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Abstract

Composed Image Retrieval (CIR) targets the retrieval of im-
ages conditioned on a reference image and a textual modi-
fication, but constructing labeled triplets (reference image,
textual modification, target image) is inherently challeng-
ing. Existing Zero-Shot CIR (ZS-CIR) approaches often rely
on well-aligned vision-language models (VLMs) to com-
bine visual and textual inputs, or use large language models
(LLMs) for richer modification understanding. While LLM-
based methods excel in capturing textual details, they are
computationally costly, slow to infer, and often restricted
by proprietary constraints. In this paper, we argue that
the superior performance of LLM-based ZS-CIR methods
primarily stems from their capacity to follow instructions,
an aspect largely missing in more efficient projection-based
models built upon VLMs. To bridge this gap, we intro-
duce DistilICIR, a dual-stream distillation framework that
transfers LLMs’ instruction-following capability into com-
pact, projection-based architectures. By synthesizing triplet
data with an LLM and incorporating a novel reasoning
process, DistillCIR learns both composed retrieval and in-
struction awareness. In addition, we train an open-source
multimodal LLM on the generated data, and further distill
its instruction-aware embeddings into the projection-based
model. Without any reliance on LLMs at inference, Distill-
CIR significantly surpasses state-of-the-art ZS-CIR meth-
ods in both performance and efficiency, offering a promising
direction for instruction-aware, lightweight CIR. Project
page is at: https://distillcir.github.io/.

1. Introduction

Composed Image Retrieval (CIR) is a retrieval task that
refers to finding target images with a composition of ref-
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Figure 1. Comparison with DistillCIR and Existing Methods.
Pic2Word relies solely on CLIP for both training and inference,
offering efficiency but limited comprehension of textual modifi-
cations. In contrast, CIReVL employs an LLM to parse instruc-
tions during inference, making the process slower and less flexible.
DistillCIR bridges this gap by distilling the LLM’s instruction-
following capabilities into a CLIP-based CIR model, achieving
both superior performance and efficient inference.

erence images and a textual modification requirement [2,
12, 36]. Such a task is increasingly attractive in real-
world scenarios, such as e-commerce platforms where users
might want to find similar products with specific alter-
ations [5, 63]. However, CIR often faces significant data
acquisition challenges, as collecting training samples typ-
ically requires substantial human effort. In response, re-
cent works explore Zero-Shot CIR (ZS-CIR) [4, 42], where
models are pretrained on specific datasets and then applied
directly to downstream tasks without additional tuning.

Most ZS-CIR methods are projection-based models [2,
12, 36] founded on well-aligned Vision-Language Models
(VLMs) such as CLIP [35]. Specifically, they generate



composed embeddings by projecting the image embedding
from the VLM into the text embedding space and combin-
ing it with the textual modification for the output embed-
ding. Despite their staged progress, concerns remain about
whether they truly understand the textual modification or
just simply combine multimodal information [48]. More re-
cently, some methods [6, 19, 21, 22, 27] explore the involve-
ment of Large Language Models (LLMs) [58] to enhance
models’ comprehension of modifications. These methods
either process the textual modification and reference images
with LLMs or directly leverage LLMs for embedding gener-
ation. Though qualitative experiments are impressive, these
models are expensive to deploy and slow in inference due
to the significantly larger number of parameters in LLMs.
Worse still, some methods [21] inherently rely on propri-
etary LLMs in downstream tasks, which may be prohibited
in commercial scenarios due to privacy concerns.

Witnessing the rise of LLM-based ZS-CIR models and
their shortcomings, a question naturally arises: what inter-
nal capabilities make these LLM-based models more pow-
erful than most projection-based models? In this paper,
we argue that projection-based models based on pretrained
VLMs excel at multimodal retrieval; however, they struggle
to understand textual modifications. It is the instruction-
following capability [47, 61] within LLMs that makes
LLM-based models outperform projection-based models.
Motivated by this argument, we propose to distill the in-
struction awareness of LLMs into projection-based models,
making them small in size yet powerful in performance.

Nevertheless, distillation from LLMs to CIR models
based on CLIP is challenging, primarily because of the in-
herent task difference: LLMs are trained to generate con-
tent, while CLIP is designed for multimodal representa-
tion alignment. To address this challenge, we propose a
dual-stream distillation strategy. Our intuition is to lever-
age a powerful LLM [, 6] to enhance existing data with
its internal knowledge to train CIR models. Specifically,
we prompt the LLM to extend an image-caption pair to
a triplet similar to the CIR format, which contains an im-
age, a textual modification, and a modified caption. While
the triplet data can teach the projection-based model the
basics of composed retrieval, it does not fully reflect the
instruction-following capability of LLMs. To elicit instruc-
tion awareness, we add a reasoning process [49] during gen-
eration, where the LLM explicitly describes how it derives
the modification and how the modification affects the fi-
nal caption. A novel reasoning loss is then proposed to
guide the projection-based model in learning from this de-
tailed generation process. Besides learning from reason-
ing, it is also crucial to learn instruction-aware embed-
dings. To achieve this, we propose training an open-source
Multimodal LLM (MLLM) [28, 29] using the triplet data
and distilling its instruction-following capability into the

projection-based model through another feature distillation
loss. We term our dual-stream distilled model DistilICIR,
which not only achieves superior performance compared to
existing LLM-based ZS-CIR models but also remains effi-
cient in model size. Furthermore, DistillCIR demonstrates
extraordinary instruction-following capabilities without re-
quiring any LLMs during inference.

To summarize, our contributions are threefold: (1) We
propose a novel insight for enhancing projection-based ZS-
CIR models through instruction awareness, which origi-
nally resides in LLMs but missing in retrieval VLMs. (2)
We introduce DistillCIR, a novel method that learns the
instruction-following capability from LLMs through dual-
stream distillation. (3) Extensive experiments on four pub-
lic datasets are conducted, and the results reflect the supe-
riority of DistillCIR. Moreover, DistillCIR is instruction-
aware without requiring any LLMs during inference.

2. Related Works

2.1. Composed Image Retrieval

Due to the scarcity of labeled data, recent research in Zero-
Shot Composed Image Retrieval (ZS-CIR) has gained trac-
tion. Existing ZS-CIR methods generally fall into two cat-
egories: (1) Projection-based Models [2, 12, 36], which
often build on established multimodal retrieval frame-
works [25, 35]. These methods generate a composed em-
bedding by projecting image embeddings into text space
and combining them with modification embeddings [4, 36]
or by jointly projecting both image and text embeddings
into a shared interpolated space [18]. Although effec-
tive, they frequently struggle to interpret textual modifica-
tions [48]. (2) LLM-based Models [21, 27], which har-
ness the capabilities of LLMs. Some leverage powerful
LLMs at inference time to parse textual modifications [21],
while others use LLMs primarily as text encoders [22, 27].
However, applying LLMs directly for downstream tasks
may lead to slower, less efficient inference, and privacy
issue in many commercial contexts. Although some ap-
proaches [19] sidestep this by using LLMs to synthesize
training data, they generally rely on a specific data gallery,
limiting broader ZS-CIR applicability. To address these
challenges, we propose distilling the LLM’s instruction-
following ability into projection-based CIR models, thus
enabling robust textual understanding without the compu-
tational overhead of LLM-based inference.

2.2. Vision-Language Model Distillation

Model distillation [11, 14, 34, 45] aims to transfer knowl-
edge from a teacher model to a student model. Most exist-
ing approaches concentrate on feature-level alignment [8, 9,
33, 46, 51, 53], matching representations between teacher
and student networks. With the rise of large language mod-
els (LLMs), recent work has also begun exploring how to



distill from a larger LLM into a smaller one [15, 32, 38, 47,
52]. One popular strategy prompts the teacher to synthesize
data, which the student then uses for training to mimic the
teacher’s outputs. Beyond LLMs, some studies also inves-
tigate the distillation of retrieval models, but they primar-
ily focus on feature alignment. Crucially, few endeavors
address distilling instruction-awareness from LLMs into re-
trieval models. In this paper, we tackle this issue with a
novel dual-stream distillation strategy.

3. Methodology

The overview of DistillCIR is shown in Figure 2. The sub-
sequent sections provide details on the model architecture
and the three training objectives: the composed loss, the
reasoning distillation loss, and the feature distillation loss.

3.1. Model Architecture

DistillICIR uses a projection-based CIR model f based on
the pretrained Pic2Word [35, 36], providing basic multi-
modal retrieval capability and efficiency. The image em-
bedding h; is obtained by passing the reference image @
through the CLIP visual tower fy (Equation 1). Subse-
quently, a projection module fy, consisting of a three-layer
MLP with ReLU activations, maps the image embedding
into the textual token embedding space (Equation 2). The
textual modification ¢, represented by a sentence of instruc-
tion, is tokenized and combined with the projected image
embedding. The composed input sequence is then fed to the
CLIP text tower fr to obtain the final composed embedding
hi,+) (Equation 3). D in all equations refers to the model
embedding dimension and the subscript refers to the corre-
sponding model. An overview of this composed embedding
generation process is shown in Figure 3.

hi = fv (i), hi c RPv (1)
B = fs(hi), hi € RPT 2)
ey = fr(hist), hiie € RPT 3)

In inference, all target images can be directly encoded
by the visual tower fy and cached in the database. Cosine
similarity is then used to match the composed embedding
with all target image embeddings.

3.2. Eliciting LLM’s Knowledge via Data Extension

Obtaining large-scale triplet data (reference image, textual
modification, target image) for CIR is challenging. In addi-
tion, the difference in tasks between LLMs and CIR models
hinders the application of distillation techniques used for
transferring larger language models to smaller ones in CIR.
To address this challenge, we propose using publicly avail-
able image-text datasets and LLMs to derive triplet data
with a format similar to CIR. This triplet data provides key

benefits including knowledge enhancement from LLMs and
training objectives akin to CIR.

Specifically, we leverage the CC3M [37] dataset, which
is commonly used in existing ZS-CIR models for consis-
tency. Given an image-caption pair (4, ¢) from the dataset,
1 and c represent the image and caption, respectively. We
use a powerful frontier LLM in the class of Claude 3.5 Son-
net [3] or GPT-4o [1] to generate a triplet (¢, ¢, m), where
t is the textual modification, and m is the modified caption
based on the image and modification. In detail, the caption
c is fed to the LLM, which leverages its internal knowledge
to brainstorm a suitable modification and generate the modi-
fied caption. By generating triplet data in a CIR-like format,
we distill the LLM’s internal knowledge for training CIR
models. We then establish a composed training objective as
in Equation 6, where we obtain the composed embedding
h;; by forwarding (3, t) through the CIR model f and target
embedding h,,, by passing the modified caption through the
text tower fr.

hiiy = f(i,t), hi € RPT @

hm = fr(m), hm € RPT 5)
sim(h; 1), hn)
sim(h; ey, ) + D5 sim(h gy, i)
m’EN
(6)
sim(-, -) represents the cosine similarity with tempera-

ture and N represents the negative set, which is from other
samples in the same batch.

ACcom = - 1Og

3.3. Distillation from Reasoning Enhancement

Directly generating triplets from pairs using LLMs poses
some potential issues. The generated triplet may be un-
dermined by hallucinations [17, 54] within the LLM. More
critically, the triplet can only teach the CIR model what
targets to retrieve rather than how to retrieve the target,
which we believe is the essence of instruction awareness.
To learn the instruction-following capability, the reasoning
process [43, 49] of how a triplet is generated by the LLM
should be detailed and taught to the CIR model.

To achieve this goal, the triplet generation should not be
free-form. Instead, a step-by-step reasoning process [49]
should be incorporated into the generation. In the gener-
ation prompt, we first ask the LLM to identify objects or
environments in the caption that are possibly changeable.
Then, we instruct the LLM to brainstorm a plausible modi-
fication for the identified term. For example, given the cap-
tion “A student is playing basketball,” one possibly change-
able object is basketball, and the corresponding modifica-
tion is “changing the sport to football.” The precise gen-
eration process ensures that the modification is feasible,
thereby mitigating issues caused by hallucinations within
the LLM. The LLM is subsequently prompted to reason
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Figure 2. Overview of DistillCIR. We begin by augmenting the CC3M dataset via LLM-based reasoning, where the LLM produces
plausible modifications and corresponding modified captions step by step, revealing how the modification is derived. We then train a
projection-based CIR model on this LLM-enhanced data using three contrastive losses. The composed loss L..., forms the backbone
of composed retrieval by mapping the reference image and its modification to the modified caption. The reasoning distillation loss
Lrcq contrasts the reference image and the modified caption against the LLM’s reasoning process, employing learnable prompt tokens to
differentiate it from the composed loss. Lastly, the feature distillation loss L ., aligns the projection model’s embeddings with those of a
separately trained teacher MLLM. By combining these losses, our framework equips the projection model with strong instruction-following

capabilities for composed image retrieval.
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Figure 3. Model Architecture. The reference image is first pro-
cessed by the visual tower fy- and then projected via fs. We then
insert the projected image embedding into the text sequence by re-
placing the $ token embedding. This combined input is fed into
fr, producing the composed embedding. At inference time, the
target image is passed directly to fi-, and we measure the similar-
ity between the composed embedding and the target embedding.

how the change will modify the original caption and ulti-
mately derive a modified caption. Due to space limitations,
the detailed prompt is shown in Appendix A. In a nutshell,
the reasoning process consists of three parts: (1) identifying
plausible terms to be changed; (2) brainstorming an appli-
cable change for the identified terms; (3) analyzing how the
modification affects the original caption and deriving the
final modified caption. We denote the entire reasoning pro-
cess as r, which will be used for our reasoning distillation
to teach the CIR model instruction awareness.

To train the CIR model with the reasoning r, we pro-

pose a reasoning distillation training objective, which aims
to align the image and modified caption (¢, m) with its rea-
soning process. Specifically, the objective is a contrastive
loss matching the consequential embedding h; ,,) and the
reasoning embedding h, as shown in Equation 9. How-
ever, in our experiments, we find that this loss can interfere
with L., because they share a similar format but differ
in semantics. To distinguish it from L., we introduce a
set of learnable prompt tokens p € RE*P7 where K is
the number of tokens [23, 62]. These learnable tokens are
prepended to m to capture specific reasoning semantics.

h(imy = f(i,m,p), hiim) € RPT (7)

hy = fr(r),h, € RPT 8)
sim(R;,my, hr)
& Sy ) + 3 SNy, i)
r’eN
9

Lreq = —lo

3.4. Distillation from Feature Alignment

So far, L.y, and L., learn the instruction-following
capability at the semantic level. However, to generate
instruction-aware embeddings, it is also important to learn
at the feature level. Since most state-of-the-art LLMs are
large or proprietary, we train an open-source Multimodal
LLM (MLLM [26, 29]) fas for this purpose.
Instruction-tuned MLLMs provide an aligned vision-
language space. To distill knowledge at the feature level,
one remaining challenge is extracting instruction-aware em-
beddings from the MLLM. Similar to [20, 44], we propose



CIRR CIRCO
Method # Params.
RQ1 R@5 RQ10 R,Q1 R;@2 R;@Q3 mAPQ5 mAPQl0 mAPQ25 mAPQ50
SEARLE 165M 24.00 5342 66.82 54.89 76.60 88.19 9.35 9.94 11.13 11.84
VIiTB Slerp 88M 28.19 55.88 68.77 61.13 80.63 90.68 9.34 10.26 11.65 12.33
CIReVL 12.3B* 2394 5251 66.00 60.17 80.05 90.19 14.94 15.42 17.00 17.82
DistillCIR 153M 29.88 58.75 70.26 62.33 82.46 90.75 16.38 18.55 19.61 20.84
Pic2Word [36] 429M 2390 51.70 65.30 53.76 74.46 87.08 8.72 9.51 10.64 11.29
SEARLE [4] 442M 2424 5248 66.29 53.76 75.01 88.19 11.68 12.73 14.33 15.12
KEDs [39] 429M 26.40  54.80 67.20 - - - - - -
Context-I2W [40]  496M 25.60  55.10 68.50 - - - - -
ViT-L  LinCIR [12] 442M 25.04  53.25 66.68 57.11 77.37 88.89 12.59 13.58 15.00 15.85
Slerp [18] 428M 3094  59.40 70.94 64.70 82.92 92.31 18.46 19.41 2143 22.41
CIReVL [21] 12.5B* 24.55 52.31 64.92 59.54 79.88 89.69 18.57 19.01 20.89 21.80
MCL [27] 7.4B 26.22 56.84 - 61.45 - - 17.67 18.86 20.80 21.68
DistillCIR 429M 3234  63.58 74.29 66.75 84.02 91.83 20.77 21.52 21.41 23.38

Table 1. Experiment Results on the CIRCO and CIRR Test Sets. Bold values indicate the highest scores. *CIReVL includes ChatGPT
as a part of components for retrieval. Only parameters of components with known sizes are reported. Our model achieves significant
performance gains over the baselines while retaining a compact model size.

training a commonly used MLLM (LLaVA [29]) as an em-
bedding model. Specifically, we use the triplet (i,¢,m) and
L com to train the model. To acquire embeddings, the [EOS]
token is appended to the textual input, and its corresponding
output embedding is used as the representation. In training,
the image and textual modification are fed to the MLLM
for the composed embedding, while the modified caption is
fed to the MLLM for the modified target embedding. The
MLLM is then optimized by L..,. Detailed training proce-
dures are described in Appendix B. We then use the trained
MLLM as the teacher model for feature distillation. Specif-
ically, the CIR model generates the composed embedding
for (¢,t), which is projected and used to match the modified
caption embedding generated by the MLLM in Equation 12.

h{; 1y = Linear(h(; 1)), h{; ,, € RP™ (10)
M = frr(m), hM € RPM (11)
sim(h, ... b)) + mZG:N sim(R{; ) b )

(12)

Finally, we combine three losses to train the model for
the composed retrieval, reasoning distillation, and feature

distillation. The combined loss is presented in Equation 13.
EZEcom+a'£rea+B'£fea (13)

The final loss ensures that the CIR model not only learns
to perform composed retrieval using the LLM’s knowledge
but also acquires instruction-following capabilities through
the reasoning and feature distillation processes.

4. Experiment

4.1. Training Settings

For data processing, we use the frontier LLM to process
the CC3M dataset and save all distilled tuples (i, ¢, m, r) as

described in Section 3, which will be used for the model
training.

We experiment with CLIP [35] ViT-B and ViT-L as the
backbones of DistillCIR. In alignment with common base-
lines, all data processing and model training are conducted
on the CC3M [37] dataset. For the teacher MLLM, we use
xtuner/llava-phi-3-mini-hf [10]. After training the MLLM,
we extract and cached modified caption embeddings from
it. The training is conducted on a cluster of six H100 GPUs,
with a learning rate of 2 x 10~° and the batch size is set to
768. For parameter efficiency, we train the entire Pic2Word
projection module while applying LoRA [16] on linear lay-
ers within the CLIP backbone. Appendix D includes further
details and other hyperparameters.

4.2. Benchmarks and Baselines

We conduct our experiments on four prominent zero-
shot CIR benchmarks: FashionlQ [50], CIRR [31],
CIRCO [4], and GeneCIS [41]. As one of the earlier
datasets, FashionIQ concentrates on fashion e-commerce
imagery. By contrast, CIRR and CIRCO revolve around
broader, real-world scenes. While CIRR pioneered CIR
research on natural images, its design of assigning only a
single target image per query may lead to overlooked pos-
itives. CIRCO addresses this concern by enabling multi-
ple ground-truth targets per query, offering a more robust
measure of retrieval performance. Meanwhile, GeneCIS
specializes in conditional retrieval through four types of at-
tribute and object modifications. For evaluation, we fol-
low established practice by reporting Recall@k (RQk) for
FashionlQ, CIRR, and GeneCIS, with an additional sub-
set metric (R;@Qk) for CIRR. Because CIRCO can include
multiple correct targets for a single query, we employ mean
Average Precision (m APQF) to balance both precision and
recall across various ranking positions.

We compare DistillCIR against two categories of state-



Focus Attribute Change Attribute Focus Object Change Object Average
Meth

ethod R@1 R@2 R@3 R@1 R@2 R@3 R@1 R@2 R@3 R@1 R@2 R@3 R@1
SEARLE 1890 30.60 41.20 13.00 23.80 3370 1220 23.00 3330 13.60 23.80 33.30 14.40

ViT-B  CIReVL 1790 29.40 4040 1480 25.80 3580 14.60 2430 3330 16.10 27.80  37.60 15.90
DistillCIR  20.01 3099 4250 15.15 26.89 3585 13.17 2377 3296 16.67 28.19 37.10 16.25
Pic2Word 15.65 28.16  38.65 13.87 2467  33.05 8.42 18.01  25.77 6.68 15.05  24.03 11.15
SEARLE 17.10  29.60 40.70 1630 2520 3420 12.00 2220 3090 12.00 24.10 33.90 14.35

ViT-L  LinCIR 1690 2995 4145 16.19 2798 36.84 8.27 1740  26.22 7.40 15.71 25.00 12.19
CIReVL 1950 31.80 42.00 1440 2600 3520 1230 21.80 30.50 17.20 2890  37.60 15.85
DistillCIR  20.65 3255 44.18 1606 2758 37.66 1328 2435 33.60 17.34 2884  37.65 16.83

Table 2. Experiment Results on the GeneCIS Test Set. Bold indicates the highest score.

of-the-art methods: (1) Projection-based models such
as Pic2Word [36], SEARLE [4], Context-I2W [40],
KEDs [39], Slerp [18], and LinCIR [12]; (2) LLM-based
models such as CIReVL [21] and MCL [27]. To ensure
fair comparisons, we mainly consider baselines trained on
CC3M and exclude those [13, 19, 24, 57] relying on differ-
ent training corpora.

4.3. Result Analysis

Table 1 presents our results on the hidden test sets for both
CIRCO and CIRR, obtained from their respective submis-
sion servers. On the CIRCO benchmark, a dataset noted
for its comprehensive annotations and allowance of multiple
valid targets per query, our method achieves an mAP@5 of
20.77% surpassing LinCIR and Slerp by 8.18% and 2.31%,
respectively. It also provides a 2.20% boost over CIReVL,
which relies on two MLLMs, BLIP-2 [26] and ChatGPT.
Turning to the CIRR dataset, which often features mini-
mal overlap between reference and target images, our ap-
proach excels in handling text-driven retrieval. We obtain a
5.94% improvement over KEDs and a 6.74% improvement
over Context-I2W in RQ1. Additionally, we exceed the
LLM-based baseline MCL by 6.12% in RQ1 and 5.30% in
R;Q@1. These results underscore the strength and adaptabil-
ity of our framework in managing the nuanced challenges
posed by both CIRCO’s multi-target scenarios and CIRR’s
instruction-dominated retrieval tasks. Noteably, besides the
impressive performance, DistillCIR also has a compact size
comparable to most projection-based baselines. Theses
findings validate the efficiency and superiority of Distill-
CIR.

Table 2 compares our results on GeneCIS, a dataset dis-
tinguished by condition statements that may convey oppos-
ing meanings, which necessitates a model capable of nu-
anced interpretation. Our DistillCIR framework outstrips
Pic2Word and CIReVL by 5.68% and 0.98% in average
R@1, respectively. The superiority in this benchmark high-
light the robustness of DistilICIR and its comprehension ca-
pability in following instruction.

Table 3 compares our approach against existing zero-
shot baselines on FashionlQ revealing substantial gains in
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average R@10. Specifically, our model surpasses Pic2Word
and KEDs by 5.98% and 3.98%, respectively. Although
our training primarily utilizes natural imagery, FashionIQ
is highly specialized in fashion e-commerce, making our
strong performance there indicative of the model’s robust
generalization capabilities. Effectively transferring knowl-
edge from general-purpose data to more domain-specific
tasks underscores the versatility of our method across both
fashion-centric and natural-image CIR settings.

Figure 4 presents qualitative comparisons from both
CIRCO and FashionlQ, demonstrating the adaptability of
our method across diverse tasks. In particular, we observe
Pic2Word correctly captures alterations in color within
FashionlQ but struggles with shifts in style. By contrast, our
approach successfully handles both color and style modifi-
cations, showcasing its superior ability to interpret and ap-
ply textual guidance.



Shirt Dress Toptee
R@10 R@50 RQ@10 R@50 RQ@10 R@50

Method

SEARLE 24.44 41.61 18.54 39.51 25.70 46.46
ViTB Slerp 23.06 41.95 19.24 42.14 26.57 47.78
CIReVL 28.36 47.84 25.29 46.36 31.21 53.85
DistillCIR 29.34 49.05 25.14 45.76 33.87 53.06
Pic2Word 26.20 43.60 20.00 40.20 27.90 47.40
SEARLE 26.89 45.58 20.48 43.13 29.32 49.97
KEDs 28.90 48.00 21.70 43.80 29.90 51.90
VITL Cpntexl-IZW 29.70 48.60 23.10 45.30 30.60 52.90
LinCIR 29.10 46.81 20.92 42.44 28.81 50.18
Slerp 29.64 46.47 23.35 45.12 31.97 51.20
CIReVL 29.49 47.40 24.79 44.76 31.36 53.65
Distill CIR 30.73 50.12 25.51 46.64 33.88 53.74

Table 3. Experiment Results on the FashionlQ Validation Set.
Bold indicates the highest score.

5. Ablation Study

In this section, we conduct an in-depth analysis of each part
of DistillCIR and examine its instruction awareness learned
from LLMs. Specifically, we aim to answer the follow-
ing questions: (1) How does reasoning distillation affect
the model performance, and what design choices should
we make for the training objective? (2) What is the im-
pact of feature distillation, and how do different MLLMs
influence the results? (3) Does DistillCIR actually learn the
instruction-following capability, and how should we evalu-
ate it? We address these questions in each subsection. Un-
less otherwise specified, we use the ViT-L backbone and the
validation sets in CIRR and CIRCO to conduct ablations.

5.1. Effect of Reasoning Distillation

While L., focuses on composed retrieval, L, and L¢cq
further enhance instruction awareness. Unlike conventional
distillation approaches, L,.., aims to enable CIR models to
acquire instruction-following capabilities from LLMs at the
semantic level by performing cross-task distillation from
text generation to retrieval. This introduces a key chal-
lenge in designing the distillation loss, since the teacher
and student models optimize fundamentally different objec-
tives. We suggest two potential solutions: (1) aligning with
the teacher (LLM) through text generation with a Negative
Log Likelihood loss, or (2) aligning with the student (CIR)
through retrieval via a contrastive loss. As shown in Cases
1-3 of Table 4, despite prior work [25, 26] suggesting that
joint training for text generation and contrastive learning
can be mutually beneficial, we observe that this approach
actually underperforms compared to contrastive-only train-
ing. We attribute this discrepancy to differences in inputs
and outputs: in contrast to the multitask setting described
in [25] where both tasks share the same inputs and out-
puts, our L., (composed retrieval) and L., (instruction
reasoning) target distinct inputs and outputs, complicating
training when the losses themselves also diverge.

Hence, we recommend using contrastive learning for
L,cq- However, Cases 3-4 shows that contrastive-only opti-

CIRR CIRCO GeneCIS

Cases R@l1 mAP@10 R@1
1. Lcom Only 30.38 19.75 16.04
2.+ Lyeq (NLL) 28.75 18.96 15.48
3.+ Lyeq (Contrasty wiop  31.40 20.00 16.06
4. + Lycq (Contrast) w/ p 31.96 20.33 16.21

Table 4. Ablations on the Reasoning Distillation. L., (NLL)
and L., (Contrast) refer to using the negative log likelihood for
text generation and using the contrastive loss for retrieval as the
reasoning distillation loss together with the composed loss, respec-
tively. p are learnable prompt tokens.

CIRR CIRCO GeneCIS

Cases R@l mAP@10 R@l
1. Lcom Only 30.38 19.75 16.04
2. Leom + Lea (TinyLLaVA) 30.62 19.78 16.02
3. Leom + Lfea (LLaVA-LLaMA3) 31.45 20.55 16.63
4. Teacher Model (TinyLLaVA) 31.93 21.42 16.95
5. Teacher Model (LLaVA-Phi3) 33.79 22.68 16.99
6. Teacher Model (LLaVA-LLaMA3) 34.17 23.20 17.15
7. Leom + Lpea (LLaVA-Phi3) 31.49 20.41 16.46

Table 5. Ablations on the Feature Distillation. Case 1-3 show
results of feature distillation with different MLLMs together with
the composed loss. Case 4-6 show result of directly using teacher
models for CIR, which is large in parameters and slow in inference
compared with DistillCIR.

mization does not adequately capture instruction reasoning.
As discussed in Section 3, we attribute this to the semantic
discrepancy between Lo, and L,.,; forcing them to share
an identical loss complicates training. To address this, we
propose a prompt-based approach. By introducing learn-
able prompt tokens into L,.,, the model can better acquire
instruction-awareness while maintaining a clear distinction
from the basic composed retrieval task.

5.2. Effect of Feature Distillation

While the reasoning distillation exploits LLM outputs at
the semantic level, the feature distillation aligns represen-
tations from the CIR model with those of an open-source
MLLM. As shown in Cases 1 and 7 of Table 5, incorporat-
ing the feature distillation loss L ¢, improves performance
beyond the base L.,,,. Because open-source MLLMs vary
in scale, we investigate different model sizes of them. In
addition to xtuner/llava-phi-3-mini-hf (4.2B), we examine
bczhou/tiny-llava-v1-hf (1.4B) [60] and xtuner/llava-llama-
3-8b (8B) [10]. The results in Cases 2, 3, and 7 show that
the smallest model yields the lowest performance, while
the medium and larger models perform comparably. Given
evaluations on public MLLM benchmarks [30, 56], this sug-
gests that distillation performance is influenced more by the
LLM’s overall capability than its size. Since llava-phi-3
matches llava-llama-3 in accuracy but is more compact, we
adopt llava-phi-3 to balance performance and efficiency.



5.3. Learning Instruction Awareness from LLMs

In this section, we examine how DistillCIR acquires instruc-
tion awareness. To assess its understanding of instructions
during composed retrieval, we propose a specific criterion:
whether the model can selectively focus on particular re-
gions of an image according to textual modifications. Pre-
trained CLIP models often emphasize dominant objects in
an image, but the composed embedding should instead shift
attention to the details specified by the textual cues. Draw-
ing inspiration from [40, 55], we visualize patch-level atten-
tion maps to investigate whether DistillCIR indeed adjusts
its focus based on the modifications.

Specifically, let i € R¥>*W>C be an input image, where
H, W, and C denote its height, width, and channel dimen-
sions, respectively. The visual encoder fi, produces patch
embeddings P € RE*XDv | with L2 representing the total
number of patches. Next, we project these patch embed-
dings into the text embedding space using fy and fr. Fi-
nally, we compute an attention map between the projected
patch embeddings and the composed embedding, as illus-
trated in Equation 19. The attention map A is resized to a
matrix and which is interpolated to the size of the image.
The detailed computation process is shown in Appendix C
and visualized examples are shown in Figure 5.
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Figure 5. Attention Map Comparison between DistillCIR and
Pic2Word on the CIRCO Validation Set with Color Map JET.
Warmer colors indicate higher attention than cooler colors.

From these visualizations, it is evident that the earlier
CIR model, Pic2Word, fails to highlight the specific re-
gions indicated by textual modifications. We conjecture that
previous projection-based models, trained solely on image-
caption pairs, primarily merge image and text features
without fully addressing the discrepancy between standard
image-text retrieval and composed image retrieval [7]. In
contrast, DistillCIR selectively attends to the relevant ar-
eas, reflecting its instruction awareness acquired via LLM-
based distillation. While there has been limited research on

CIRR CIRCO GeneCIS

Cases R@1 mAP@10 R@1
1. LoRA on fy 32.38 20.94 16.27
2. LoRA on fr 31.40 21.36 16.05
3. Train fg from scratch 29.65 20.07 15.85
4. MLP layers in fg =1 30.38 20.19 16.44
5. MLP layers in fg =2 32.89 21.47 16.59
LoRA on (fv, fr),Fullon fg (Ours)  33.45 21.52 16.83

Table 6. Ablations on Other Training Settings. Case 1-3 show
results of training different components only and freeze others.
Case 4-5 show results of training different MLP layers in f4 under
the same training and freezing strategy. Ours indicate train fy and
fr with LoRA and full fy.

instruction-following metrics for retrieval, the attention map
serves as an initial quantitative metric. We leave the devel-
opment of qualitative evaluation metrics for future work.

5.4. Analysis of Other Training Settings

In this section, we explore additional training setups. Table
6 reports the performance of DistillCIR under varying com-
ponent configurations. As shown in Cases 1, 2, 3, and 6, ap-
plying LoRA to fy and fr while training full fy achieves
the highest scores. This suggests that training more com-
ponents generally enhances the model’s learning capacity.
Specifically, Applying LoRA on fy yields better perfor-
mance than fr, indicating that the visual tower potentially
acts a more important role. In addition, Cases 4-5 examines
the effect of different MLP depths in f,. We observe con-
tinuous gains with increasing layers, reaching a maximum
at three layers. Overall, we find that applying LoRA to both
the visual and text towers, while restricting MLP layers in
fe, achieves the best performance.

6. Conclusion

In this paper, we address instruction-aware Zero-Shot Com-
posed Image Retrieval by distilling instruction-following
capabilities from large language models into compact
projection-based architectures. Our DistillCIR framework
adopts a dual-stream strategy: it synthesizes pseudo triplet
data with rationales to guide learning, and further lever-
ages an open-source MLLM to embed instruction-aligned
knowledge. This approach achieves strong performance
while removing the need for LLMs during inference. Dis-
tillCIR highlights a practical path to instruction-aware re-
trieval, bridging projection-based and LLM-based models.
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Figure 6. Training Process of the Teacher MLLM. Images are
first processed by the visual tower and projected into the LLM
embedding space. The textual modification, appended to a prompt
template, is then combined with the projected image embeddings
and fed into the LLM to generate the composed embedding A; ¢).
For the modified caption, we add it to a separate prompt and again
feed it into the LLM to produce h.,. The composed retrieval loss
Lcom 18 computed on h(i,t) and A, to optimize the model.

A. Details of Data Generation

Existing retrieval models are largely trained on image—text
pairs, limiting their direct applicability to CIR due to task
discrepancies. In this paper, we extend existing paired
datasets into triplets by leveraging knowledge from a pow-
erful LLM. Given an image—text pair (7, c), where 4 is the
image and c is the caption, we prompt the LLM with c using
a specific template (see Figure 7). This prompt guides the
LLM to derive a textual modification and a modified caption
step by step. First, the LLM identifies changeable objects
in the caption. Next, it proposes a modification for one of
these objects. Finally, it explains how the modification af-
fects the caption and produces a modified version. If no
changeable object is detected, we instruct the LLM to add
additional content to the caption instead. Dynamic exam-
ples, randomly selected from a curated collection, help the
LLM better understand the task and promote more diverse
generation outcomes.

B. Training of Teacher MLLMs

To further distill the instruction-following capability from
LLM:s, we propose the feature distillation, where we train a
teacher MLLM to generate embeddings. Because MLLMs
are inherently designed for text generation and cannot be
used directly for retrieval, we adopt the “last token embed-
ding” strategy similar to [20, 59] to transform the MLLM’s
function to usable retrieval representations.

The training procedure is illustrated in Figure 6. The
teacher MLLM consists of three main components: the vi-
sual encoder f, the adapter f}!, and the LLM fM .
Given a triplet (i,t, m)—where i is the source image, ¢t is
the textual modification, and m is the modified caption—the
visual encoder first converts the image into patch embed-
dings. These embeddings are then projected into the LLM’s
embedding space by the adapter (Equation 14). Next, the
textual modification is tokenized within a prompt template,
and those tokens are concatenated with the patch embed-
dings into a single input sequence. An [EOS] token is
appended at the end, whose output embedding is taken as
the overall representation hé‘f £ (Equation 15). Finally, the
modified caption is combined with a summary prompt and
fed directly into the LLM (Equation 16) to produce its em-
bedding h1.

WM = P (ha)), B € RE ¥ P (14)

Wy = Fifalconca(h 1. [EOS)). Y, € R
(15)
M = M . (concat(m,[EOS])), hM € RP»  (16)

Finally, we calculate the composed loss L., using
h{!,) and hy! to optimize the teacher MLLM. After train-

ing, the modified caption embeddings h/

teacher MLLM are used to compute L fcq.

derived from the

C. Computation of Attention Map

Equations 17 to 21 show the detailed computation process
of the attention map.

P = fy(i), P € RE'XDv a7
P = fr(fs(P)), P € RE"*DPr (18)
A=P xhl, AecRY (19)
A = resize(A), A € REXE (20)
A’ = interpolate(A), A € RF*W (21)

D. Hyperparameters of Training Distill CIR

Detailed training hyperparameters of the ViT-L version are
shown in Table 7. For the ViT-B and other MLP-layer ver-
sions, we train corresponding Pic2Word f as initialization.



You are helping to create a multi-modal dataset for Composed Image Retrieval (CIR). The
dataset requires pairs of source and target image captions, along with a single, concise
instruction describing how the source image is transformed into the target image.

Task

1. Input: A source image caption will be provided.

2. Brainstorming: Identify the key elements in the source caption (objects, actions, setting) and
propose one significant, plausible modification.

3. Modification Instruction: Write a clear, succinct directive describing the intended change.

4. Modified Caption: Apply the change to the original caption, preserving all other details.

Output Requirements

Output exactly three items in this order:

1. Brainstorming — Briefly explain the original elements and the proposed change.
2. Modification Instruction — A short statement of the exact change to be made.

3. Modified Caption — The new caption reflecting the transformation.

Important

1. The modification instruction must focus on a single, significant change (e.g., changing an
object’s color, location, or action).

2. The modified caption must only incorporate this one change and remain otherwise consistent
with the original caption.

3. The instruction and modified caption should be coherent and plausible.

Example:

Input: {original caption}

Figure 7. Prompt Template to process the image-caption data.

Training Config Value
Visual Tower CLIP ViT
Text Tower CLIP Text Encoder
LoRAR 64
LoRA Alpha 16
Precision FP16
Training Epochs 2
Batch Size 768
Learning Rate 2x107°
LR Scheduler Type Cosine

Table 7. Hyperparameters of DistillCIR.
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