval
evidence as a cheap second-stage verifier, while the RZEn route uses descriptor-guided multi-
modal embeddings as a heavier instruction-aware verifier. RZEn alone is not a better first-stage
retriever than the strong SigLIP2 baseline. However, when RZEn contributes two additional
scores on top of the SigLIP2 image and text scores, the ranking improves. The final descriptor-
guided four-variable product reaches 66.42 mAP@100 and 65.65 Macro-mAP@100. This is
the strongest result reported in the thesis and the clearest evidence that the proposed second

stage adds value beyond the first-stage baseline.

The distinction between plain and descriptor-guided reranking is especially important. A
plain no-instruction RZEn branch already improves over the first stage, which indicates an en-
semble effect between two different embedding families. The descriptor-guided branch im-
proves further, which shows that the instruction and instance descriptor contribute more than
generic backbone diversity. The ILIAS route supports the same broad lesson from a different
direction: a trained probe can shift the representation toward instance evidence, but it works
best when it remains one factor in a composed score rather than replacing the modification-
aware first stage. In other words, the rerankers help because they add focused evidence while

preserving the original identity-versus-modification decomposition.

The fifth important finding is diagnostic and practical. The ILIAS experiments show that
frozen SigL.IP2 embeddings already contain substantial instance-level information. Under leave-
one-domain-out evaluation, a lightweight linear probe raises Macro-mAP@100 from 31.39 to
73.26. Directly replacing the image branch in ICIR is not enough, because the adapted im-

age space must remain calibrated with the modification text. However, the probe becomes
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valuable when used as a second-stage verifier inside the composed product. In that role, the
ILIAS-based route reaches competitive ICIR performance while being much lighter than the
RZEn reranker. This shows that the thesis has two viable identity-preservation mechanisms:
train a small instance-focused probe, or prompt a multimodal embedder to focus on a gener-
ated instance descriptor.

These findings support the central thesis claim. Instance-level composed image retrieval is
best treated as structured verification. The system should preserve a visible identity branch and
a visible modification branch, and it should combine them with an operation that reflects the
fact that both conditions must hold. The final two-stage method implements this idea first

with SigLIP2 and then with descriptor-guided RZEn reranking.

6.2 LIMITATIONS

The first limitation is dataset scope. The experiments are focused on the ICIR benchmark and
on ILIAS as an auxiliary diagnostic source. This is appropriate for the research question, but
it means that the conclusions should be tested on additional instance-level composed retrieval
datasets when such datasets become available. ICIR is carefully constructed and difficult, but
broader evaluation would clarify how well the proposed decomposition generalizes across im-
age sources, object domains, languages, and modification types.

The benchmark also contains many short modifications. These are useful because they iso-
late a clear visual change, but real user requests can be more complex: they may combine mul-
tiple attributes, relations, style changes, object interactions, and contextual constraints in one
sentence. A future benchmark with more compositional and multi-step modifications would
test whether the same multiplicative decomposition remains sufficient or whether stronger
language-model reasoning is required.

The second limitation is dependence on the embedding backbone. The strongest first-stage
result depends on SigL.IP2 SO400M Patchl6 384. Other backbones follow the same general
methodology, but their absolute behavior differs. Some components that help weaker models

do not help the strongest one. This means that the final recipe should be understood as an
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empirical result for the audited backbones, not as a universal rule that every future embedding

model will follow.

The third limitation is reranking cost. The second stage processes only the top 100 candidates
per query, so it is far more feasible than running a large multimodal embedder over the entire
database. Nevertheless, RZEn reranking is still substantially more expensive than the SigLIP2
first stage. In practice, throughput depends on graphics memory, batch size, image resolution,
and caching. This cost is acceptable for an offline benchmark and for many high-value retrieval

settings, but it remains a practical constraint for very large-scale or low-latency deployment.

The fourth limitation concerns descriptor generation. The final reranker relies on auto-
matically generated instance descriptors. These descriptors are useful because they guide the
reranker toward the literal target instance, but they can still be imperfect. A descriptor may em-
phasize a non-discriminative visual cue, omit an important detail, or describe a scene element
too generically. The qualitative failure cases show that the reranker can sometimes overempha-

size descriptor-compatible evidence and harm a query that the first stage ranked better.

The fifth limitation is that the final reranker remains an embedding-based reranker, not a
tull cross-encoder verifier. This choice is intentional because it keeps the method scalable and
allows score-factor analysis. However, a cross-encoder that jointly processes the query image,
modification, candidate image, and descriptor might capture finer interactions. Such a model
would be more expensive and harder to cache, but it could reduce errors where the embedding

representation loses relational information.

Thessixth limitation is thatlocalization remains unresolved. Crop-based reranking and ground-
ing experiments were explored, but they did not become the final method. Some failures clearly
involve clutter or multiple objects, where localization should help. Other failures involve land-
marks, signs, or scenes where tight crops can remove useful context. A better localization strat-
egy may need to decide adaptively when to crop, when to keep context, and how to combine

cropped and full-image evidence.

The seventh limitation is calibration. The final product works well because its factors are
useful and reasonably compatible, but it is still a hand-designed score. The thesis intention-

ally avoids learned fusion for interpretability and because the benchmark setting is limited. A
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future method could learn calibrated weights or transformations from a validation set, but it
would need to preserve the identity-versus-modification decomposition and avoid overfitting

to speciﬁc instances.

6.3 FUTURE WORK

One direction for future work is stronger instance-aware training. The ILIAS experiments
show that a small head can extract instance structure from frozen SigLIP2 embeddings, but the
transfer back to composed retrieval is not yet fully reliable. A more complete training objective
could adapt both the image and text sides, or train a residual adapter that preserves the orig-
inal composed retrieval geometry while increasing instance sensitivity. Such training should
be evaluated carefully because making the image branch too instance-dominant can reduce the
influence of the modification branch.

A second direction is composition-aware adaptation. The ILIAS probe is image-side and
instance-focused. ICIR requires an adapted representation that remains compatible with text
modifications. Future work could train an adapter with triplets or local hard negatives that
explicitly include both same-instance positives and modification-aware negatives. The objec-
tive should reward candidates that satisfy both conditions and penalize candidates that satisfy
only one. This would align the training objective more directly with the multiplicative scoring
principle used in the thesis.

A third direction is better reranking. The current RZEn reranker uses a single descriptor-
guided candidate embedding and compares it to both the query image and the modification
text. Future work could explore rerankers trained specifically for instance-level composed re-
trieval, better prompt-conditioned embeddings, or cross-encoder style rerankers for the final
top candidates. The key requirement is that the reranker should improve verification without
collapsing the distinction between identity and modification evidence.

A closely related direction is explicit modification verification. The current final reranker
focuses mainly on instance-guided candidate representations and keeps modification evidence

through the first-stage text score and the RZEn text comparison. Future systems could add a
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specialized branch that asks whether the modification is visually applied, especially for subtle
states such as material changes, viewpoint, lighting, action, or context. Such a branch should
be designed carefully so that it does not simply repeat the identity descriptor or over-amplify

generic text cues.

A fourth direction is improved descriptor generation. The descriptor should identify the sta-
ble instance without leaking the requested modification. This is a narrow generation task, and
it may benefit from better prompt engineering, specialized fine-tuning, or automatic quality
filters. A useful future system could generate several candidate descriptors, score their discrim-
inativeness, and choose the one that best separates positives from hard negatives on a small

validation set.

A fifth direction is improved localization. Grounding and crop-based experiments remain
promising because many retrieval failures involve clutter, multiple objects, or candidate images
where the relevant instance occupies only part of the image. More reliable grounding models
could help isolate the object of interest before reranking. At the same time, future work must
preserve enough context for instances whose identity depends on surrounding structure, scale,

or configuration.

A sixth direction is larger-scale evaluation. The thesis uses the intended query-local hard-
negative protocol, which is the correct protocol for this benchmark. However, practical systems
may need to combine global retrieval, local hard-negative ranking, and reranking. Studying
how the proposed decomposition behaves when candidate pools are generated dynamically at

larger scale would make the method easier to transfer into applied retrieval systems.

A seventh direction is deeper analysis of score factors. The final method keeps the four scores
explicit, which makes it possible to study which queries improve because of image evidence,
which improve because of text evidence, and which require agreement between model families.
Future work could use this factor-level information to build adaptive rerankers. For example, if
the first-stage image score is already highly confident but the text score is uncertain, the system
could allocate more computation to modification verification. If the text score is strong but

the image score is ambiguous, it could allocate more computation to instance verification.

Finally, future instance-level composed retrieval systems will likely need language models as
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part of the pipeline. Real modifications are often compositional and context-dependent, not
justshortattribute phrases. Alanguage model can help decompose a requestinto stable identity
cues, required visual changes, and irrelevant background details. The key challenge is to use
this reasoning without leaking target information or allowing generated text to dominate the
visual evidence. The thesis results suggest that language-model assistance is most useful when
it is constrained to a clear role, such as descriptor generation or final verification, rather than

allowed to replace the whole retrieval score.

6.4 CLOSING REMARKS

The main contribution of the thesis is both empirical and methodological. Empirically, the fi-
nal two-stage system improves a strong SigLIP2 first-stage baseline from 59.64 to 66.42 mAP@100,
outperforming the previous BASIC state of the art for this setting. A second competitive route
based on ILIAS-trained linear probes shows that instance-focused supervision can also provide
a strong and efficient verifier. Methodologically, the thesis shows that instance-level composed
image retrieval should be treated as a structured verification problem rather than as generic
semantic matching. The most successful pipelines keep identity evidence and modification ev-
idence visible throughout the scoring process, first with a centered contextualized product and
then with either a trained instance-aware probe or descriptor-guided multimodal reranking.
The broader lesson is that strong frozen embeddings are not passive black boxes. They con-
tain useful identity information, but the retrieval pipeline determines whether that informa-
tion is exposed, suppressed, or miscalibrated. The final system succeeds because it respects the
structure of the task: the same instance must remain the same, the modification must be visi-
ble, and both conditions must be supported at the same time. This decomposition provides
a clear foundation for future work on more scalable, more trainable, and more instance-aware

composed retrieval systems.
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Supplementary Methodological Details

A.l TEXT CONTEXTUALIZATION DETAILS

The first-stage text contextualization used in the main SigLIP2 pipeline follows the intuition
of BASIC: short modification phrases are often poorly matched to the caption-like text distri-
bution used to train CLIP/SigLIP-style dual encoders. The aim is therefore not to add new
semantic evidence, but to place the same modification inside a set of neutral sentence-like con-

texts before embedding.

Let t4 denote the original ICIR modification, for example “in black color” or “from an aerial
viewpoint”. Let

C={c,...,cm} (A1)

be a corpus of generic context strings. In the implementation, C is read from the BASIC generic-
subject corpus distributed with the ICIR codebase. For the SigLIP2 SO400M experiments I
used the first M = 100 generic entries. These entries are deliberately broad and non-instance-

specific. They are used only as linguistic scaffolding, not as labels for the image or as additional
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ground-truth information.

For every modification t4, two contextualized orders are generated:

Pre(tq) = Ci g, pOSt(tq) = lq Ci. (A2)

1 1

The final contextualized text embedding is the normalized mean of all 2M embeddings:

1 M
2% — norm W;[ﬁ( P (tg)) + fr(gP (k)] | (83)

This is the embedding used in the final first-stage score. Importantly, the contextualization
corpus does not contain the query instance name, the image filename, or the target candidate
identity. It is only a set of generic phrases used to make the modification text look more like a
natural caption. This distinction matters because the ICIR task should remain instance-level

and should not be solved by leaking the answer through text.

As a concrete example, suppose the raw ICIR modification is “at night”. The contextualiza-
tion procedure does not rewrite this as a target-specific sentence such as “the Eiffel Tower at
night” or “the same chair photographed at night”. Instead, it produces generic variants such as
“a photo of an object at night” and “at night in a natural image”. Similarly, for a modification
such as “made of wood”, the contextualized set contains sentence-like wrappers around the
same phrase rather than descriptions of any particular candidate. The average of these embed-
dings gives the text encoder a more caption-like input distribution while preserving the original

modification semantics.

The reason this helps CLIP/SigLIP-style models is that their text encoders are usually trained
on complete captions rather than isolated fragments. A two-word phrase can be meaningful to
a human, but its embedding may be less stable than the embedding of the same phrase inside
a short caption-like context. Averaging many neutral contexts reduces sensitivity to any one

wrapper and avoids adding answer-specific information.

I also tested alternative text-centering variants. One direction used an external caption dis-

tribution, including Flickr-style natural captions, as the text-side center. Another direction
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centered the raw and contextualized text using dataset-derived text statistics. These variants
were useful diagnostically, but they did not improve the final SigLIP2 SO400M result. The

final pipeline therefore keeps image centering but does not apply text centering.

A.2 FIRST-STAGE FUSION OPERATORS

The main thesis uses multiplication because ICIR relevance is conjunctive: the candidate should
preserve the query instance and satisfy the modification. During development, several alterna-
tive fusion operators were tested or considered. Let @ > 0 denote the image-side score and
b > 0 denote the text-side score after any required score shifting or normalization. The oper-

ators are:

Product.

Fproda(a,b) = ab. (A.4)

This is the main operator. It is high only when both branches are high, and it strongly sup-

presses candidates that match only identity or only modification.

Additive fusion.
Faaa(a,b) =a+b. (A.5)

Addition is more permissive. It allows a very high image score to compensate for a poor text
score, or the reverse. This is not desirable for ICIR because a candidate that preserves identity

but ignores the modification should not be ranked highly.

Geometric mean.

Fgeo(a, b) = Vab. (A.6)

The geometric mean preserves the agreement structure of the product but softens its dynamic
range. It was useful as an analysis point, but the final thesis tables focus on the plain operator

comparison without additional transformations.

Harmonic mean.

2ab

Frarm(a,b) = dibte

(A7)
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This behaves similarly to an F-score: it is dominated by the weaker branch. It is stricter than

addition, but in practice it was less effective than the product in the SigLIP2 first-stage setting.

Minimum.

Fnin(a,b) = min(a, b). (A.8)

The minimum is an extreme weak-link operator. It completely ignores the stronger branch

once the weaker branch is known. This was too harsh empirically.

Soft minimum.

ab
a+b—-ab+¢

Fsottmin(a, b) = (A9)

For scores in [0, 1], this is a fuzzy-logic-style strict agreement operator. It performed close to

the product in the first-stage fusion comparison, but did not clearly surpass it.

Harris-style disagreement penalty.

This operator follows the BASIC-style Harris response after branch-wise score scaling. The
product rewards joint evidence from the image and text branches, while the quadratic term pe-
nalizes broad one-sided dominance through a trace-like penalty. In the final SigLIP2 SO400M
setting it did not improve over the simpler centered contextualized product, although it re-

mains an interesting calibration idea for weaker or less stable backbones.

A.3 INSTANCE DESCRIPTOR GENERATION

The RZEn reranker uses an instance descriptor to focus the candidate embedding on the literal
query instance. These descriptors are generated automatically rather than manually. The query
image is given to an open-source multimodal language model, and the textual modification is
used only to help the model identify the salient instance in the query image. The output is
then constrained to describe the stable identity of the instance, not the requested target modi-

fication.
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Multiple prompting families were tested. The project explored Qwen 3.5 9B and InternVL
3.5 8B, short five-line descriptors, longer five-line descriptors, strict slot-based descriptors, future-
state captions, and modification-conditioned state descriptions. The selection process used a
validation subset: several instruction variants were run on held-out examples, their outputs
were inspected for leakage and descriptiveness, and the most reliable variant was then used for
the larger ICIR evaluation. The final reranking branch uses an exact identity-oriented descrip-
tor line, referred to in the code as the Line-2 descriptor.

The descriptor-generation prompt followed three principles:
1. describe the literal instance, not the background;
2. avoid leaking the desired target modification into the identity descriptor;

3. produce a standalone phrase or sentence that can guide a reranker toward discriminative
identity cues.

The instruction used for the identity-description generation can be summarized as follows:

You are given a query image and a modification. Use the modification only to
identify which instance in the image is the target. Do not describe the modifica-
tion itself. Describe the salient literal instance as a standalone identity description.
Focus on discriminative visual cues of the object, product, character, landmark,
artwork, scene element, or other instance type. Avoid unnecessary background
details. Do not mention image filenames, dataset names, query identifiers, or hid-
den labels. Do not include target-state information that would leak the answer.
Produce several diverse descriptions, each describing the same instance from a dif-
ferent visual aspect.

For the stricter five-line descriptor variants, the prompt additionally requested diversity across
lines: one line for object/category and overall form, one line for color/material/texture, one
line for distinctive parts or markings, one line for viewpoint or composition, and one final stan-
dalone line emphasizing another identifying cue. During validation, outputs were checked for
three common failure modes: generic captions that ignored the instance, leakage of the modi-
fication into the identity descriptor, and descriptions dominated by background or scene con-
text. The final reranker used the most stable exact identity line rather than the full muld-line

caption.
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The final descriptor asset is stored as one descriptor per ICIR query. When a generated de-
scriptor line is missing or empty, the pipeline uses a deterministic fallback: first a valid descrip-
tor from the same query image when available, then a descriptor from the same instance when
available, and finally a cleaned instance identifier only as a last resort. This fallback is used to

prevent silent missing-text failures during reranking.

A.4 RERANKER PROMPTS

The final thesis reranker uses the instance-focused RZEn prompt. The full prompt used for

candidate-side descriptor-guided embedding is:

Represent the candidate image for exact instance-level retrieval. Use the provided
instance descriptor as an attention guide for the literal object, character, product,
or landmark identity. Prioritize visual evidence that the candidate image depicts
the described instance. Ignore background, style, lighting, pose, scene context,
and modification/state changes unless they help identify the instance. Do not
treat the descriptor as a generic caption; use it to focus on discriminative identity

cues. Instance dCSCI‘iptOI‘:

A shorter thesis-facing paraphrase of the same instruction is:

Represent the image for exact instance retrieval using the descriptor as an identity

guide; prioritize discriminative object, product, character, or landmark cues.

The following modification-aware prompt was also tested in ablation experiments:

Represent the candidate image for modification-aware retrieval. Use the provided
modification text as a visual condition. Focus on whether this modification, state,
action, style, location, or context is actually visible in the candidate image. Give
high similarity when the candidate image visually satisfies the modification, and
lower similarity when it does not. Do not focus on instance identity here; focus

on the modification evidence. Modification to check:
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The modification-aware branch was useful for analysis, but it is not used in the final thesis
model. The final four-variable result embeds each candidate with the instance-focused instruc-
tion and compares that same descriptor-guided candidate embedding to both the RZEn query-
image embedding and the RZEn modification-text embedding. This choice keeps the reranker

simpler and avoids adding a second candidate embedding pass for every top-100 image.
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