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Abstract
The objective of Composed Image Retrieval (CIR) is to iden-
tify a target image that meets the requirement based on a mul-
timodal query (including the reference image and the modi-
fication text) provided by the user. Despite the notable suc-
cess of existing approaches, they fail to adequately address
the modification relation between visual entities and mod-
ification actions. This limitation is non-trivial due to three
challenges: 1) irrelevant factor perturbation, 2) vague se-
mantic boundaries, and 3) implicit modification relations. To
address the above challenges, we propose an Entity miNing
and modifiCation relatiOn binDing nEtwoRk (ENCODER),
which has been designed to mine visual entities and modifi-
cation actions, and then bind modification relations. Among
the various components of the proposed ENCODER, we have
initially designed the Latent Factor Filter (LFF) module to
filter visual and textual latent factors related to modifica-
tion semantics based on a threshold gating mechanism. Sec-
ondly, we propose Entity-Action Binding (EAB), which com-
prises modality-shared Learnable Relation Queries (LRQ)
that are capable of mining visual entities and modification
actions, as well as learning implicit modification relations for
entity-action binding. Finally, the Multi-scale Composition
module is introduced to achieve multi-scale feature compo-
sition, with guidance provided by entity-action binding. Ex-
tensive experiments on four benchmark datasets demonstrate
the superiority of our proposed method.

1 Introduction
Composed Image Retrieval (Vo et al. 2019) (CIR) serves
as an emerging image retrieval paradigm, with the objec-
tive of retrieving the target image based on a multimodal
query. As illustrated in Figure 1(a), in the CIR task, the mul-
timodal query comprises a reference image and a modifica-
tion text. The reference image conveys the fundamental re-
trieval requirements, while the modification text articulates
the user’s specific modifications to the reference image. CIR
has gained considerable attention (Chen et al. 2024; Han
et al. 2023b; Yang et al. 2024) in recent years due to its
capacity to express intricate retrieval requirements in a flexi-
ble manner. It indeed facilitates various applications, includ-
ing multimodal recommendation (Li et al. 2024; Liu et al.
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Figure 1: (a) provides an illustrative example of the CIR
task. (b) illustrates the phenomenon of modification relation
correspondence in the CIR task, whereby the modification
text frequently comprises a series of modification actions,
each of which is associated with a visual entity in the refer-
ence image through a corresponding modification relation.
For example, the modification actions “in front of the rock”
and “dog stands” correspond to the visual entities “trees”
and “dog” in the reference image, respectively.

2024a), moment localization (Wang et al. 2024; Hu et al.
2021a,b, 2023), and dialogue robotics (Chen et al. 2023;
Gosselin et al. 2022).

The key to CIR lies in accurately identifying the modifi-
cation requirements and locating the corresponding regions
in the reference image where these modifications should
be made. It is also noteworthy that some pioneering ef-
forts (Yang et al. 2023b; Deng et al. 2021; Zhang et al. 2023)
have been made to address the issue of cross-modal semantic
alignment of image regions and phrases, with encouraging
results. However, due to the inherent text-visual semantic
asymmetry of the CIR task (Zhao, Song, and Jin 2022), the
entities included in the modification actions may not neces-
sarily have a semantic correspondence in the reference im-
age. In such cases, the effectiveness of the aforementioned
approach is constrained. As illustrated in Figure 1(b), the
conventional semantic alignment methodology is only ca-
pable of correlating the term “dog” (highlighted in orange)
in the reference image with “dog” in the modification text.
However, it is unable to establish a connection with the com-
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prehensive modification action “dog stands” in the modifi-
cation text, which is not conducive to the accurate modifi-
cation of the reference image. Furthermore, the traditional
semantic alignment method will also be unsuccessful in the
case of “in front of the rock” in the modification text due to
the absence of corresponding entities in the reference image.
Consequently, in order to construct an effective CIR model,
it is essential to consider not only the semantic alignment
between visual and textual data but also the binding of mod-
ification relations. For ease of expression, in the following,
we will refer to the visual entity in the reference image and
the modification action in the modification text as “entity”
and “action”, respectively.

However, implementing modification relation binding be-
tween the entity and action is not straightforward due to the
following challenges. 1) Irrelevant factor perturbation.
Before binding the modification relation, it is first necessary
to mine the entities and actions. However, not all words in
the text and all regions of the image are directly related to the
modification requirements, and irrelevant words and visual
areas can affect the mining of entities and actions. Therefore,
the primary challenge is to identify the visual and textual
semantics related to the modification behavior and exclude
the irrelevant factors from perturbation. 2) Vague semantic
boundaries. Taking the modification text in Figure 1(b) as
an example, the actions are hidden in various word combina-
tions “the snow”, “snow in front”, and “in front of the rock”,
etc., and there is no clear supervisory signal to achieve accu-
rate delineation. Furthermore, The boundaries of the entities
are also difficult to recognize due to the irregularity of their
shapes. In light of this, how to identify semantic boundaries
to mine the entities and actions forms the second challenge.
3) Implicit modification relations. As there may be no se-
mantic match between entities and actions, it is challenging
to utilize feature similarity alone to measure the modifica-
tion relation correspondence, and there is a dearth of direct
supervisory signals. Consequently, how to identify modifica-
tion relations and bind the entity with corresponding action
is the third challenge.

To address the aforementioned issues, we propose
an Entity miNing and modifiCation relatiOn binDing
nEtwoRk (ENCODER), which employs visual and textual
semantics to filter latent factors and subsequently complete
the mining and binding of visual entities and modification
actions. In particular, we initially designed the Latent Fac-
tor Filter (LFF), which calculates semantic relevance scores
and filters visual and textual latent factors associated with
modification semantics in accordance with a threshold gat-
ing mechanism. Secondly, we propose Entity-Action Bind-
ing (EAB), which is capable of training modality-shared
Learnable Relation Queries (LRQ) to mine entities and ac-
tions, and to learn implicit modification relations in order
to achieve entity-action binding. Finally, we present Multi-
scale Composition (MSC), which is guided by entity-action
binding to facilitate multi-scale feature composition and
drive the composed feature closer to the corresponding tar-
get image.

In summary, our contributions include:
• In this paper, we present ENCODER, a novel CIR model

that represents the first investigation into the modification
relation binding between visual entities and modification
actions.

• We put forward an LFF module, which facilitates vi-
sual and textual latent factor filtering. Furthermore, we
propose an EAB module and devise the modality-shared
LRQ, which is capable of mining entities and actions, as
well as implementing entity-action binding.

• We conduct extensive experiments on four widely used
benchmark datasets and demonstrate the superiority of
the proposed ENCODER. Moreover, we have released
our codes to facilitate other researchers1.

2 Related Work
Our work is closely related to Composed Image Retrieval
(CIR) and Visual Grounding for correspondence mining.
Composed Image Retrieval. Composed Image Retrieval
(CIR) is a critical task in multimodal learning, which aims
to retrieve the target image based on a reference image and
modification text. Existing methods are generally consid-
ered to be divided into two categories. Conventionally, the
first group of models (Vo et al. 2019; Chen et al. 2021; Gu
et al. 2021; Wei et al. 2019; Zhu et al. 2023) utilizes tra-
ditional models (e.g. ResNet, LSTM) to extract image and
text features, then compose the multimodal query. In con-
trast, another group of models (Han et al. 2023a; Wen et al.
2023, 2024) utilizes VLP-based models (e.g. CLIP (Radford
et al. 2021)) to extract features of the multimodal query and
then employ only simple feature alignment and composi-
tion strategies to achieve the outstanding performance (Bal-
drati et al. 2022a). In addition, zero-shot CIR is increasingly
attracting interest from researchers (Gu et al. 2023, 2024;
Zhang et al. 2024). Notwithstanding the considerable suc-
cess of these approaches, they fail to consider the relation
binding between visual entities and modification actions,
which may result in inaccurate modification region local-
ization. However, our model examines the latent factors as-
sociated with modification requirements and mines visual
entities and modification actions from them, on the basis of
which entity-action binding is implemented. The guidance
of entity behavioral binding can facilitate the identification
of more accurate multimodal feature compositions.
Visual Grounding for correspondence mining. Visual
grounding (VG) aims to establish correspondences between
visual entities in images and textual descriptions. Some con-
ventional methods rely on text-image pairs and correspond-
ing bounding boxes (Deng et al. 2023; Yang et al. 2023b),
while some tend to perform attention mechanism (Deng
et al. 2021; Zhang et al. 2023) and utilize pre-trained object
detectors to align visual regions and textual phrases (Gupta
et al. 2020; Chen et al. 2020). All of these works aim to
mine correspondences between visual entities and textual
descriptions, being widely used to enable more fine-grained
entity-phrase correspondence. These advancements collec-
tively provide a theoretical basis for mining multimodal cor-
respondence for many downstream tasks, like CIR. How-

1https://sdu-l.github.io/ENCODER.github.io/
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Figure 2: The proposed ENCODER consists of three key modules: (a) Latent Factor Filter, (b) Entity-Action Binding, and (c)
Multi-scale Composition.

ever, most of the existing methods only explore the semantic
alignment between visual entities and textual descriptions,
which may fail in some complex scenarios, e.g., where what
needs to be described in Composed Image Retrieval (CIR)
is actually the modification relation. With this in mind, we
are committed to mining modification relations in CIR that
are different from semantic alignment.

3 ENCODER
As the primary innovation, our model (ENCODER) employs
multimodal query semantics for latent factors filtering and
implements cross-modal entity-action binding, thereby fa-
cilitating learning more accurate multimodal composed fea-
tures. As illustrated in Figure 2, ENCODER consists of three
critical modules: (a) Latent Factor Filter (LFF), which cal-
culates the cross-modal semantic relevance and filters both
visual and textual latent factors associated with modifica-
tion semantics, mitigating the perturbation of possible irrel-
evant factors. (b) Entity-Action Binding (EAB), which aims
to investigate the semantic boundaries of visual and tex-
tual latent factors so as to aggregate them into visual en-
tities and modification actions, respectively, while learning
the implicit modification relations between them, thereby
achieving entity-action binding. (c) Multi-scale Composi-
tion (MSC), which is guided by the entity-action binding
relation to construct a multimodal query feature at multi-
ple scales, with the objective of promoting the composed
feature to the target image feature. In this section, we first
formulate the CIR task and then elaborate on each module
of ENCODER.

3.1 Problem Formulation
The Composed Image Retrieval (CIR) task aims to retrieve
the target image that fulfills the multimodal query. Let T =

{(xr, tm, xt)n}
N
n=1 denote a set of N triplets, where xr, tm

and xt refer to the reference image, modification text and tar-
get image, respectively. Fundamentally, our goal is to opti-
mize a metric space where the embedding of the multimodal
query (xr, tm) should be as close as possible to the corre-
sponding target image xt, which is formulated as follows,

G (xr, tm) → G (xt) , (1)

where G denotes the to-be-optimized embedding function
for both the multimodal query and the target image.

3.2 Latent Factor Filter (LFF)
To improve the accuracy of subsequent entity-action bind-
ing, we devise LFF to filter latent factors related to modifica-
tion semantics in the reference image and modification text
via inter-modal and intra-modal interaction, thereby mitigat-
ing irrelevant factor interference and facilitating subsequent
aggregation for visual entity and modification action.

Specifically, we first utilize CLIP, which is proven effec-
tive for CIR tasks (Baldrati et al. 2022b), to extract global
feature Eg

r ∈RD and local feature El
r ∈RC×D of the refer-

ence image xr, formulated as,

Eg
r = Φg

I (xr),El
r = FCI(Φ

l
I(xr)), (2)

where Φg
I , Φl

I denote the last layer and penultimate layer of
the CLIP image encoder, respectively. D is the CLIP global
embedding dimension and FCI aligns local embedding di-
mension to D. Similarly, we obtain the global and local fea-
tures of the target image (Eg

t ∈RD, El
t ∈RC×D) and modi-

fication text (Eg
m∈RD, El

m∈RS×D), where C, S represent
the channel number of image and text, respectively.

Afterwards, to fully exploit cross-modal semantic associ-
ations, we compute cross-relational scores between each vi-
sual factor and textual factor via inter-modal cross-attention
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and intra-modal self-attention. However, excessive attention
to inter-modal interactions may lead to neglect of intra-
modal information. To address this, we also compute the
intra-modal self-attention score. Taking the reference image
as an example, we regard the local feature El

r of the refer-
ence image as intra input, with the local feature of the mod-
ification text El

m as inter input. The intra input undergoes
intra-modal self-attention (Intra-SA) to obtain Intra Factor
Score ws, while Inter Factor Score wc is calculated via inter-
modal cross-attention (inter input as Query, intra input as
Key and Value), formulated as,{

ws = Intra-SA(El
r),

wc = Inter-CA(Q = El
m, {K,V } = El

r),
(3)

where ws,wc∈RC . Subsequently, to remove irrelevant fac-
tors with weak relevance to the modification semantic, we
implement a threshold gating mechanism, which combines
self-attention score ws with the cross-relational score wc to
obtain Es′

r . Factors exceeding the specified threshold σ are
retained as latent factors for subsequent entity-action bind-
ing. Meanwhile, we retain factors with combined scores be-
low σ since they may appear as preserved regions in the tar-
get image, denoted as the shelving factor Ĕ

s

r as follows,

Es′
r ={El

ri|(ws + wc)i > σ}, Ĕ
s

r={El
ri|(ws + wc)i < σ}. (4)

Furthermore, to mitigate rigid boundaries of latent fac-
tors, which could result in some shelving factors being mis-
classified as latent factors, we employ an MLP followed by
Softmax. This adaptive weight sensing of latent factors en-
hances the weights of factors more relevant to modification
semantics and yields reference latent factor Es′

r as follows,

wf = Softmax(MLP(Es′
r )

⊤), Es
r = wf · Es′

r , (5)

where wf ∈RP×K represents the factor weight, P denotes
the number of latent factors to be learnt, Es

r ∈ RP×D. In
addition, to preserve the semantic information of the shelv-
ing factors without diverting focus from the latent factors,
we employ average pooling on the shelving factors. Anal-
ogously, we utilize the local feature El

m of the modifica-
tion text as intra input, and that El

r of the reference image
as inter input for LFF, yielding modification latent factors
Es
m ∈ RP×D. Notably, to mitigate potential interference

from modification text while maintaining its semantic inde-
pendence, we resort to the local feature of the target image
El
t as both the inter and intra inputs and solely apply self-

attention to mine the target latent factors Es
t ∈RP×D.

3.3 Entity-Action Binding (EAB)
To mine visual entities and modification actions and rela-
tional bind them, we design EAB module. Through training
modality-shared Learnable Relation Queries (LRQ), EAB
first mines semantic relations in the reference image and
modification text to probe the semantic boundary and aggre-
gate their latent factors into visual entities and modification
actions, respectively. Afterwards, LRQ learns the implicit
modification relation between visual entities and modifica-
tion actions to assist entity-action binding as a medium.

Explicit Entity-Action Mining. Firstly, we initialize the
learnable relation queries R ∈ RE×D, abbreviated as LRQ,
which essentially serves as a set number (smaller than the
number of latent factors) of learnable query embeddings,
where E is the number of queries, and D is CLIP’s embed-
ding dimension. Then we utilize LRQ to capture semantic
relations among latent factors, which serves as a medium to
assist the aggregation of visual entities and modification ac-
tions. Considering the process of visual entity mining, the
queries of LRQ first interact with each other, calculating
self-attention weight es. Meanwhile, LRQ R can addition-
ally interact with reference latent factors Es

r, and yield the
cross-attention weight ec. In formal terms, we have,

es = MLP(RR⊤/
√
D), ec = MLP(REs

r
⊤/

√
D), (6)

where es ∈RE×E , ec ∈RE×P . Afterwards, based on ec, es,
the adaptive attention weights of the LRQ for the visual la-
tent factors are obtained via er =Softmax(es · ec) ⊙ ec ∈
RE×P . Finally, to model the visual entities, we assign the
above attention weight er to the reference latent factors and
employ MLP to adaptively learn the entity weights, thereby
mapping the latent factors to entity tokens, where each to-
ken matches the corresponding query of LRQ. In addition, to
pave the way for binding visual entities and modification ac-
tions, we also employ LRQ for the textual modality, which is
shared parameters with visual modality, and similarly obtain
action tokens from modification latent factors as follows,

Ee
r = MLP(er · Es

r), Ee
m = MLP(em · Es

m), (7)

where Ee
r,Ee

m∈RE×D are entity tokens and action tokens.

Implicit Modification Binding. Benefiting from the pre-
vious modality-shared LRQ, the process of obtaining entity
tokens and action tokens aligns the semantic channels of
both the visual entities and modification actions. Therefore,
we utilize LRQ as a medium for binding entity-action im-
plicit modification relations. However, there may be seman-
tic overlap in the modification relations corresponding to dif-
ferent queries since LRQ contains multiple pairs of modifi-
cation relations. To ensure semantic independence and make
queries in LRQ concentrate on their own independent mod-
ification relation (i.e., entity-action pairs), we design a bind-
ing orthogonal regularization, formulated as follows,

Lortho = ∥R⊤R − I∥2F , (8)

where I∈ RE×E and ∥ · ∥2F is the Frobenius norm of ma-
trix. So far, we have obtained a plausible LRQ medium
where each query implies an independent implicit modifi-
cation relation. In order to bind the corresponding entity-
action, we separately compute the similarity distributions of
both visual entities and modification actions with the LRQ
and then promote them to be consistent. Specifically, let
br
i = [bri1, ..., b

r
iE ] denote the similarity distribution of the

i-th token of entity tokens with the query set of LRQ, where
the similarity brij is obtained as follows,

brij =
exp {s (Eri,Rj) /τ}∑E
e=1 exp {s (Eri,Re) /τ}

, (9)

where s(·) denotes the cosine similarity function, Eri,Rj

represent the i-th token of entity tokens and the j-th query of
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LRQ, respectively. Analogously, we obtain similarity distri-
butions between each token in action tokens and each query
of LRQ, denoted as bm

i = [bmi1, ..., b
m
iE ]. Then we utilize KL

divergence to converge the similarity distributions, formu-
lated as follows,

Lbind =
1

E

E∑
i=1

DKL (bm
i ∥br

i ) =
1

E

E∑
i=1

E∑
j=1

btij log
bmij
brij

. (10)

3.4 Multi-scale Composition (MSC)
Finally, to promote the multi-scale semantics perception of
multimodal composed features, we integrate the multi-scale
features from the reference image and the modification text
to obtain the composed feature and push the composed fea-
ture close to the target image feature.

Specifically, we first concatenate the global feature, lo-
cal feature, latent factors, and shelving factors, which corre-
spond to each element of a triplet. For the reference image,
the multi-scale factors are denoted as Er=[Ĕ

s

r,Es
r,Ee

r,Eg
r ]∈

RQ×D(Q=1+P+E+1). Similarly, we obtain multi-scale fac-
tors of modification text Em= [Ĕ

s

m,Es
m,Ee

m,Eg
m]∈RQ×D,

and multi-scale factors of target image Et= [Ĕ
s

t ,Es
t ,Eg

t ]∈
RQ′×D (Q′ = 1+P +1). We then employ MLP to perform
multi-scale interactions on Er,Em to learn the respective
modification weights of the reference image and modifica-
tion text, formulated as follows,

W = MLP([Er,Em]), (11)

where W∈RQ×2D denotes the modification weight. Then
we utilize chunk operation to split it into Wr,Wm∈RQ×D

and aggregate them to multi-scale factors of the reference
image and modification text, respectively. Finally, the ag-
gregated factors are summed to obtain the final multimodal
composed feature Ec∈RQ×D, formulated as follows,

Ec = WrEr + WmEm. (12)

Moreover, we employ the batch-based classification loss
commonly utilized in the CIR task to push the composed
features close to the target image feature as follows,

Lrank =
1

B

B∑
i=1

− log

{
exp

{
s
(
Ēci, Ēti

)
/τ

}∑B
j=1 exp

{
s
(
Ēci, Ētj

)
/τ

}} , (13)

where as Ēci, Ēti indicate the average pooled Ec,Et of the
i-th triplet, respectively. B represents batch size, and s(·)
denotes the cosine similarity. To optimize composed feature
space, we promote consistency in the similarity distribution
between each composed feature and all target images in the
batch. Specifically, let sci = [sci1, ..., s

c
iB ] represent the sim-

ilarity distribution of the i-th composed feature, where the
similarity scij with the j-th target image is computed as,

scij =
exp

{
s
(
Ēci, Ētj

)
/τ

}∑B
b=1 exp

{
s
(
Ēci, Ētb

)
/τ

} . (14)

Similarly, we can obtain the similarity distribution between
the i-th target image feature and the other target image fea-
tures in a batch, denoted as sti = [sti1, ..., s

t
iB ]. Subsequently,

we use KL divergence to converge these two similarity dis-
tributions, formulated as follows,

Lkl =
1

B

B∑
i=1

DKL

(
sti∥sci

)
=

1

B

B∑
i=1

B∑
j=1

stij log
stij
scij

. (15)

Finally, integrating all modules above, we parameterize the
final objective function as follows,

Θ∗ = argmin
Θ

(Lrank + κLkl + γLbind + µLortho) , (16)

where Θ∗ is the to-be-optimized parameter for ENCODER
and κ, γ, µ are the trade-off hyper-parameters.

4 Experiments
This section delves into our comprehensive experiments of
ENCODER and the corresponding analyses.

4.1 Experimental Settings
Datasets. Following previous works, we chose four bench-
mark datasets for evaluation, including three fashion-domain
datasets, FashionIQ (Wu et al. 2021), Shoes (Guo et al.
2018), Fashion200K (Han et al. 2017) and an open-domain
dataset CIRR (Liu et al. 2021b).
Implementation Details. ENCODER is built upon the pre-
trained CLIP (Radford et al. 2021) (ViT-B/32 version). We
trained ENCODER using the AdamW optimizer with the
initial learning rate of 5e-5, while the batch size is set to 128
and the learning rate for CLIP is 1e-6. Empirically, we main-
tained a consistent embedding dimension D of 512 through-
out the network. We set the latent factor number P to 4 and
the query number E of LRQ to 3. We also adopt the temper-
ature factor τ to 0.1 for Eqn.(9,13,14). Through a compre-
hensive grid search, we set κ = 0.8, γ = 0.5, and µ = 0.5
for all four datasets. All experiments were conducted on
a single NVIDIA Tesla T4 GPU with 16GB memory and
trained 10 epochs.
Evaluation. We implemented widely accepted evaluation
standards, with Recall@k (short for R@k) serving as the key
indicator. For Shoes and Fashion200K, we calculated R@k
(k=1, 10, 50) and their mean value. FashionIQ evaluation
used R@10, R@50, and their category-wise averages. CIRR
assessment included R@k (k=1, 5, 10, 50), Rsubset@k (k=
1, 2, 3), and the average of R@5 and Rsubset@1.

4.2 Performance Comparison
We conducted an extensive comparative analysis of
ENCODER against two categories of CIR baselines: con-
ventional model-based baselines (TIRG (Vo et al. 2019),
CLVC-Net (Wen et al. 2021), etc.) and CLIP-based base-
lines (CLIP4CIR (Baldrati et al. 2022a), SSN (Yang et al.
2024), etc.). Through the results in Table 1, Table 2 and Ta-
ble 3, we have the following three observations. 1) VLP-
based models generally perform better than conventional
models, which confirms the powerful feature extraction ca-
pability of the VLP model and its effectiveness on the
CIR task. 2) ENCODER consistently surpasses all base-
lines on FashionIQ, Shoes, Fashion200K, and CIRR. No-
tably, ENCODER achieves 19.8% improvements over the
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Method
FashionIQ ShoesDresses Shirts Tops&Tees Avg

R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50 R@1 R@10 R@50 Avg
TIRG (Vo et al. 2019) 14.87 34.66 18.26 37.89 19.08 39.62 17.40 37.39 12.60 45.45 69.39 42.48
CIRPLANT (Liu et al. 2021a) 17.45 40.41 17.53 38.81 21.64 45.38 18.87 41.53 - - - -
CLVC-Net (Wen et al. 2021) 29.85 56.47 28.75 54.76 33.50 64.00 30.70 58.41 17.64 54.39 79.47 50.50
FashionVLP (Goenka et al. 2022) 32.42 60.29 31.89 58.44 38.51 68.79 34.27 62.51 - 49.08 77.32 -
ARTEMIS (Delmas et al. 2022) 27.16 52.40 21.78 43.64 29.20 54.83 26.05 50.29 18.72 53.11 79.31 50.38
EER (Zhang et al. 2022) 30.02 55.44 25.32 49.87 33.20 60.34 29.51 55.22 20.05 56.02 79.94 52.00
CRN (Yang et al. 2023a) 32.67 59.30 30.27 56.97 37.74 65.94 33.56 60.74 18.92 54.55 80.04 51.17
ComqueryFormer (Xu et al. 2023) 33.86 61.08 35.57 62.19 42.07 69.30 37.17 64.19 - - - -
MGUR (Chen et al. 2024) 32.61 61.34 33.23 62.55 41.40 72.51 35.75 65.47 18.41 53.63 79.84 50.63
SyncMask (Song et al. 2024) 33.76 61.23 35.82 62.12 44.82 72.06 38.13 65.14 - - - -
LF-CLIP (Baldrati et al. 2022b) 31.63 56.67 36.36 58.00 38.19 62.42 35.39 59.03 - - - -
CLIP4CIR (Baldrati et al. 2022a) 33.81 59.40 39.99 60.45 41.41 65.37 38.40 61.74 - - - -
Prog. Lrn. (Zhao, Song, and Jin 2022) 38.18 64.50 48.63 71.54 52.32 76.90 46.38 70.98 22.88 58.83 84.16 55.29
FashionSAP (Han et al. 2023b) 33.71 60.43 41.91 70.93 33.17 61.33 36.26 64.23 - - - -
FAME-ViL (Han et al. 2023a) 42.19 67.38 47.64 68.79 50.69 73.07 46.84 69.75 - - - -
BLIP4CIR (Liu et al. 2024b) 40.65 66.34 40.38 64.13 46.86 69.91 42.63 66.79 - - - -
BLIP4CIR+Bi (Liu et al. 2024b) 42.09 67.33 41.76 64.28 46.61 70.32 43.49 67.31 - - - -
SSN (Yang et al. 2024) 34.36 60.78 38.13 61.83 44.26 69.05 38.92 63.89 - - - -
ENCODER(Ours) 51.51 76.95 54.86 74.93 62.01 80.88 56.13 77.59 26.97 65.59 86.48 59.68

Table 1: Performance comparison on FashionIQ and Shoes relative to R@k(%). The overall best results are in bold, while the
best results over baselines are underlined.

Method R@k Rsubset@k (R@5+Rsubset@1)/2k=1 k=5 k=10 k=50 k=1 k=2 k=3
TIRG (Vo et al. 2019) 14.61 48.37 64.08 90.03 22.67 44.97 65.14 35.52
CIRPLANT (Liu et al. 2021a) 19.55 52.55 68.39 92.38 39.20 63.03 79.49 45.88
ARTEMIS (Delmas et al. 2022) 16.96 46.10 61.31 87.73 39.99 62.20 75.67 43.05
ComqueryFormer (Xu et al. 2023) 25.76 61.76 75.90 95.13 51.86 76.26 89.25 56.81
LF-CLIP (Baldrati et al. 2022b) 33.59 65.35 77.35 95.21 62.39 81.81 92.02 63.87
CLIP4CIR (Baldrati et al. 2022a) 38.53 69.98 81.86 95.93 68.19 85.64 94.17 69.09
BLIP4CIR (Liu et al. 2024b) 40.17 71.81 83.18 95.69 72.34 88.70 95.23 72.08
BLIP4CIR+Bi (Liu et al. 2024b) 40.15 73.08 83.88 96.27 72.10 88.27 95.93 72.59
SSN (Yang et al. 2024) 43.91 77.25 86.48 97.45 71.76 88.63 95.54 74.51
ENCODER(Ours) 46.10 77.98 87.16 97.64 76.92 90.41 95.95 77.45

Table 2: Performance comparison on CIRR with respect to R@k(%) and Rsubset@k(%). The overall best results are in bold,
while the best results over baselines are underlined.

best baseline for R@10 on FashionIQ-Avg, 17.9% for
R@1 on Shoes, 6.3% for Rsubset@1 on CIRR, and 6.8%
for R@1 on Fashion200K, respectively. These demonstrate
ENCODER’s effectiveness and generalization ability in both
fashion-domain and open-domain CIR datasets. 3) While
SSN and BLIP4CIR show sub-optimal performance on
open-domain dataset CIRR for some metrics, they struggle
to match previous SOTA’s capabilities on FashionIQ. This
may be due to their lack of the ability to easily adapt to a
specific data domain. In contrast, ENCODER achieves the
optimal in both open-domain and fashion-specific scenarios,
highlighting its broader multimodal understanding.

4.3 Ablation Study
To illuminate the pivotal role of each module in ENCODER,
we conducted an in-depth comparison with its derivatives:
Derivative (a): When evaluating LFF independently, only
EAB and MSC are employed (C#1). Additionally, we em-

Method R@1 R@10 R@50 Avg
TIRG (Vo et al. 2019) 14.10 42.50 63.80 40.13
CLVC-Net (Wen et al. 2021) 22.60 53.00 72.20 49.27
FashionVLP (Goenka et al. 2022) - 49.90 70.50 -
EER (Zhang et al. 2022) - 50.88 70.60 -
CRN (Yang et al. 2023a) - 53.50 74.50 -
ComqueryFormer (Xu et al. 2023) - 52.20 72.20 -
MGUR (Chen et al. 2024) 21.80 52.10 70.20 48.03
ENCODER(Ours) 24.14 55.98 74.82 51.65

Table 3: Performance comparison on Fashion200K with re-
spect to R@k(%). The overall best results are in bold, while
the best results over baselines are underlined.

ploy abbreviations that only utilize LFF on reference images
or modification texts (C#2, C#3). Derivative (b): When as-
sessing EAB in isolation, only LFF and MSC are utilized
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(C#4). We also adopt abbreviations that link EAB exclu-
sively to the reference image or modification text (C#5,
C#6). Derivative (c): To gain deep insights into the ef-
fectiveness of both LFF and EAB, we remove both LFF
and EAB (C#7). Finally, we explore MSC’s impact on
composing multimodal queries by solely removing MSC
(C#8). Derivative (d): To validate the correctness of EN-
CODER’s optimization process, we design abbreviations for
our proposed loss functions by separately removing them in
Eqn.(16) (C#9, C#10, C#11).

C# Deriv. LFF EAB MSC FashionIQ-Avg Shoes CIRR
R@10 R@50 Avg Avg

1
(a)

✓ ✓ 50.08 73.96 52.62 75.90
2 Ref-Img ✓ ✓ 55.08 76.57 58.32 76.92
3 Mod-Text ✓ ✓ 52.21 74.72 54.01 76.15
4

(b)
✓ ✓ 49.06 73.25 53.03 75.74

5 ✓ Ref-Img ✓ 54.32 76.62 56.65 75.81
6 ✓ Mod-Text ✓ 53.18 75.98 55.80 76.96
7 (c) ✓ 48.58 72.73 53.01 75.40
8 ✓ ✓ 47.54 72.70 48.45 71.36
9

(d)
w/o Lortho 47.82 72.83 52.98 77.11

10 w/o Lbind 48.50 73.21 52.88 76.46
11 w/o Lkl 47.64 72.93 52.95 74.31

ENCODER 56.13 77.59 59.68 77.45

Table 4: Ablation Studies of ENCODER with different
components and various settings on FashionIQ, Shoes, and
CIRR. Note that C# is the number of different configura-
tions. And the “Ref-Img” and “Mod-Text” refer to the refer-
ence image and modification text, respectively.

From Table 4, we obtain the following observations. 1)
w/o MSC (C#8) shows the worst performance among all
variants, which reveals the importance of MSC in precisely
composing multi-scale semantic information. 2) Removing
either LFF or EAB (C#1, C#4) leads to a performance drop.
Moreover, the model without neither LFF nor EAB (C#7)
shows the worst performance among the first seven vari-
ants. This is reasonable since both LLF and EAB play cru-
cial roles in ENCODER. 3) Applying LFF or EAB only to
reference images or modification text (C#2-C#3, C#5-C#6)
results in decreased performance, but it is still better than re-
moving both LFF and EAB (C#7). This suggests that both
components need to be applied to learn the entity-action re-
lations comprehensively. 4) Both C#9 and C#10 perform
worse than ENCODER, which proves the effectiveness of
entity-action binding for semantic independence. 5) For Lkl

in Eqn.(16) (C#11), removing it leads to poor performance.
This may be because it requires guidance from the target im-
age distribution for multimodal query learning.

To investigate the sensitivity of ENCODER to the latent
factor number P and query number E of LRQ, we present
results on FashionIQ, as shown in Figure 3. We observed
that as the values of P or E increase, ENCODER’s perfor-
mance gradually reaches the optimal and then drops. This
is reasonable because the model requires a certain number
of factors or LRQs to capture the focus of the entity-action
pairs. However, too large values may lead to irrelevant factor
perturbations and chaotic entity-action pairs.

Figure 3: Sensitivity to (a) Latent Factor Number P and (b)
Query Number E of LRQ on the FashionIQ dataset.

4.4 Case Study

Figure 4: Attention visualization for LRQ on (a) CIRR and
(b) FashionIQ datasets.

Figure 4 exhibits the attention distribution of the LRQ
over the multimodal query and the target image on CIRR
and FashionIQ datasets. For CIRR in Figure 4(a), it can be
clearly observed that different LRQ queries focus on differ-
ent entities and actions. For example, query #0 focused on
the “penguin” in the reference image and the phrase “a pel-
ican” in the modification text. The two themselves are se-
mantically distant, however, LRQ succeeds in modeling the
entity-action correspondence in modification relation. Also,
query #1 successfully linked “ice” to “water”. For FashionIQ
in Figure 4(b), query #0 successfully acquired a focus on
“straps” and the phrase “with straps”, while query #2 gained
attention to a different region that represents the “is longer”
claim to “dress”. The above results demonstrate that LRQ
can focus on both the entity and the corresponding action.

5 Conclusion
In this paper, we designed ENCODER to understand the
correspondence between visual entities and modification ac-
tions in the CIR task. In summary, our model comprises two
main strategies. 1) Create a latent factor filtering module to
mine multimodal semantics related to modification action.
2) Design the modality-shared LRQ that can be employed to
mine entities and actions, and then learn the implicit modifi-
cation relations that bind entity-action pairs. These strategies
helped us to better compose multimodal features at multi-
scales. Extensive experiments on four benchmark datasets
demonstrated the superiority of our ENCODER.
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