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Abstract

Composed Image Retrieval (CIR) combines the reference im-
age with text to retrieve the intended target image. Recently,
zero-shot CIR has gained significant attention by eliminat-
ing the need for labeled triplets required in supervised CIR.
However, it inevitably demands additional training corpus,
storage, and computational resources, limiting its applica-
bility in real-world scenarios. Inspired by advancements in
Test-Time Adaptation (TTA), we propose a Test-Time CIR
setting named TT-CIR, which aims to efficiently adapt mod-
els to unlabeled test samples while reducing resource con-
sumption. Within the TT-CIR setting, we identify that naively
introducing existing TTA methods (e.g., reward-based) into
CIR faces two vital challenges: 1) Modification-restricted re-
ward pool, which limits the exploration of semantically rel-
evant candidate rewards; 2) Conservative knowledge feed-
back, which inhibits the adaptability of rewards to the current
data distribution. To address these challenges, we propose a
test-time reinforcement learning framework that integrates a
Counterfactual-guided Multinomial Sampling (CMS) strat-
egy and a Duplex Rewards Modeling (DRM) module. The
CMS explores a candidate reward pool that is visually similar
and semantically relevant to the given query, while the DRM
generates stable and adaptive duplex rewards to guide model
adaptation. Extensive experiments demonstrate the superior-
ity and adaptability of our method over existing approaches.

Introduction
Composed Image Retrieval (CIR) aims to retrieve target im-
ages that are visually similar to a reference image while
meeting modification requirements specified in a textual de-
scription. Unlike traditional image or text-based retrieval
methods (Zhang et al. 2024b) that rely solely on single-
modal queries, CIR integrates composed vision-language
queries as input to express user intent more accurately. Con-
sequently, CIR enables user-specific and more precise image
retrieval, garnering increasing attention in areas such as in-
ternet search and e-commerce (Li et al. 2025b).

While supervised CIR (Chen et al. 2023; Feng et al.
2025) has achieved remarkable progress, it relies on exten-
sive well-annotated triplets (i.e., reference image, modifica-
tion text, target image) to train task-specific models, which
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Figure 1: (a) The TT-CIR setting; (b) Computational over-
head between ZS-CIR methods and our TT-CIR on CIRR
dataset; (c) Modification-restricted of reward pool, and (d)
Conservative knowledge feedback in reward-based methods.

is labor-intensive. To address this issue, recent research pro-
poses zero-shot CIR (ZS-CIR) based on pre-trained vision-
language models (VLMs) (Radford et al. 2021), which can
be divided into two categories: Textual inversion meth-
ods (e.g., Pic2Word (Saito et al. 2023)) train a mapping
module using image-caption corpus, representing the refer-
ence image to pseudo-tokens and then concatenating with
the modification text for retrieval. However, as depicted in
Fig. 1(b), they still require large amounts of data for ad-
ditional training, making the process time-consuming. Al-
ternatively, Large Language Model (LLM)-based methods,
such as CIReVL (Karthik et al. 2024), first employ a cap-
tioning model to convert the reference image into a textual
description, followed by the LLM to derive a target descrip-
tion for retrieval. Despite the commendable progress, these
methods depend on complex collaboration among multiple
expert models, which require substantial storage and com-
putational resources, as shown in Fig. 1(b). Therefore, it is
urgent to develop a more efficient adaptation manner for CIR
systems to achieve effective and precise retrieval.

In recent years, Test-Time Adaptation (TTA) (Wang et al.
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2021) has gained significant attention for its ability to ef-
fectively adapt pre-trained models to unlabeled data before
making predictions during testing. TTA recalibrates models
on-the-fly using only the current data point with minimal
overhead, making it particularly suitable for real-world ap-
plications (Shu et al. 2022; Lee et al. 2024; Wen et al. 2023;
Li et al. 2025a). Inspired by the success of TTA approaches,
as illustrated in Fig. 1(a), we explore a novel setting, Test-
Time Composed Image Retrieval (TT-CIR) — aiming to
efficiently fine-tune CIR models using only unlabeled test
data during testing. As shown in Fig. 1(b), compared to the
above ZS-CIR methods, TT-CIR allows the model to achieve
improved retrieval results with lower resource requirements
and reduced computational overhead.

Mainstream TTA techniques seek to optimize normal-
ization layers (Wang et al. 2021) or learnable prompt to-
kens (Shu et al. 2022; Liu et al. 2024) with unsuper-
vised objectives, such as entropy minimization (EM). While
EM enhances model predictions on unseen data by reduc-
ing the corresponding entropy, it tends to make the model
blindly confident and unable to self-correct when predic-
tions are incorrect (Zhao et al. 2024). To mitigate overcon-
fidence, RLCF (Zhao et al. 2024) introduces a reward-based
TTA framework for VLMs, employing a powerful reference
model, e.g., CLIP (Radford et al. 2021), to generate refer-
ence rewards that guide model tuning. In this way, model
predictions are enhanced by adjustments from stable ex-
ternal rewards, rather than working in isolation. Although
achieving commendable progress, naively adopting this ap-
proach for TT-CIR remains challenging due to two critical
obstacles: (1) Modification-restricted of reward pool —
As a prerequisite for stable reward estimation, constructing
an appropriate candidate reward pool is indispensable. To
achieve this, RLCF samples the top-k targets that are most
semantically similar to the query image. However, this ap-
proach tends to select target images that are visually similar
to the reference image due to homogeneity, while ignoring
the instruction of modification text, as shown in Fig. 1(c).
Consequently, this results in a semantically irrelevant reward
pool, hindering the effectiveness of subsequent reward esti-
mation. (2) Conservative knowledge feedback — While
the reference model provides stable reward signals, it also
builds an insurmountable knowledge barrier. As noted in re-
search (Zhou et al. 2024), the reference model prioritizes the
inherent knowledge present in the training data while ignor-
ing the actual input information. Specifically, the frozen ref-
erence model generates inflexible and conservative rewards
for feedback, making it struggle to adapt to the current in-
put data, as depicted in Fig. 1(d). Moreover, inherent biases
within the reference model may be transferred to the adapted
model, potentially hindering its adaptability during test time.

To address the above challenges, we propose a Test-Time
Reinforcement Learning with Duplex Rewards (TT-RLDR)
approach for TT-CIR, which aims to improve the adaptabil-
ity of pre-trained VLMs to unseen queries during testing.
Specifically, TT-RLDR comprises two main components:
Initially, a Counterfactual-guided Multinomial Sampling
(CMS) strategy is designed to construct the reward pool by
mining candidate target images that are both visually simi-

lar and semantically related to the composed query. In CMS,
the counterfactual-guided consistency constraint is deployed
to adjust the sampling probabilities, exploring a more ac-
curate set of candidate rewards. Additionally, we propose a
Duplex Rewards Modeling (DRM) module that generates
both reference rewards (RR) and endogenous rewards (ER)
to guide model optimization. Among them, RR serves as a
high-quality and stable reward signal, generated by a pow-
erful reference model to prevent the model from deviating
from the correct optimization. Meanwhile, ER reflects the
adapted model’s confidence in current data distribution, pro-
viding task-specific rectifications to RR.

The major contributions of this work are as follows: (1)
We introduce TT-CIR, a novel test-time CIR setting that
aims to efficiently adapt pre-trained VLMs to unlabeled data
during inference. We also propose a test-time reinforcement
learning framework to prevent the model from becoming
blindly confident during optimization. (2) A Counterfactual-
guided Multinomial Sampling (CMS) strategy is designed
to precisely explore the candidate reward pool. Besides, we
propose a Duplex Rewards Modeling (DRM) module to
generate rewards that balance stability and adaptability. (3)
We perform extensive experiments to evaluate our method
against several well-established ZS-CIR and TTA methods,
demonstrating the effectiveness of our approach.

Related Work
Composed Image Retrieval
Composed image retrieval (CIR) enables users to search im-
ages according to the given multimodal queries (Bai et al.
2024). Existing prevalent CIR methods employ VLMs (Rad-
ford et al. 2021; Li et al. 2022) as foundational encoders
for task-specific training (Baldrati et al. 2022; Chen et al.
2024; Levy et al. 2024). However, their superior perfor-
mance heavily relies on extensive well-annotated triplets,
which are labor-intensive to collect. To mitigate the need
of training dataset annotation, zero-shot CIR has recently
gained significant attention. Currently, two prominent direc-
tions exist: Textual inversion methods (Tang et al. 2024; Suo
et al. 2024), e.g., Pic2Word (Saito et al. 2023), train a map-
ping network using only image-caption corpus, transform-
ing the reference image into a pseudo-token and then com-
bining it with modification. However, it still requires addi-
tional data for training and is time-consuming. Another line
of methods, such as CIReVL (Karthik et al. 2024), adopts
captioning models to convert the reference image into a tex-
tual description, and then edits this description according
to the modification text by a large language model. Despite
their success, cascading multiple off-the-shelf experts leads
to component incompatibility and high resource consump-
tion, limiting its practical application. To address this, we
propose a test-time CIR paradigm that promptly adapts pre-
trained VLMs to current test samples, achieving precise re-
trieval with reduced resource and computational overhead.

Test-Time Adaptation
Test-time adaptation (TTA) has proven effective in adapt-
ing trained models to unseen out-of-distribution samples
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during test time, particularly with potential distribution
shifts (Liang, He, and Tan 2025; Lee et al. 2024). To achieve
this goal, early researches focus on Normalization Calibra-
tion (NC), which updates the parameters of the normal-
ization layer using batched test data (Wang et al. 2021;
Mirza et al. 2022) or augmented views from a single test
sample (Zhang, Levine, and Finn 2022). Subsequently, re-
searchers utilize Entropy Minimization (EM) to increase the
model’s confidence in its predictions, thereby reducing gen-
eralization error (Shu et al. 2022; Niu et al. 2023). Among
them, CMF (Lee and Chang 2024) leverages the Kalman fil-
ter to strike a balance between model adaptability and infor-
mation retention. Recent studies involve Consistency Reg-
ularization (CR), which employs a robust teacher model
to ensure consistency between teacher and student predic-
tions (Döbler, Marsden, and Yang 2023) or uses the pseudo-
label generated by the teacher (Wang et al. 2022). How-
ever, the above approaches tend to become blindly confi-
dent in incorrect predictions and are unable to resolve this
dilemma independently. In contrast, we introduce a rein-
forcement learning framework with duplex rewards, which
provides feedback to the model being optimized and pre-
vents it from getting stuck in a self-optimization loop.

Reinforcement Learning with Rewards
Reinforcement learning (RL) has emerged as a promising
approach in improving large language models (LLMs) post-
training — particularly demonstrated by the success of RL
from human feedback (RLHF) that aligns model responses
with human preferences (Ouyang et al. 2022; Rafailov et al.
2023). Among them, RL with verifiable rewards has gar-
nered attention for enhancing the reasoning capabilities of
LLMs through customized rewards (Shao et al. 2024; Wang
et al. 2025). RL has also been widely applied in the multi-
modal community. For example, CaptionReward (Cho et al.
2022) investigates CLIPScore (Hessel et al. 2021) as a re-
ward function for image captioning, empirically demonstrat-
ing that CLIPScore is an effective reward function. More re-
cently, RLCF (Zhao et al. 2024) employs CLIPScore as a re-
ward function to provide feedback to the adapted model dur-
ing testing. It utilizes top-k sampling with average baseline
strategies to convert non-negative rewards into advantages,
further encouraging or penalizing the model’s decision-
making behavior. In CIR, however, the trivial top-k sampling
tends to select negative samples that are visually similar but
semantically irrelevant. Besides, the generated rewards rely
on the frozen reference model, limiting its ability to adapt to
current data. In contrast, we propose a counterfactual-based
multinomial sampling strategy to accurately identify candi-
date reward samples, while introducing endogenous rewards
to provide task-specific feedback corrections.

Proposed Method
The overall architecture of our proposed method is illus-
trated in Fig. 2. This framework employs a pre-trained VLM
with bimodal encoders to process the reference image and
modification text, as well as all candidate images, followed
by a fusion module to combine the composed query. We then

design a test-time reinforcement learning framework with
duplex rewards to effectively adapt the VLM to unlabeled
test queries, which comprises two pivotal components: the
Counterfactual-guided Multinomial Sampling (CMS) strat-
egy and the Duplex Rewards Modeling (DRM) module.
Specifically, the CMS aims to explore a reward pool with
candidates that are visually similar and semantically relevant
to the given query. Building upon this, the DRM derives ref-
erence rewards from a frozen reference model for stable op-
timization, while generating endogenous rewards using the
adapted model to provide task-specific rectifications.

Preliminary
Problem Formulation. Let F(·; θ) denote the pre-trained
VLM with parameter θ, such as CLIP (Radford et al. 2021),
which consists bimodal encoders, i.e., an image encoder
FV and a text encoder FT. The objective of TT-CIR is
to adapt FV and FT on downstream unseen test samples
Dquery={qI

i, q
T
i }

Nq

i=1, where qI and qT represent the reference
image and modification text, respectively. Then the adapted
model aims to identify target images from the candidate set
Dtarget={ui}Nt

i=1 consisting of Nt images, which are visually
similar to qI while meeting the modifications specified in qT.
Following TTA methods in image classification (Shu et al.
2022; Zhang et al. 2024a), adaptation is performed with a
single test point (one composed query at a time), mimicking
real-world online retrieval behavior.
Contrastive Language-Image Pre-training (CLIP). As a
classical VLM, CLIP employs an image encoder FV and a
text encoder FT to produce the visual embedding FV(x) and
textual embedding FT(t) for the given image x and text t,
respectively. Then, the contrastive loss (Chen et al. 2020)
is utilized to encourage similarity between embeddings of
the image-text pair, aligning them in a shared representation
space. Once pre-trained, the matching score between the im-
age and text can be measured using cosine similarity as:

Sim(x, t) =
(FV(x))

⊤FT(t)

∥FV(x)∥ ∥FT(t)∥
. (1)

Feature Extraction and Composed Query Fusion
Given a test composed query {qI, qT} ∈ Dquery, we obtain vi-
sual and textual embeddings by QI=FV(q

I) and QT=FT(q
T).

Meanwhile, the embeddings of candidate target images of
Dtarget can be extracted by Ui=FV(ui) (i=1, ..., N t). Then
we need to combine the visual and textual embeddings into
the composed embedding. In supervised CIR, researchers
typically fuse visual and textual embeddings by training
MLP combiners or cross-attention layers with abundant an-
notated triples. During test time, however, the absence of
ground-truth supervision makes learning an effective fusion
module always unreliable. Thus, an alternative fusion man-
ner that employs interpolation between visual and textual
embeddings can be considered. Specifically, the composed
embedding is obtained by normalized linear interpolation as:

Q = α · QT

∥QT∥
+ (1− α) · QI

∥QI∥
, (2)
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where α is the interpolation weight that determines the con-
tribution of visual and textual embeddings.

TT-RL with Duplex Rewards

Test-Time Reinforcement Learning with Rewards. Rein-
forcement learning (RL) has recently emerged as a powerful
paradigm for enabling models to self-improve on tasks with
objective outcomes and verifiable rewards. Previous reward-
based optimization methods have used labeled preference
data to train a reward model (Ouyang et al. 2022) or applied
labels to measure the reward (Cho et al. 2022). Since ground
truth is inaccessible during test time, recent research em-
ploys off-the-shelf models to generate rewards (Zhao et al.
2024) or applies majority voting to aggregate rewards (Zuo
et al. 2025), showing promising progress in vision-language
tasks. Inspired by this, we integrate RL with rewards to im-
prove the CIR model’s capability to swiftly adapt the unla-
beled test data streams, a process we term TT-RLR. Specif-
ically, during test time, our goal is to fine-tune the CIR
model F(u|{qI, qT}; θ) by learning the parameterized pol-
icy πθ(U|{QI,QT}) to maximize the following objective:

max
θ

EQ∼D,U∼πθ(·|Q)[R(Q,U)], (3)

where the reward function R(Q,U) is used to assess whether
the model’s candidate retrieval U for the query Q is correct.

Since the discrete nature of query-target matching, the
above objective is not differentiable. In RL, log-derivative
trick and the subsequent REINFORCE estimator (Williams
1992; Ahmadian et al. 2024; Zhao et al. 2024) are typical
applied to calculate gradient of the non-differentiable reward

function for a given input query:

∇θE[R(Q,U)] = EU∼πθ(·|Q) [R(Q,U) · ∇θ log πθ(U|Q)] .
(4)

Counterfactual-guided Multinomial Sampling. In CIR,
the input (composed query Q) and output (candidate tar-
get images U) are semantically related in the representation
space. Therefore, we can use CLIP to evaluate the simi-
larity between the input and output, since the ground truth
target image is inaccessible during test time. Then the ob-
jective can be optimized by maximizing the similarity be-
tween these query-target pairs. Specifically, we apply CLIP-
Score (Hessel et al. 2021) as the reward function:

R(Q,U) = w ×max(Sim(Q,U), 0), (5)

where, w=2.5 is a constant, and Sim(·, ·) denotes the cosine
similarity as described in Eq.1.

To eliminate irrelevant samples and enhance compu-
tational efficiency, reward calculations are not conducted
over the entire target gallery. To achieve this, we design a
Counterfactual-guided Multinomial Sampling (CMS) strat-
egy to explore a subset of representative candidate targets for
structuring the reward pool. Specifically, as shown in Fig. 2,
we first calculate the fact matching score based on the sim-
ilarity for each query, i.e., Sfact({QI,QT},U)=Sim(Q,U).
Subsequently, for each original modification text QT, objects
(nouns), relations (verbs, adverb), and attributes (adjectives)
are identified using the NLP parsing technique. We then ran-
domly choose several words from these concepts and replace
them with the [MASK] token to form a counterfactual caption
QT̂. After that, we fuse QI and QT̂ to obtain the counterfac-
tual composed embedding Q̂ by Eq. 2. The corresponding
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matching score is computed as Scf(Q̂,U). Finally, we sample
K candidate targets using the torch.multinomial sampling
function with a refined matching probability distribution:

{Ui}Ki=1 ∼ Multinomial(1cf · Softmax(Sfact),K). (6)

Here, 1cf is the counterfactual-guided consistency con-
straint, which equals 1 when Sfact/Scf > 1, and approaches
0 otherwise. The inherent motivation is that if the seman-
tic integrity of QT is compromised but the similarity score
remains unchanged, it suggests that the pairs may be overly
dependent on visual content while ignoring intended modifi-
cations. Therefore, these negative sample pairs are assigned
a lower probability during sampling. By doing so, we obtain
K candidate rewards {R(Q,Ui)}Ki=1, which are as visually
consistent and semantically relevant as possible, thereby en-
hancing the subsequent reward calculation.
Policy gradient with REINFORCE Leave-One-Out.
Since the rewards are always non-negative, meaning the re-
ward model inherently encourages all sampled retrieval be-
haviors. However, we expect the reward model to provide
positive feedback for retrievals that align with both textual
semantic guidance and visual references, while penalizing
actions that are visually similar but semantically irrelevant.
To achieve this, we employ an advantage function to reduce
the variance of the estimator in Eq.4, by subtracting a base-
line that has high covariance with the stochastic gradient,
i.e., A(Q,U)=R(Q,U)-baseline. Inspired by REINFORCE
Leave-One-Out (RLOO) estimator (Kool, van Hoof, and
Welling 2019), each reward for the query in the candidate
pool can serve as a baseline for all other pairs:

A(Q,Ui) = R(Q,Ui)−
1

k − 1

k−1∑
j ̸=i

R(Q,Uj). (7)

By doing so, the reward model is expected to provide
positive feedback to retrieval behaviors with high reward
score while penalizing undesirable outcomes. Then, policy
updates can be performed on an average of gradient esti-
mates for each sample, from Ui ∼ πθ(·|Q) (i=1, ...,K), re-
sulting in a variance-reduced multi-sample Monte-Carlo es-
timation (Mnih and Rezende 2016), and Eq.4 is rewritten:

∇θEU∼πθ(·|Q)R(Q,U)

=
1

k

k∑
i=1

A(Q,Ui) · ∇θ log πθ(Ui|Q) for Ui ∼ πθ(·|Q).

(8)
Duplex Rewards Modeling. While TT-RLR has shown
promising empirical results, it relies on the reference
model’s internal worldview. Specifically, the generated ref-
erence rewards (RR) Rref are inherently limited by the
knowledge boundaries of the reference model, which con-
strains the optimized model’s ability to effectively adapt to
new test data. This limitation is particularly pronounced in
scenarios where the test data significantly diverges from the
training distribution of the reference model. Furthermore,
the inherent biases of the reference model may inadver-
tently propagate to the optimized model, leading to subop-
timal performance. During test time, in fact, the CIR model

can produce its own reward signals, which we term endoge-
nous rewards (ER) Rendo. Compared to conservative RR, ER
is generated by the model itself during self-motivation and
optimization, exhibiting better adaptability for the current
data distribution. To this end, we propose a Duplex Rewards
Modeling (DRM) module, which incorporates ER to provide
task-specific corrections for RR. Note that ER and RR share
the same candidate reward pool and reward generation pro-
cess (Eqs. 5 to 7), while employing different reward mod-
els: a powerful off-the-shelf reference model for RR, and
the currently adapted model for ER. Finally, the optimiza-
tion objective in Eq.3 can be re-formulated as follows:

max
θ

EU∼πθ(·|Q)[Rref(Q̃,U) +Rendo(Q,U)]. (9)

Note that Q̃ denotes the composed embedding extracted
by the reference model, while Q is extracted by the adapted
model, as shown in Fig. 2. Correspondingly, reference ad-
vantage A in Eq.8 is replaced by the duplex advantage, i.e.,
Aref+Aendo. By doing so, we balance both external knowl-
edge and internal assessments, enhancing the model’s adapt-
ability to the specific characteristics of the current test data.

Experiments
Experimental Setup
Datasets and Metrics. We utilize three commonly used
datasets in CIR: CIRR (Liu et al. 2021), FashionIQ (Wu
et al. 2021), and COCO (Lin et al. 2014). FashionIQ fo-
cuses specifically on fashion-related retrieval, while the re-
maining datasets are designed for retrieval in open-domain
scenes. Following the original benchmarks, we adopt Re-
call@k (R@k) as the evaluation metric for all datasets.
Implementation Details. For VLMs, we load weights from
the official CLIP (Radford et al. 2021) for CLIP-ViT-B/16
and L/14, and OpenCLIP (Ilharco et al. 2021) for H/14 and
G/14. For simplicity, we notate each as C-B16, C-L14, C-
H14, and C-G14, respectively. For the retrieval model, the
Layer Normalization layers are trainable, while the remain-
ing layers are fixed. In contrast, all parameters of the refer-
ence reward model are fully frozen. We optimize the model
for 1 step based on an individual test composed query, using
the AdamW optimizer with a learning rate of 0.0005. The
sampling factor K is set to 16 for CIRR and COCO, while 8
for FashionIQ. Besides, we set α=0.7 for FashionIQ and 0.8
on the remaining datasets, respectively.

Experimental Results
Comparison Methods. We compare TT-RLDR with re-
cent state-of-the-art (sota) ZS-CIR and TTA methods. For
ZS-CIR approaches, we include textual inversion methods
such as SEARLE (Baldrati et al. 2023), Pic2Word (Saito
et al. 2023), KEDs (Suo et al. 2024); LLM-based method,
CIReVL (Karthik et al. 2024); as well as Slerp (Jang et al.
2024) and LinCIR (Gu et al. 2024). The results are taken
from the respective original papers. Besides, the baseline
“ZS: Image+Text” (ZS: I+T) denotes performing zero-shot
retrieval with pre-trained VLMs weights, using the average
embeddings of reference image and modification text. For
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Method Backbone
Dress Toptee Shirt Average

R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50

ZS: Image+Text C-B16 14.03 30.74 19.02 33.91 17.03 30.62 16.69 31.76
ZS: Image+Text C-L14 14.68 30.34 21.47 37.23 20.66 33.76 18.93 33.78
SEARLE†,∗ (Baldrati et al. 2023) C-B32 18.54 39.51 25.70 46.46 24.44 41.61 22.89 42.53
Slerp† (Jang et al. 2024) C-B32 20.53 41.00 26.98 46.77 23.75 40.92 23.75 42.90
Pic2Word†,∗ (Saito et al. 2023) C-L14 20.00 40.20 27.90 47.40 26.20 43.60 24.70 43.73
KEDs†,∗ (Suo et al. 2024) C-L14 21.70 43.80 29.90 51.90 28.90 48.00 26.83 47.90
LinCIR†,∗ (Gu et al. 2024) C-L14 20.90 42.40 28.80 50.20 29.10 46.80 26.27 46.47
CIReVL† (Karthik et al. 2024) C-L14 24.79 44.76 31.36 53.65 29.49 47.40 28.55 48.60

TENT (Wang et al. 2021) C-B16 13.54 30.94 26.31 46.00 25.56 41.27 21.80 39.40
CMF (Lee and Chang 2024) C-B16 17.06 37.23 25.34 44.31 25.32 40.73 22.57 40.76
DeYO (Lee et al. 2024) C-B16 15.08 35.52 25.40 46.35 25.61 40.48 22.03 40.78
KD (Hinton et al. 2014) C-B16 19.13 40.16 25.80 44.42 24.14 39.30 23.02 41.29
RLCF (Zhao et al. 2024) C-B16 20.87 40.79 27.19 47.07 25.25 42.69 24.44 43.52

TT-RLDR (Ours)
C-B16 21.33 42.49 29.63 51.39 28.92 46.82 26.62 46.90
C-L14 24.86 46.62 34.52 54.77 33.46 52.65 30.95 51.35

Table 1: Results against ZS-CIR and TTA methods on FashionIQ validation set. † indicates results from the original paper, and ∗
denotes using additional data for training. The best results are marked in underline and bold for C-B16 and C-L14, respectively.

TTA techniques, they can be categorized into normaliza-
tion calibration (TENT (Wang et al. 2021)), entropy min-
imization (CMF (Lee and Chang 2024), DeYO (Lee et al.
2024)), and reward mechanism (RLCF (Zhao et al. 2024))
approaches. We implement these methods using their official
codes and share the same backbone, i.e., C-B16. By default,
C-L14 is deployed as the reward model for our methods or
the teacher model for knowledge distillation (KD) (Hinton
et al. 2014). Additionally, we include a C-L14 backbone
with C-H14 reward to facilitate a fair comparison of ZS-CIR
methods using the same backbone.
Results Analysis. Our main quantitative experimental re-
sults are presented in Tables 1, and 2. In Table 1, we sum-
marize the main results on FashionIQ validation set, re-
quiring accurate localization of specific attributes within
fashion images. From the table, we can draw the follow-
ing conclusions: (1) Across all metrics with different CLIP
backbones, our TT-RLDR consistently outperforms all base-
line approaches. (2) Compared to textual inversion methods
such as Pic2Word, TT-RLDR (C-L14) achieves impressive
performance across multiple metrics (averaging improve-
ment of 6.9%), even without any additional training cor-
pus. (3) Similarly, compared to CIReVL, which employs
extra captioner and LLM modules to express and reason
the composed queries, our approach outperforms it by 2.4%
in average R@10 and 2.75% in average R@50. (4) Un-
der similar architectures (C-B16 v.s. C-B32), existing TTA
methods, which perform unsupervised adaptation using only
current test data, exhibiting comparable results to ZS-CIR
(SEARLE, Slerp) methods, without the need for external
training data or modules. Additionally, our method (C-B16)
surpasses all these TTA techniques by 2.18% to 4.82% in
average R@10, and by 3.38% to 7.5% in average R@50.
These results strongly support TT-RLDR’s effectiveness.

We further evaluate TT-RLDR’s capabilities on the open-
domain datasets CIRR and COCO, as indicated in Table 2.

Compared to Pic2Word, our method demonstrates signif-
icant improvement, achieving an average performance in-
crease of 5.96% on CIRR and 2.34% on COCO. It is
worth noting that even when using fewer parameters, i.e.,
C-B16, TT-RLDR still consistently surpasses existing ZS-
CIR models by a substantial margin on CIRR, including
those equipped with the larger C-L14 backbone. Moreover,
by comparing the results between our TT-RLDR and current
TTA techniques, we observe that our method achieves an av-
erage retrieval performance improvement of 3.56% to 5.08%
on CIRR and 1.5% to 4.1% on COCO. These findings high-
light the robustness of our approach, demonstrating its abil-
ity to deliver precise retrieval even in the presence of noisy
data and its adaptability across diverse real-world scenarios.

Ablation Studies
We examine the contributions of core components in TT-
RLDR on FashionIQ and CIRR (Table 3). For efficiency, we
apply C-B16 as the default backbone, equipped with C-L14
as the reward model in ablation experiments. (1) Models ‘2-
4’ validate the effect of key modules. First, removing the
CMS strategy and applying top-k sampling with the high-
est similarity scores (model ‘2’) results in a significant av-
erage drop of 2.29% for FashionIQ and 1.81% for CIRR.
This indicates that the proposed CMS effectively constructs
a reward pool for reward estimation, where candidate tar-
gets are not only visually similar to the composed query but
also align with its modification semantics. Furthermore, us-
ing only reference rewards (RR, model ‘3’) yields subopti-
mal results, with a decrease of 1.6% and 1.23% compared
to our full model (model ‘1’). This is because the frozen
RR provides robust yet conservative feedback signals, lack-
ing adaptability to current test data. Similarly, we observe
that employing only endogenous rewards (ER, model ‘4’)
leads to a further performance decline of 2.20% and 1.02%
from model 3’. We hypothesize that ER relies on the adapted
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Method
Back CIRR COCO
bone R@1 R@10 R@50 R@1 R@10

ZS: I+T C-B16 12.44 50.13 77.28 9.84 25.02
ZS: I+T C-L14 12.84 50.44 78.43 10.02 26.60
SEARLE†,∗ C-B32 24.00 66.82 89.78 - -
Slerp† C-B32 24.22 66.48 89.59 - -
Pic2Word†,∗ C-L14 23.90 65.30 87.80 11.50 33.40
KEDs†,∗ C-L14 26.40 67.20 89.20 12.00 34.90
LinCIR†,∗ C-L14 25.00 66.70 - 11.70 34.20
CIReVL† C-L14 24.55 64.92 86.34 - -

TENT C-B16 23.97 67.40 89.17 10.68 27.02
CMF C-B16 24.04 66.83 88.83 10.33 28.91
DeYO C-B16 23.03 65.68 87.85 9.89 29.38
KD C-B16 23.80 65.20 87.90 10.21 30.97
RLCF C-B16 24.54 67.15 89.41 11.00 31.85

TT-RLDR C-B16 27.91 71.98 91.89 11.84 34.01
(Ours) C-L14 29.71 73.02 92.16 12.96 36.62

Table 2: Comparison results against ZS-CIR (upper part) and
TTA (middle part) methods on CIRR and COCO test data.

model’s internal perspective, potentially steering the model
towards reinforcing its own flaws without the guidance of
RR. (2) Models ‘5-7’ evaluate different backbones. Com-
pared to C-B16 (model ‘1’), C-L14 (model ‘5’) exhibits cer-
tain advantages, albeit requiring more updated parameters.
We also explore other architectures, namely BLIP2 (model
‘6’) and ALBEF (model ‘7’), and find their performance to
be suboptimal, despite their greater computational costs. We
speculate that this is due to a significant architectural dispar-
ity between these backbones and the reference model C-L14,
which hinders rewards alignment. Thus, we chose C-B16 as
the default backbone due to its computational efficiency. (3)
Models ‘8-11’ assess various reward model. TT-RLDR re-
lies on the good quality of the reward models. It can be seen
that utilizing the lighter C-B16 (model ‘8’) to provide ref-
erence rewards results in a moderate performance decline
compared to C-L14 (model ‘1’). Notably, even with C-B16
as the reward model, our TT-RLDR still surpasses existing
TTA methods (in Tables 1 and 2) by a significant margin.
When deploying more large-scale reference models (mod-
els ‘9’, ‘10’, ‘11’), the average retrieval performance of TT-
RLDR is further improved by 1.53% to 1.92% on FashionIQ
and 0.57% to 1.05% on CIRR. Here, CLIP-Ensemble adopts
an averaged reward sum of {C-L14, H14, G14}. Thus, we
default to applying C-L14 as the reward model for its good
balance between retrieval accuracy and resource efficiency.
Impact of Hyper-parameters.We investigate the influence
of two essential hyper-parameters in our method, i.e., sam-
pling factor K and interpolation weight α. We first vary
the sampling factor K and display the results in Fig. 3(a).
As K increases, the results initially rise and then gradually
fall. This is because a small K leads to insufficient reward
estimation, while a large K introduces more negative sam-
ples, generating erroneous rewards. Additionally, as shown
in Fig. 3(b), we vary α from 0 to 1, where 0 represents us-
ing only the reference image, while 1 denotes using only the

Method
FashionIQ-Avg CIRR
R@10 R@50 R@1 R@10 R@50

1. Full model 26.62 46.90 27.91 71.98 91.89
Significance of key modules of TT-RLDR
2. w/o CMS 24.89 44.06 26.00 69.84 90.53
3. w/o DRM (RR-only) 25.67 44.65 26.21 70.80 91.08
4. w/o DRM (ER-only) 23.42 42.52 25.86 69.67 89.50
Impact of different backbone models
5. CLIP-ViT-L/14 27.16 47.83 28.13 72.07 91.74
6. BLIP2-ViT-L/16 22.34 42.77 24.46 67.53 88.32
7. ALBEF-ViT-L/16 20.48 40.39 22.96 67.83 90.57
Impact of various reference reward models
8. CLIP-ViT-B/16 25.15 44.01 26.43 70.27 90.92
9. CLIP-ViT-H/14 28.11 48.46 28.33 72.76 92.72
10. CLIP-ViT-G/14 28.26 49.10 28.50 72.85 92.98
11. CLIP-Ensemble 28.14 48.70 28.72 73.03 93.27

Table 3: Ablation study on FashionIQ and CIRR.
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Figure 3: Parameter variation with different K and α.

modification text. From these results, we observe that in-
creasing the weight given to modification text improves the
retrieval performance, up to α=0.7 for FashionIQ and α=0.8
for CIRR. However, the image also plays a significant role,
as evidenced by the significant drop in performance when
the weight of images is continuously weakened (α=1).

Conclusion
In this paper, we introduce Test-time CIR (TT-CIR), which
efficiently adapts pre-trained VLMs to unlabeled data dur-
ing testing. Besides, we propose TT-RLDR with two core
components: the CMS strategy, which accurately identifies
the candidate reward pool for reward estimation, and the
DRM module, which generates both stability and adaptabil-
ity rewards to guide model optimization. Together, CMS and
DRM effectively address TT-CIR challenges while achiev-
ing precise retrieval with reduced resource and computa-
tional consumption. Extensive experiments show that our
method outperforms current ZS-CIR and TTA approaches,
demonstrating robust adaptability and effectiveness in real-
world scenarios. Future work will focus on refining the re-
ward mechanism and applying it to other multimodal tasks.
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