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Abstract

With the rapid growth of video data, Composed Video Re-
trieval (CVR) has emerged as a novel paradigm in video re-
trieval and is receiving increasing attention from researchers.
Unlike unimodal video retrieval methods, the CVR task takes
a multi-modal query consisting of a reference video and a
piece of modification text as input. The modification text con-
veys the user’s intended alterations to the reference video.
Based on this input, the model aims to retrieve the most
relevant target video. In the CVR task, there exists a sub-
stantial discrepancy in information density between video
and text modalities. Traditional composition methods tend to
bias the composed feature toward the reference video, which
leads to suboptimal retrieval performance. This limitation
is significant due to the presence of three core challenges:
(1) modal contribution entanglement, (2) explicit opti-
mization of composed features, and (3) retrieval uncer-
tainty. To address these challenges, we propose the evidence-
dRivEn dual-sTream diRectionAl anChor calibration net-
worK (ReTrack). ReTrack is the first CVR framework that
improves multi-modal query understanding by calibrating di-
rectional bias in composed features. It consists of three key
modules: Semantic Contribution Disentanglement, Compo-
sition Geometry Calibration, and Reliable Evidence-driven
Alignment. Specifically, ReTrack estimates the semantic con-
tribution of each modality to calibrate the directional bias of
the composed feature. It then uses the calibrated directional
anchors to compute bidirectional evidence that drives reliable
composed-to-target similarity estimation. Moreover, ReTrack
exhibits strong generalization to the Composed Image Re-
trieval (CIR) task, achieving SOTA performance across three
benchmark datasets in both CVR and CIR scenarios.

1 Introduction

With the rapid expansion of video data (Liu et al. 2018a; Hu
et al. 2021a; Zhang et al. 2025; Liu et al. 2018b; Hu et al.
2023; Liu et al. 2025a), video retrieval has become a cen-
tral research focus in the field of multimodal retrieval (Kong
et al. 2025; Pu et al. 2025a; Liu et al. 2024b; Pu et al. 2025b;
Sun et al. 2023a; Zhang et al. 2023; Mu et al. 2025). To meet
growing demands for flexible queries, Ventura et al.(Ventura
et al. 2024b) proposed Composed Video Retrieval (CVR),
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Figure 1: (a) illustrates a typical CVR example. (b) high-
lights the directional bias issue in existing methods, where
the similarity between the composed feature and the target
video becomes indistinguishable from that of certain nega-
tive candidates, degrading retrieval performance. (c) demon-
strates that our method effectively mitigates directional bias,
producing a clear separation between the composed feature’s
similarity to the target and all negative samples.

which has since gained significant attention(Ventura et al.
2024a; Thawakar et al. 2024; Yue et al. 2025). As shown in
Figure 1(a), unlike traditional unimodal video retrieval (Tian
et al. 2025b,a; Wei et al. 2019, 2020), CVR retrieves the
most relevant target video from a large-scale database us-
ing a multi-modal query comprising a reference video and
a modification text. As a fundamental task in multi-modal
interaction, CVR supports real-world applications such as
multimodal reasoning (Sun et al. 2023b; Hu et al. 2021b; Li
et al. 2025a, 2023b; Wang, Zhang, and Dodgson 2024, 2025;
Yi-fan 2016; Xu et al. 2025), and intelligent interaction sys-
tem (Ma et al. 2025b,a; Jiang et al. 2025; Ou, de Bruijn, and
Schulz 2025; Liu et al. 2021a).

However, due to the overlooked directional bias in the
composed feature, CVR remains at an early stage. Specif-
ically, the video modality typically captures rich temporal



and visual information, while the text modality conveys se-
mantics concisely, resulting in a notable discrepancy in in-
formation density. Therefore, existing CVR methods (Ven-
tura et al. 2024b,a; Thawakar et al. 2024) that utilize unified
encoders (e.g., BLIP, BLIP-2) to encode video and text data
tend to exhibit semantic bias. As shown in Figure 1(b), the
composed features generated by existing methods often ex-
hibit excessively high similarity to the reference video (yel-
low area) while showing low similarity to the modification
text (green area). As illustrated in the similarity matrix on
the right, this leads to the composed feature having a simi-
larity to the positive target video that is close to that of cer-
tain negative candidates, ultimately resulting in degraded re-
trieval accuracy.

To address the directional bias in the composed feature,
we propose a strategy based on a dual-stream directional an-
chor to explicitly calibrate the composed feature, enabling
accurate integration of cross-modal semantics. As illus-
trated in Figure 1(c), the composed feature generated by our
method exhibits comparable similarity to both the reference
and modification semantics, and achieves improved discrim-
inability among candidate target videos. However, imple-
menting this strategy involves three primary challenges. (1)
Modal contribution entanglement. Correcting directional
bias requires identifying the semantic contributions of each
modality. Nevertheless, due to the entangled nature of these
semantics and the lack of explicit supervision, disentangling
the semantic contributions from different modalities within
the composed feature constitutes the first challenge. (2) Ex-
plicit optimization of composed features. Once the seman-
tic contributions have been identified, the second challenge
lies in evaluating whether the composed feature exhibits se-
mantic directional bias based on the current semantic con-
tributions, and performing explicit calibration accordingly.
(3) Retrieval uncertainty. Similar to Composed Image Re-
trieval (CIR), the CVR task also relies on triplet data, which
is expensive to annotate and often contains a large number
of visually or semantically similar candidate videos (Yue
et al. 2025). Such videos introduce substantial uncertainty
in retrieving the correct target video. Consequently, relying
solely on the similarity between the composed feature and
candidate videos may be insufficient for accurate retrieval.
The third challenge, therefore, is how to evaluate the relia-
bility of similarity estimation to achieve precise retrieval.

To address the above challenges, we propose the
evidence-dRivEn dual-sTream diRectionAl anChor calibra-
tion networK (ReTrack), which calibrates the directional
bias of the composed feature and leverages calibrated direc-
tional anchors to compute bidirectional evidence for reliable
composed-to-target similarity estimation. Specifically, (1) to
resolve the issue of modal contribution entanglement, we
introduce Semantic Contribution Disentanglement, which
separates visual and textual semantic contributions within
the composed feature to support subsequent bias correc-
tion; (2) to address explicit optimization of composed fea-
tures challenge, we propose Composition Geometry Cali-
bration, which builds directional anchors based on modality
semantic contribution and reconstructs the composed feature
to eliminate directional bias; (3) to mitigate retrieval un-
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certainty, we design Reliable Evidence-driven Alignment,
which derives bidirectional evidence from interactions be-
tween anchors and target features, enabling adaptive weight-
ing of high-credible samples and robust alignment between
composed and target features.

In summary, our contributions include:

* We propose a novel Composed Video Retrieval (CVR)
framework named ReTrack. To the best of our knowl-
edge, it is the first CVR model that improves multi-modal
query understanding by correcting the directional bias in
the composed feature.

ReTrack enables secondary construction of the com-
posed feature by disentangling the semantic contribution,
allowing for fine-grained adjustment of its spatial posi-
tion and directional bias. It further performs similarity re-
liability estimation through evidence learning to achieve
precise composed feature optimization.

Extensive experiments conducted on three widely-used
benchmark datasets, covering both CVR and CIR tasks,
demonstrate the superiority of our proposed ReTrack.

2 Related Work

Our work is closely related to Composed Video Retrieval
(CVR) and Uncertainty Estimation.

Composed Video Retrieval. Similar to CIR (Li et al.
2025b,c; Huang et al. 2025c; Fu et al. 2025; Wen et al.
2023b; Chen et al. 2025b,a), the CVR task focuses on devel-
oping models that interpret user-modified descriptions and
reference videos for multimodal video retrieval. Ventura et
al.(Ventura et al. 2024b,a) first formalized CVR and demon-
strated the effectiveness of pretrained visual-linguistic mod-
els like BLIP(Li et al. 2022) and BLIP-2 (Li et al. 2023a)
for multimodal query understanding (Lu et al. 2024; Lu,
Liu, and Kong 2023), adapting them to CVR with simple
composition mechanisms. Thawakar et al.(Thawakar et al.
2024) later enhanced query semantics with enriched cap-
tions. However, prior approaches overlook directional bias
in composed features and the challenge of multiple similar
candidates, leading to retrieval inaccuracies. ReTrack ad-
dresses these issues by calibrating feature bias and using
directional anchors to compute bidirectional evidence, im-
proving similarity estimation and retrieval accuracy.
Uncertainty Estimation To quantify prediction uncertainty
in deep neural networks (Huang et al. 2025a; Liu et al.
2025d; Huang et al. 2024a; Yifan 2018; Ting and Listening
2024), much research (Liu et al. 2024a; Huang et al. 2024b;
Liu et al. 2025¢; Liao et al. 2024, 2025; Liu et al. 2025b;
Wau et al. 2025) has focused on uncertainty estimation. Early
methods used Bayesian theory, approximating posterior pre-
dictive distributions (Huang et al. 2025b; Kingma, Salimans,
and Welling 2015; Huang et al. 2023), leading to Bayesian
Neural Networks (BNNs). However, BNNs suffer from high
computational costs and slow inference. Evidential Deep
Learning (EDL) addresses these limitations by modeling un-
certainty through network outputs, achieving success in vi-
sion (Liu et al. 2025e; Wang et al. 2025; Liang et al. 2024,
Li et al. 2024) and multi-modal tasks (Sensoy, Kaplan, and



(a) Semantic Contribution Disentanglement

(b) Composition Geometry Calibration
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Figure 2: The proposed ReTrack consists of three key modules: (a) Semantic Contribution Disentanglement, (b) Composition
Geometry Calibration, and (c) Reliable Evidence-driven Alignment.

Kandemir 2018). Sensoy et al. (Sensoy, Kaplan, and Kan-
demir 2018) introduced subjective logic for improved un-
certainty estimation and robustness, while Han et al. (Han
et al. 2022) extended these ideas to multi-view classifica-
tion with dynamic evidence fusion, enhancing reliability. In-
spired by EDL, ReTrack leverages bidirectional evidence in-
teractions between directional anchors and target features.
By adaptively weighting high-confidence samples, ReTrack
more accurately aligns composite and target features, reduc-
ing the impact of similar candidate videos during retrieval.

3 ReTrack

As akey innovation, we introduce the ReTrack model, which
calibrates directional bias in composed features and en-
ables reliable composed-to-target similarity computation us-
ing evidence from calibrated directional anchors. As illus-
trated in Figure 2, ReTrack comprises three key modules:
(a) Semantic Contribution Disentanglement, which disen-
tangles visual and textual contributions within composed
features to support effective bias calibration (Section 3.2);
(b) Composition Geometry Calibration, which constructs di-
rectional anchors from modal semantic contributions and
reconstructs the composed features to calibrate directional
bias (Section 3.3); (c) Reliable Evidence-driven Alignment,
which uses bidirectional evidence between directional an-
chors and target features to weight high-credibility sam-
ples and reliably align composed features with targets (Sec-
tion 3.4). In this section, we first formalize the CVR task and
then elaborate on each module of ReTrack.

3.1 Problem Formulation

The Composed Video Retrieval (CVR) task aims to re-
trieve the target video that fulfills the multimodal query. Let
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T={(z,xm, xt)n}f:[:l denote a set of N triplets, where
T, Ty, and x; refer to the reference video, modification
text and target video, respectively. Our goal is to optimize a
metric space where the embedding of the multimodal query
(zy, z,,) should be as close as possible to the corresponding
target video x;, formulated as, G (z,, z,,) — G (z;) , where
G denotes the to-be-optimized embedding function for both
the multimodal query and target video.

3.2 Semantic Contribution Disentanglement

To calibrate directional bias in the composed feature, we first
disentangle the semantic contributions of each modality. To
this end, we introduce Semantic Contribution Disentangle-
ment, which first extracts features for the reference video,
modification text, and their composed feature. It then sep-
arately interacts the composed feature with reference video
and modification text branches, disentangling their respec-
tive semantic contributions. The disentanglement forms ba-
sis for subsequent directional calibration, as detailed below.
Bimodal Extraction & Composition. Following previous
work (Ventura et al. 2024a; Xu et al. 2024, Li et al. 2025¢),
we first leverage the Q-Former to extract the features of the
reference video and the modification text, as well as their
cross-modal composed feature, formulated as follows,

{Fr = Q-Former(®1(z,)), Fr = Q-Former(®r(zrm)),

F. = Q-Former(®1(z,), Pr(zm)),

where F,., F,,, F.c R?*P are the reference feature, modi-
fication feature, and composed feature, respectively. () is the
number of learnable queries for Ny sampled frames, Ny is
the frame number, and D is the embedding dimension. &y
and @1 denote the visual encoder and text tokenizer, respec-
tively. Subsequently, for the target video, we apply the same
manner to obtain the target feature F, € R@*D,

(€]



Contribution Disentanglement. Subsequently, we disen-
tangle the semantic contributions from the reference video
and the modification text within the composed feature sepa-
rately. Below, we take the reference video as an example.
To disentangle the semantic contribution of the reference
video, we might naturally consider subtracting the modifica-
tion text feature from the composed feature. However, this
naive subtraction fails to capture the true visual semantic
contribution due to the complexity of modification seman-
tics. Thus, we introduce a Transformer Decoder to more ac-
curately extract the reference video’s semantic contribution.
Specifically, the reference video feature F, is used as the
Query, and the composed feature F . serves as both the Key
and Value, yielding the reference semantic contribution P,.,

P, = Decoder(Q =F,,{K,V} =F.), 2)

where P, € R@*P is the reference contribution. Similarly,
we obtain the modification contribution P,,, € R@*P.

3.3 Composition Geometry Calibration

To calibrate potential directional bias in the composed fea-
ture (i.e., an excessive bias toward the visual or textual
modality at the expense of the other), we introduce the Com-
position Geometry Calibration module, ensuring the cali-
brated feature remains close to the target video. This mod-
ule first uses modal semantic contributions to generate bi-
modal directional anchors for each channel of the com-
posed feature. It then employs Distance-oriented Alignment
to minimize the distance to the target feature, and Direction-
oriented Calibration to reconstruct the composed feature
from these anchors, optimizing its direction relative to the
target. This approach enables more accurate multimodal fea-
ture composition, as detailed below.

Anchor Generation. Firstly, since not all channels in
the bimodal feature equally influence the composed di-
rection, channels with greater compositional relations to
the composed feature should be weighted more heavily
in directional calibration. To address this, we introduce
composition-oriented bimodal directional anchors based on
semantic contributions. The computation of the reference
anchor is described below as an example.

Specifically, we first introduce Point Weights W, ¢
RP*P which adaptively learn the weight of each channel
feature’s influence on directionality based on the similarity
between the reference and composed feature, formulated as,

W, = MLP(F. -F,"). A3)

Subsequently, we leverage the point weights W, to adjust
the contribution of different feature channels in the semantic
contributions to the composed direction, thereby generating
the reference anchor A,., formulated as follows,

Ar:Fc+Wp®Pr, (4)

where A, € RO*D, Similarly, we obtain the modification
anchor A,, € R@*D,

Distance-oriented Alignment. Secondly, to provide a more
accurate distance basis for the subsequent calibration, we
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perform Distance-oriented Alignment. In this part, we lever-
age a batch-based classification loss, which is widely uti-
lized in CVR/CIR tasks (Ventura et al. 2024a; Xu et al.
2024), to pull the position of the composed feature closer
to that of the target feature, formulated as follows,

} , O

B
Lais = ;Z—log{ Bexp {S (Fei,Fui) /7}
=1 Zj:l exp {S (Fei, Fij) /7}

where S(-, ) is the similarity function, B is the batch size,
and 7 is the temperature coefficient. F.; and F;; denote the
i-th compose feature and target feature in the batch.
Direction-oriented Calibration Finally, we start from the
directional anchors and impose their semantic contributions
onto the composed feature to derive the composition direc-
tional anchor. We then use this composition directional an-
chor as an intermediary, pulling it closer to the target feature,
thereby ensuring the accuracy of each modality’s semantic
contribution within the composed feature.

Specifically, we construct the composition directional an-
chor A. € R?*P based on the “parallelogram law” as,

Ac=(A, —F.) + (A — F,).

(6

Subsequently, we compute the true directional vector
from the original composed feature to the target feature as
A, =(F,—F, € RQXD, which serves to guide the cali-
bration of the composition directional anchor A . toward the
target feature, thereby eliminating directional bias and en-
suring that the composition process more precisely points to
the target feature in spatial direction, formulated as follows,

B
1 exp {S (Aci, Avi) /7} }
£w:—§ —log , (D
B4 {2;: exp (S (Aci, Ary) /7

where S(+, ) is the similarity function, B is the batch size,
and 7 is the temperature coefficient. A., and A;, denote
the i-th composition directional anchor and true directional
vector in the batch, respectively.

3.4 Reliable Evidence-driven Alignment

To reduce ReTrack’s uncertainty when encountering simi-
lar candidate videos, we propose Reliable Evidence-driven
Alignment. This approach computes bidirectional evidence
by interacting directional anchors with the target feature,
automatically weights highly credible samples, and reliably
aligns the composed feature with the target feature.
Evidence Modeling. To reduce the uncertainty in the align-
ment between the composed feature and the target fea-
ture, we utilize the Dempster-Shafer Theory of Evidence
(DST) (Zadeh 1986). This theory is widely applied to handle
available evidence from different sources in order to quan-
tify the reliability of a given hypothesis. In our ReTrack
model, we leverage DST to measure correlation reliability
between the two sets of directional anchors and the target
feature, thereby further enhancing the reliability of the simi-
larity matrix during the alignment process. In the following,
we illustrate the evidence computation process using the ref-
erence anchor as an example.

Specifically, we first define the evidence vector in DST
asE =[e,...,eq] € R®, which represents the matching



WebVid-CoVR-Test
Method R@k Av
k=1 k=5 E=10 k=50 &
Pre-trianed Models
CLIP (Radford et al. 2021) 44.37 69.13 77.62 93.00 71.03
BLIP (Li et al. 2022) 45.46 70.46 79.54 93.27 72.18
CVR Models
CoVR (Ventura et al. 2024b) 53.13 79.93 86.85 97.69 79.40
CoVR_Enrich (Thawakar et al. 2024) 60.12 84.32 91.27 98.72 83.61
CoVR-2 (Ventura et al. 2024a) 59.82 83.84 91.28 98.24 83.30
FDCA (Yue et al. 2025) 54.80 82.27 89.84 97.70 81.15
ReTrack (Ours) 63.85 87.05 92.80 99.10 85.70

Table 1: Performance comparison on the test set of the CVR dataset, WebVid-CoVR, relative to R@k&(%). The overall best
results are in bold, while the best results over baselines are underlined.

evidence between each channel of the reference anchor A,
and the target feature F';. Following Evidence Deep Learn-
ing (EDL) (Sensoy, Kaplan, and Kandemir 2018), we utilize
the Subjective Logic to formulate the evidence as follows,
eq = exp(n}%x (AT@ . FtT) X /7T), )
g=1 4
where () is the number of learnable queries in the Q-Former,
and A, denotes the g-th channel of the reference anchor.
€4 1s the matching evidence between the ¢-th channel of the
reference anchor and the target feature. Based on the match-
ing evidence from all channels, we further compute the be-
lief mass for each channel to measure each channel’s confi-
dence in its own decision, formulated as follows,
€q

by= —— L
S (g +1)
Based on each channel’s belief mass of its own decision,
we can derive the overall correlation reliability of the refer-
ence anchor, which denotes the directional semantic infor-
mation during the composition process, formulated as,

< Q
E=S by=1-— o
2 b=

G=1

®

(10)

In the same manner, we can obtain the correlation reli-
ability between the directional semantic information of the
modification text and the target feature, denoted as E,,,.
Optimization. Subsequently, based on EDL (Sensoy, Ka-
plan, and Kandemir 2018), we argue that the correlation re-
liability [E,., E,,, should be positively correlated with the sim-
ilarity between the composed feature and the target feature
within the batch, for better comprehension. Thus, based on
the two sets of correlation reliability, we design an evidence-
driven regularization loss to ensure consistency between
the similarity measurement and the correlation reliability,
thereby enhancing the reliability of the similarity between
the composed feature and the target feature, formulated as,

B
1
Cevi = E ; (Erbfs (Fcb, Ftb))2+(]Em,b78 (Fcby Ftb))2 ) (11)

where B is the batch size, and F';, F'y;, denote the b-th com-
posed feature and target feature in the batch, respectively.
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Finally, we obtain the final loss function for ReTrack as,

©" = argmin (Lais + £Lair + ALevi), (12)
)

where © is the ReTrack parameter to be learned and &, A are

the trade-off hyper-parameters.

4 Experiments

This section delves into our comprehensive experiments of
ReTrack and the corresponding analyses.

4.1 Experimental Setup

Datasets. To comprehensively evaluate the efficacy and gen-
eralizability of the proposed ReTrack, we conduct experi-
ments on both CVR and CIR tasks. For the CVR task, we
adopt the large-scale open-domain WebVid-CoVR (Ventura
et al. 2024b). For the CIR task, we employ the widely used
fashion-domain FashionIQ dataset (Wu et al. 2021), and the
open-domain CIRR dataset (Liu et al. 2021b).

Evaluation Metrics. To ensure fair comparisons, we follow
the standard evaluation protocols of each dataset and report
Recall@k (R@k) as the primary metric: 1) WebVid-CoVR:
R@{1,5,10,50}, along with their mean. 2) FashionIQ:
R@{10, 50} for each category. 3) CIRR: R@{1, 5, 10,50},
and subset-based metrics Ry, @{1, 2, 3}.

Implementation Details. Following previous works (Ven-
tura et al. 2024a), we adopt BLIP-2 (Li et al. 2023a) fine-
tuned on the COCO dataset with 364-pixel input resolu-
tion as the backbone model for ReTrack and freeze the
ViT during training. The frame number N; = 4 and the
number of learning query Q = 32Ny. For the trade-off
hyper-parameters in Eq.(12), we conduct a grid search to set
A = 1.0 and k = 0.5. The temperature coefficient 7 = 0.1.
ReTrack is trained with a batch size of 64 using the AdamW
optimizer with a learning rate of 2e — 5. Training is per-
formed for 5, 10 epochs on CVR and CIR datasets. All ex-
periments are conducted on an NVIDIA V100 GPU with
32GB memory.

4.2 Performance Comparison

To validate the performance and generalization of ReTrack,
we conduct extensive comparisons on CVR and CIR tasks.



FashionlQ CIRR
Method Dresses Shirts Tops&Tees R@k Rubw @K
R@10 R@50|R@10 R@50|R@10 R@50| k=1 k=5 k=10 k=50| k=1 k=2 k=3
CIR Models
TG-CIR (Wen et al. 2023b) 4522 69.66 | 52.60 72.52 | 56.14 77.10 |45.25 78.29 87.16 97.30|72.84 89.25 95.13
SSN (Yang et al. 2024) 3436 60.78 | 38.13 61.83 | 44.26 69.05 [43.91 77.25 86.48 97.45|71.76 88.63 95.54
SADN (Wang et al. 2024) 40.01 65.10 | 43.67 66.05 | 48.04 70.93 |44.27 78.10 87.71 97.89|72.34 88.70 95.23
SPRC (Xu et al. 2024) 49.18 7243 | 55.64 73.89|59.35 78.58 |51.96 82.12 89.74 97.69|80.65 92.31 96.60
LIMN (Wen et al. 2023a) 50.72 74.52 | 56.08 77.09 | 60.94 81.85 |43.64 75.37 85.42 97.04|69.01 86.22 94.19
LIMN+ (Wen et al. 2023a) 52.11 75.21 | 57.51 77.92 | 62.67 82.66 [43.33 75.41 85.81 97.21|69.28 86.43 94.26
IUDC (Ge et al. 2025) 3522 6190 | 41.86 63.52 | 42.19 69.23 - - - - - - -
ENCODER (Li et al. 2025b) 51.51 7695 |54.86 7493 | 62.01 80.88 [46.10 77.98 87.16 97.64|76.92 90.41 95.95
CVR Models
CoVR (Ventura et al. 2024b) 4455 69.03 | 48.43 67.42 | 52.60 74.31 |49.69 78.60 86.77 94.31|75.01 88.12 93.16
CoVR_Enrich (Thawakar et al. 2024) | 46.12 69.52 | 49.61 68.88 | 53.79 74.74 |51.03 - 8893 9753|7651 - 95.76
CoVR-2 (Ventura et al. 2024a) 46.53 69.60 | 51.23 70.64 | 52.14 73.27 |50.43 81.08 88.89 98.05|76.75 90.34 95.78
ReTrack (Ours) 5291 77.54 | 6191 81.26 | 63.22 83.36 |52.34 82.53 90.34 98.13|79.64 92.58 96.99

Table 2: Performance comparison on the CIR dataset, FashionIlQ and CIRR, relative to R@k(%). The overall best results are in

bold, while the best results over baselines are underlined.

On CVR Task. As shown in Table 1, we compare two cat-
egories of baselines: pretrained models and CVR models.
The results reveal the following observations: 1) ReTrack
achieves the best performance across all evaluation met-
rics on both CVR datasets. Specifically, on WebVid-CoVR,
ReTrack yields a 2.50% improvement in the mean metric.
And the R1 metric improves significantly. This demonstrates
that by calibrating directional bias in the composed fea-
ture and enhancing the reliability of the similarity between
the composed feature and the target feature, ReTrack effec-
tively improves its understanding of multi-modal queries.
2) CoVR_Enrich performs sub-optimal on WebVid-CoVR,
likely due to its use of extra generated captions to improve
cross-modal perception. In contrast, ReTrack surpasses it
without extra inputs, relying solely on Composition Geom-
etry Calibration and Reliable Evidence-driven Alignment.

On CIR Task. As shown in Table 2, we compare CIR mod-
els and CVR models. The results yield the following key in-
sights: 1) ReTrack achieves the best performance on all met-
rics across both CIR datasets. Compared to the second-best
method, ReTrack attains relative improvements of 1.54%,
7.7%, and 0.88% in R@10 on FashionlQ for different cat-
egories, and 0.73% in R@1 on CIRR. This demonstrates
that ReTrack’s multimodal semantic disentanglement and
calibration-based feature modeling provide strong domain
generalization. 2) Most CVR models lag behind special-
ized CIR models on CIR tasks, likely due to their focus on
global visual perspectives and reliance on repeated key tar-
gets across frames, which can overlook single-frame visual
details and introduce semantic bias. In contrast, ReTrack ef-
fectively attends to multimodal details and performs cross-
modal calibration, enabling precise semantic composition
for both CVR and CIR. This highlights ReTrack’s strong
generalization in visual-modality semantic understanding.

4.3 Ablation Study

To assess the effect of each ReTrack module, we perform de-
tailed ablation studies across the following variant groups:
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G[A]: Ablation on Semantic Contribution Disentangle-
ment D#(1) wo_C_ref, D#(2) wo_C_mod: Remove the se-
mantic contribution from the reference video or modification
text, respectively, using only one modality’s contribution.
D#(3) wo_SCD: Remove Semantic Contribution Disentan-
glement and use original features instead. G/B]: Ablation
on Composition Geometry Calibration D#(4) wo_Ldis:
Remove Distance-oriented Alignment to test its positional
role in calibration. D#(5) wo_A _ref, D#(6) wo_A_mod: Re-
move the reference or modification anchor in Eq.(6), respec-
tively. D#(7) wo_L4;,-: Remove Direction-oriented Calibra-
tion Lg;, in Eq.(7). G[C]: Ablation on Reliable Evidence-
driven Alignment D#(8) wo_Evi_ref, D#(9) wo_Evi_mod:
Remove the reference or modification evidence terms from
the regularization loss. D#(10) wo_L.,;: Remove the entire
evidence-driven regularization loss. G[D]: Ablation on Ev-
idence Calculation D#(11) w_RELU, D#(12) w_Softplus:
Replace the exponential evidence computation in Eq. (8)
with ReLU and Softplus, to test the function choice.

From Table 3, we obtain the following observations. 1)
Compared to the full ReTrack model, D#(1) and D#(2) show
slight performance drops, indicating the necessity of disen-
tangling both visual and textual contributions for effective
calibration and retrieval. 2) Within G[A], D#(3) shows the
largest decline, indicating that jointing multimodal semantic
bias is essential for calibrating modality-specific semantic
deviations, which in turn enhances multimodal understand-
ing. 3) D#(4) yields a notable decrease, underscoring the im-
portance of distance guidance for direction calibration. Both
D#(5) and D#(6) reduce performance, confirming that refer-
ence and modification anchors each provide essential direc-
tional cues. D#(7) exhibits an even greater drop, reinforcing
the role of distance in measuring each modality’s contribu-
tion. 4) D#(8) and D#(9) also lead to declines, showing that
uncertainty quantification from both modalities is vital for
reliable alignment. D#(10) results in the sharpest drop in
G[C], showing the importance of evidence-driven regular-
ization for robust retrieval. 5) D#(11) and D#(12) examine



o L. FIQ-Avg. CIRR | WebVid
D# | Derivatives om0 Resg 1 Avg, | Ave,
G[A]: Semantic Contribution Disentanglement
1 wo_C_ref 58.84 80.25 79.86 83.90
2 wo_C_mod 58.68 7994 | 79.54 84.20
3 wo_SCD 57.69  78.48 78.49 83.37
G[B]: Composition Geometry Calibration
4 wo_Lais 3.78 9.12 16.08 27.59
5 wo_A _ref 58.21 79.48 79.73 84.33
6 wo_A_mod 58.31 79.87 79.54 84.27
7 wOo_Ldir 57.64  78.82 | 79.68 83.66
G[C]J: Reliable Evidence-driven Alignment
8 wo_Evi_ref 59.11 80.09 80.03 84.27
9 wo_Evi_mod | 59.03 80.08 80.59 84.19
10 WO_Lewi 56.93 78.19 | 78.94 83.02
G[D]: Calculation of Evidence
11 w_ReLU 59.02 80.07 80.68 84.65
12 w_Softplus 59.11 80.19 81.01 84.54
ReTrack (Ours) 59.35 80.72 81.09 85.70

Table 3: Ablation study on three CVR and CIR datasets.

evidence computation methods, which reveals that evidence-
theory—compliant approaches can estimate data uncertainty,
with the exponential method adopted as optimal.
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Figure 3: Sensitivity to the hyper-parameters (a) «, and (b)
A on WebVid-CoVR and CIRR datasets.

To analyse ReTrack’s sensitivity to the hyperparameter s
and A in Eq.(12), we present results on WebVid-CoVR and
CIRR in Figure 3. We observe that, for both datasets, per-
formance first increases and then decreases as x and A in-
crease. This behavior is reasonable because the composition
geometry requiring calibration does not exhibit unbounded
deviation but lies within a limited range, so balanced hyper-
parameters are needed to constrain the degree of calibration.
Moreover, a larger A effectively applies reliable evidence to
the corresponding channels; however, not all channels re-
quire high evidence support, since some channels may inher-
ently lack reliable semantic information. Thus, excessively
large values lead to performance degradation.

4.4 Case Study

As shown in Figure 4, we compare retrieval results from our
ReTrack model and the representative CVR model CoVR-2
on WebVid-CoVR and CIRR, with the following observa-
tions: 1) In Figure 4(a), ReTrack retrieves the target video
at rank 1, while CoVR-2 returns two “sea-and-sky” videos
as its top results. The prevalence of “sky” and “ocean” in
the reference video introduces high uncertainty in video
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(a) WebVid-CoVR

Retrieve

Modification Text
“make the woman
a man”

S

Modification Text
“Keep the dog in the
same position but make
it a puppy, add a blue
collar, remove rock from
background, only plants.”|

Multimodal Query

O

Retrieve

Figure 4: Case study on (a) WebVid-CoVR and (b) CIRR.

semantics, reducing the text’s contribution and resulting
in CoVR-2’s inaccurate retrieval. Additionally, CoVR-2’s
composed feature becomes overly text-biased due to the
emphasis on “man” in the modification text. By leverag-
ing evidence-driven uncertainty quantification, ReTrack ef-
fectively mitigates background semantic interference and
achieves higher-quality results, demonstrating the value of
its bias calibration and reliable similarity computation. 2) In
Figure 4(b), ReTrack ranks the target image first, whereas
CoVR-2 places it third. The modification text includes sev-
eral requirements with low uncertainty, and ReTrack ac-
curately captures these, yielding more complete matches.
CoVR-2, in contrast, retrieves an image meeting only some
requirements as rank 1. This underscores the need for bal-
anced modality contributions in forming the composed fea-
ture and reliable similarity computation.

5 Conclusion

In this work, we investigate the novel CVR task. Although
previous methods have achieved impressive progress, they
neglect the potential directional bias in the composed fea-
ture, which may lead to suboptimal retrieval performance.
To address this limitation, we propose ReTrack, the first
CVR framework that improves multi-modal query under-
standing by correcting directional bias in the composed fea-
ture. ReTrack calibrates the directional bias by computing
modality-specific semantic contributions, and leverages the
calibrated directional anchors to generate bidirectional evi-
dence, enabling reliable composed-to-target similarity esti-
mation. In addition, ReTrack is also compatible with CIR
and achieves state-of-the-art performance on three bench-
mark datasets covering both CVR and CIR tasks. In future
work, we plan to extend our method to multi-turn interactive
Composed Multi-modal Retrieval.
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