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Abstract

Composed Video Retrieval (CVR) aims to re-
trieve a target video given a reference video
and a modification text. The central challenge
is to identify and use video content that is
relevant to the retrieval need specified by the
modification text. Existing methods typically
encode videos before considering this textual
need, causing visual evidence to be formed in
a largely text-agnostic manner. We propose
StaDy-CLIP, a compact dual-pathway frame-
work for text-conditioned evidence composi-
tion. It preserves the frozen CLIP visual en-
coder as a static pathway for CLIP-aligned
static evidence, introduces a lightweight side
pathway for dynamic evidence, and uses Text-
Conditioned Composition Blocks to perform
patch-wise dynamic evidence selection and tex-
tual modulation. A learnable Gallery Condi-
tioning Prompt further enables gallery videos
to be encoded within the same evidence compo-
sition framework. StaDy-CLIP achieves state-
of-the-art performance on FineCVR-1M and
TF-CoVR with only 7.78M trainable parame-
ters, improving prior best results by +4.05 in
Recall@1 and +1.49 in mAP@5. Ablations
and encoder-transfer results validate its effec-
tiveness and encoder-level transferability for
existing CVR methods. 1

1 Introduction

Composed retrieval addresses a flexible search sce-
nario where a target instance is specified relative
to a reference example through a natural-language
modification. The modification text not only de-
scribes how the target differs from the reference,
but also determines which reference content should
be preserved for retrieval. While this paradigm has
been widely studied in image-based settings such
as Composed Image Retrieval (CIR) (Liu et al.,
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2021), Composed Video Retrieval (CVR) (Ventura
et al., 2024b) extends it to temporally structured
videos, where retrieval depends on both a reference
video and a modification text.

Compared with composed retrieval over static
images, CVR involves a richer and more heteroge-
neous space of visual evidence. A reference video
may contain static cues, such as scenes, objects, at-
tributes, and appearances, as well as dynamic cues,
such as actions, interactions, and motion patterns.
The retrieval relevance of these cues is determined
not only by the video itself, but also by the modifi-
cation text, which specifies how the reference video
should be interpreted for retrieval. As illustrated
in Figure 1a, the same reference video may require
different evidence under different textual modifica-
tions: object-level modifications may require pre-
serving the ongoing action while changing static
semantics, whereas action-level modifications may
preserve the scene context while suppressing the
original actions. Therefore, effective CVR models
must go beyond generic spatio-temporal model-
ing and organize video evidence according to the
language-specified retrieval need.

Recent CVR benchmarks make this language-
dependent evidence demand explicit through di-
verse modification types (Yue et al., 2025). Most
existing CVR methods have focused primarily on
how to compose the modification text with video
features extracted by an upstream visual encoder.
Compared with earlier methods that rely on image-
based encoders (Ventura et al., 2024b; Chen et al.,
2025), recent approaches introduce stronger video
encoders to provide richer temporal evidence for
downstream composition (Hummel et al., 2024;
Gupta et al., 2025). However, as shown in Fig-
ure 1b, replacing the visual encoder can bring no-
ticeable gains, but the improvements are often bi-
ased toward particular types. Such gains arise be-
cause the modification text is typically introduced
only after video features have been extracted, leav-
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Figure 1: Motivation. Left: means preserving the evidence, while means ignoring the evidence. means
adding new evidence. The same reference video requires different evidence under different text. When only the
object changes, dynamic information should be preserved for retrieval; when the modification changes the action,
retrieval should rely more on static semantics. Right: Bars show the gains on static and dynamic query subsets,
while the right column reports the gap ∆Static − ∆Dynamic, when CLIP is replaced by video encoders.

ing the formation of video evidence largely un-
affected by the current textual requirement. As a
result, the encoded video evidence is shaped primar-
ily by the encoder’s architecture-dependent priors,
such as appearance modeling or motion sensitiv-
ity, and thus tends to better serve specific textual
requirements that match these priors.

To address these limitations, we propose StaDy-
CLIP, a CLIP-based dual-pathway framework
for text-conditioned video modeling in composed
video retrieval. Rather than treating the reference
video as a fixed backbone output, StaDy-CLIP al-
lows the modification text to condition how visual
evidence is selected and organized. Specifically,
it preserves the original CLIP visual encoder as
a static pathway to provide static evidence, while
introducing a lightweight dynamic pathway to con-
struct temporal evidence. The two pathways inter-
act through a sequence of Text-Conditioned Com-
position Blocks, where the modification text is
grounded onto patch-level visual evidence to guide
dynamic evidence selection and textual modula-
tion. In this way, StaDy-CLIP can emphasize static
cues for appearance-, object-, or scene-related mod-
ifications, while incorporating temporal evidence
for action- and motion-related modifications. To
maintain a unified conditioning framework for both
query and gallery videos, we further introduce a
learnable Gallery Conditioning Prompt, which
enables gallery video representations to be encoded
under the same composition mechanism.

Overall, our main contributions are as follows.

• We revisit composed video retrieval as text-
conditioned video modeling, where the mod-
ification text specifies the retrieval need and
determines how static and dynamic evidence
should be selected from the reference video.

• We propose StaDy-CLIP, a compact dual-
pathway framework that performs text-
conditioned composition for both query and
gallery video encoding.

• Experiments on FineCVR-1M and TF-CoVR
show that StaDy-CLIP achieves state-of-the-
art performance with only 7.78M trainable pa-
rameters, while ablations and analysis validate
its effectiveness and encoder-level generaliz-
ability for existing CVR methods.

2 Related Work

2.1 Composed Image Retrieval

CIR aims to retrieve a target image given a refer-
ence image and a modification text (Vo et al., 2019).
Early CIR methods typically learn a shared embed-
ding space for visual and textual inputs (Baldrati
et al., 2022; Chen et al., 2020; Vo et al., 2019; Lee
et al., 2021; Anwaar et al., 2021), where the fused
representation is used to match the target image.
More recently, with the emergence of large vision-
language models (Radford et al., 2021), several
studies have explored zero-shot CIR (Saito et al.,
2023; Baldrati et al., 2023; Gu et al., 2024a; Suo
et al., 2024; Tang et al., 2024), which removes the
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reliance on pre-defined triplet training data. De-
spite their effectiveness, CIR methods are funda-
mentally designed for static visual composition.
Their modifications are typically expressed at the
level of objects, attributes, or scenes in a single
image, without reasoning over temporal evolution.

2.2 Multimodal Grounding

Multimodal grounding establishes correspondences
between language and visual content, covering
tasks such as referring expression comprehen-
sion, phrase grounding, moment retrieval, and
spatio-temporal video grounding. Early image-
level work treated frame referring expression and
phrase grounding as text-conditioned region pre-
diction (Mao et al., 2015; Deng et al., 2021),
later scaled up by grounded pretraining that learns
region-phrase alignment from large-scale image-
text data (Kamath et al., 2021; Li et al., 2021;
Liu et al., 2023). In the video domain, grounding
extends to temporal sentence grounding and mo-
ment retrieval (Gao et al., 2017; Hendricks et al.,
2017; Lei et al., 2021; Cao et al., 2024) and spatio-
temporal video grounding (Yang et al., 2022; Gu
et al., 2024b; Zhao et al., 2024), with recent video-
LLMs sharpening temporal localization via spe-
cialized temporal tokens (Ren et al., 2023; Huang
et al., 2023; Wang et al., 2024b; Zeng et al., 2024).
A complementary line pursues fine-grained align-
ment between visual and text tokens within the
encoder (Yao et al., 2021; Ma et al., 2022; Wang
et al., 2023; Asokan et al., 2025). However, these
methods focus on text describing content present
in the visual input, unlike the modification-style
language in composed retrieval.

2.3 Composed Video Retrieval

CVR aims to retrieve the target video based on a ref-
erence video and modification text. Many existing
CVR methods remain centered on static semantic
alignment, either through CIR-style fusion of ref-
erence videos and modification text (Ventura et al.,
2024b,a; Wang et al., 2025), or through enhanced
fine-grained video-text alignment via richer textual
representations (Thawakar et al., 2024, 2025; Yue
et al., 2025), without explicitly modeling temporal
dynamics. Some recent works further extend CVR
beyond static semantic alignment by introducing
simple video-level modeling, such as incorporating
video encoders or leveraging MLLMs to generate
video descriptions (Gupta et al., 2025; Hummel
et al., 2024). Although these methods incorporate

temporal information to some extent, they mainly
capture generic temporal patterns and lack task-
specific temporal modeling for CVR. Several CVR
benchmarks have also been introduced. WebVid-
CoVR (Ventura et al., 2024b) mainly covers static
content. In contrast, FineCVR-1M (Yue et al.,
2025) focuses on fine-grained static and dynamic
modifications, EgoCVR (Hummel et al., 2024) tar-
gets egocentric actions, and TF-CoVR (Gupta et al.,
2025) emphasizes fine-grained actions.

3 Method

3.1 Method Overview

In composed video retrieval (CVR), each query
consists of a reference video vr and a modification
text tm. The goal is to retrieve the target video vt
from a gallery V according to the composed query
(vr, tm). tm specifies the information need under
which visual evidence in vr should be selected and
organized. We formulate the video representation
as vc = f(vr | tm), emphasizing that the modifica-
tion text conditions the composition of reference-
video evidence. Then compose the video and text
to form the final query representation.

We propose StaDy-CLIP, a CLIP-based dual-
pathway framework for text-conditioned video
modeling in CVR. As shown in Figure 2, StaDy-
CLIP preserves the original CLIP visual encoder as
a static pathway to provide static evidence, while
attaching a lightweight dynamic pathway to con-
struct temporal evidence. The two pathways inter-
act through a sequence of Text-Conditioned Com-
position Blocks (TCC Blocks), where static and
dynamic evidence are composed at the patch level
under the modification text. Within each block, the
modification text is first grounded onto visual evi-
dence to provide text-grounded guidance, which is
then used to select dynamic evidence and modulate
visual tokens according to the specified modifica-
tion. For gallery encoding, we replace the modifi-
cation text with a learnable Gallery Conditioning
Prompt, enabling gallery videos to be represented
within the same evidence composition framework.

3.2 Static-Dynamic Evidence Decomposition

To make video evidence selectable under different
modification texts, each reference video is repre-
sented as complementary evidence sources captur-
ing different types of visual information. StaDy-
CLIP decomposes video evidence into these two
sources through a dual-pathway design.
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Figure 2: Architecture of StaDy-CLIP. A frozen CLIP visual encoder provides static evidence, while a lightweight
dynamic pathway constructs temporal evidence. Text-Conditioned Composition Blocks ground the modification text
onto visual evidence and perform patch-wise gated selection of dynamic evidence and textual modulation. Gallery
videos are encoded with a learnable Gallery Conditioning Prompt within the same evidence composition framework.

Dual-Pathway Structure. We adopt frozen
CLIP (Radford et al., 2021) as the static path-
way, extracting frame-level static cues such as ob-
jects, scenes, and visual attributes from raw frames.
The dynamic pathway is a smaller trainable net-
work with dimension ds, in which lightweight
adapters (Wang et al., 2024a) are inserted to cap-
ture temporal information. It is initialized by an
SME Adapter (Wang et al., 2024a) with frame dif-
ference, denoted as S0 = SME(vr). Starting from
this initial side representation, the dynamic path-
way interacts with the CLIP visual encoder through
L TCC Blocks attached to its last L layers.

Layer-Wise Evidence Construction. At the l-
th layer, the previous side representation Sl−1 is
combined with the CLIP tokens Xl from current
layer to form the current static evidence tokens
Es

l ∈ RT×N×ds . Then, a lightweight temporal evi-
dence adapter Tl(·) is applied to produce dynamic
evidence Ed

l ∈ RT×N×ds . we construct the two
evidence sources as:

Es
l = α · P v

l (Xl) + Sl−1, Ed
l = Tl(E

s
l ), (1)

where P v
l (·) projects CLIP tokens in the side-

pathway dimension ds, and α is a fixed weight

that balances the initial static contribution. These
static (Es

l ) and dynamic (Ed
l ) tokens form com-

plementary evidence sources, which are passed to
subsequent modules that perform text-conditioned
grounding and selection.

3.3 Text-Conditioned Evidence Composition
Given the static evidence Es

l and dynamic evidence
Ed

l , CVR requires deciding how each type of evi-
dence should contribute under the modification text.
Rather than uniformly fusing static and dynamic
tokens, StaDy-CLIP performs text-conditioned evi-
dence composition at the patch level. Specifically,
each composition block first grounds the modifi-
cation text onto patch-level visual evidence, and
then uses the resulting guidance to decide where
dynamic evidence should be injected and where
visual tokens should be textually modulated.

Text-Grounded Guidance Generation. To ob-
tain patch-level modeling cues, we ground the mod-
ification text onto visual evidence through cross-
attention. Instead of reducing the text to a single
pooled sentence embedding, we keep the token-
level CLIP text representation as the conditioning
context, so that different words in the modifica-
tion can guide different visual regions. Specifically,
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the static evidence tokens Es
l are used as queries,

while the projected text-token features Ẽl are used
as keys and values:

Gl = LN
(
CrossAttnl

(
Es

l , Ẽl, Ẽl

))
. (2)

The resulting text-grounded guidance Gl ∈
RT×N×ds preserves the patch-wise structure of the
visual evidence. Each token in Gl encodes how
the corresponding visual region should be inter-
preted under the modification text, establishing lo-
calized correspondences between visual evidence
and textual semantics. This guidance provides the
linguistic basis for subsequent evidence modula-
tion, indicating which regions require stronger tex-
tual reinterpretation and where dynamic evidence
should be incorporated.

Text-Specified Evidence Selection. Given the
static evidence Es

l , dynamic evidence Ed
l , and text-

grounded guidance Gl, the composition block se-
lects and modulates visual evidence at the patch
level. Rather than treating dynamic evidence and
textual guidance as uniformly useful for all visual
tokens, we predict two gates that reflect the evi-
dence demand specified by the modification text.
The Dynamic Evidence Gate determines where
motion-sensitive evidence should be injected, while
the Textual Modulation Gate determines where
visual evidence should be reinterpreted or empha-
sized by the text-grounded guidance:

gdl = σ
(
MLPd

l ([E
d
l ;Gl])

)
,

gtl = σ
(
MLPt

l([E
s
l ;Gl])

)
.

(3)

The patch-wise scalar weights gdl and gtl are broad-
cast along the channel dimension during modula-
tion. Specifically, gdl controls the contribution of
dynamic evidence, allowing motion-sensitive cues
to be incorporated only for regions where they are
needed by the modification text. In parallel, gtl con-
trols the contribution of text-grounded guidance,
allowing each visual token to be reinterpreted or
emphasized according to the specified modifica-
tion. The two gates therefore separate dynamic
evidence selection from textual modulation, so that
each patch can form its representation from the
evidence required by the current text.

We then use a lightweight self-attention layer Rl

to propagate the selected evidence across patches
and produce the updated side representation Sl,
which is passed to the next composition block:

Sl = Rl(E
s
l + gdl ⊙ Ed

l + gtl ⊙Gl), (4)

where ⊙ denotes element-wise multiplication with
broadcasted gate weights.

3.4 Prompt-Conditioned Gallery Encoding
The proposed composition blocks require a condi-
tioning input to guide evidence composition. For
the query branch, this conditioning input is nat-
urally provided by the modification text. How-
ever, gallery videos are not paired with modifica-
tion texts, and directly encoding them without any
conditioning would make the gallery branch fall
back to unconditioned video representation learn-
ing. To keep the query and gallery branches within
the same evidence composition framework, we in-
troduce a learnable Gallery Conditioning Prompt
as the conditioning input for the gallery branch.

The gallery prompt is a short sequence of learn-
able task tokens shared across TCC Blocks. Dur-
ing gallery encoding, it replaces the modification-
text tokens as the conditioning context, allow-
ing gallery videos to pass through the same text-
conditioned composition mechanism used by the
query branch. Unlike the modification text, the
gallery prompt does not specify an instance-level
retrieval intent. Instead, it provides a task-level
prior learned from the composed retrieval objec-
tive, encouraging gallery videos to organize static
and dynamic evidence in a retrieval-oriented form.

This design keeps query and gallery encoding
symmetric at the module level while respecting
their different roles. The query branch uses the
modification text to select evidence for a specific
retrieval need, whereas the gallery branch uses
the learned prompt to produce query-independent
gallery representations that can be precomputed for
retrieval.

3.5 Objective and Inference
Training Objective. During training, the query
branch is conditioned on the modification text,
while the gallery branch is conditioned on the
Gallery Conditioning Prompt. Given a batch of
B triplets, we denote the composed query repre-
sentation as qi and the target video representation
as ki. StaDy-CLIP is optimized with a symmet-
ric in-batch InfoNCE loss. We first compute the
query-to-target loss Lq→k:

Lq→k = − 1

B

B∑

i=1

log
exp(q⊤i ki/τ)∑B
j=1 exp(q

⊤
i kj/τ)

. (5)

We then compute the symmetric target-to-query
loss Lk→q by swapping the roles of q and k. The
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Table 1: Performance on FineCVR-1M and TF-CoVR compared with baseline and existing methods. #Params
denotes trainable parameters.

FineCVR-1M TF-CoVR

Method Backbone #Params R1 R5 R10 R50 mAP5 mAP10 mAP25 mAP50

CA CLIP – 11.94 37.97 55.76 88.43 3.74 4.53 5.78 6.79
MLP CLIP – 16.19 46.74 64.62 93.13 6.40 7.46 9.21 10.40

C
IR

Uncertainty-R CLIP – 5.23 18.45 28.28 60.78 – – – –
Pic2word CLIP 179M 8.10 25.79 38.32 71.01 – – – –
Combiner CLIP 237M 19.57 49.46 65.38 92.11 – – – –
FreestyleRet CLIP – 20.39 52.98 68.37 93.03 – – – –

C
V

R

TFR-CVR CLIP – 15.21 40.12 52.78 81.75 – – – –
CoVR BLIP 142M 17.05 41.57 56.60 85.56 11.07 13.94 16.07 16.88
ECDE-CoVR BLIP 142M 22.81 47.63 60.12 90.32 13.03 15.90 18.62 19.83
BSE-CoVR BLIP 143M 24.40 51.01 63.42 91.21 – – – –
FDCAAIM AIM 289M 25.72 53.10 66.62 90.67 – – – –
FDCACLIP CLIP 214M 25.84 55.84 70.23 94.33 14.43 17.02 19.54 20.79
TF-CoVR-Base AIM 85M 19.02 43.57 57.42 84.94 21.85 24.23 26.47 27.22
HUD BLIP-2 191M 26.85 55.92 70.28 94.28 17.13 21.81 25.45 26.31
StaDy-CLIP CLIP 7.78M 30.90 64.05 78.02 96.52 23.34 26.97 29.89 30.72

∆ (vs. second best) ↓ 183M / 77M ↑ 4.05 ↑ 8.13 ↑ 7.74 ↑ 2.19 ↑ 1.49 ↑ 2.74 ↑ 3.42 ↑ 3.50

final contrastive objective is:

Lcon =
1

2
(Lq→k + Lk→q) , (6)

where τ is a temperature parameter.

Inference. During inference, StaDy-CLIP can be
used in two modes. In the end-to-end composition
mode, the query branch is conditioned on the mod-
ification text, while gallery videos are conditioned
on the Gallery Conditioning Prompt. The com-
posed query representation is then matched against
gallery representations in the shared embedding
space. In another mode, StaDy-CLIP can also serve
as a video encoder for downstream CVR frame-
works. In this mode, videos are encoded through
the gallery branch, and the resulting representations
can be used by an external composition or retrieval
module. Because they are learned through evidence
composition under the composed retrieval objec-
tive, these representations encode retrieval-oriented
evidence rather than generic video features.

4 Experiments

4.1 Experimental Setup
Datasets. We evaluate on two benchmarks that
reflect different textual retrieval needs. FineCVR-
1M (Yue et al., 2025) (1,000,028 training / 10,043
test triplets) covers fine-grained static modifica-
tions, such as scene shifts and object changes, as
well as dynamic modifications, such as similar- and
distinct-action changes. TF-CoVR (Gupta et al.,

2025) (177,789 training / 473 test triplets) contains
temporally fine-grained sports triplets and evaluates
transfer to an action-centric domain. Results on an
additional dataset are reported in Appendix B.1.

Evaluation Metrics. We report Recall@K on
FineCVR-1M (Yue et al., 2025) and mAP@K on
TF-CoVR (Gupta et al., 2025), consistent with
their respective baselines. We further report static
and dynamic scores on FineCVR-1M based on its
query-type annotations, where the score is com-
puted as the average of Recall@5 and Recall@10,
ensuring a stable measure of the performance.

Implementation Details. We adopt CLIP ViT-
B/16 as the frozen visual–textual backbone and
attach a parallel trainable side pathway of width
ds=320 over its last 4 layers (layers 9–12); gradi-
ents are detached at the backbone interface so no
CLIP parameters are updated, yielding a total train-
able budget of 7.78 M parameters. More details are
provided in the Appendix A.1.

4.2 Main Results

Results on FineCVR-1M and TF-CoVR. Ta-
ble 1 compares StaDy-CLIP against CIR methods:
Uncertainty-R (Chen et al., 2022), Pic2word (Saito
et al., 2023), Combiner (Baldrati et al., 2022),
FreestyleRet (Li et al., 2024), and CVR meth-
ods: CoVR (Ventura et al., 2024b), TF-CoVR-
Base (Gupta et al., 2025), ECDE-CoVR (Thawakar
et al., 2024), BSE-CoVR (Thawakar et al., 2025),
FDCA (Yue et al., 2025), HUD (Chen et al., 2025),
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Table 2: Ablation studies on key modules.

Configuration Retrieval

Insert Pos. TA gt gd R1 R5 R10 R50 Static Dynamic

Backbone 16.90 48.92 66.55 94.42 67.38 51.42
Backbone ✓ 19.96 54.92 72.58 96.09 72.94 57.75
Side Path ✓ 28.35 61.01 74.78 94.61 74.78 64.66
Side Path ✓ ✓ 31.26 63.10 76.44 95.35 75.36 66.16
Side Path ✓ ✓ 31.52 61.95 75.24 95.24 75.05 64.41
Side Path ✓ ✓ ✓ 30.90 64.05 78.02 96.52 76.47 67.49

Table 3: Effect of text-conditioned video model-
ing in the Side Network.

Input Pos. R1 R5 R10 R50

12 29.88 62.17 77.01 96.51
11-12 31.01 63.38 77.25 96.38
10, 12 31.14 63.39 77.16 96.35
10-12 30.85 62.82 77.66 96.24
9-12 30.90 64.05 78.02 96.52

Table 4: Absolute gains on FineCVR-1M static/dynamic query
scores from swapping in our encoder across existing methods.

Static Dynamic

Method Scene Object Overall Sim. Act Dist. Act Overall

CA +3.52 +5.18 +4.38 +5.06 +4.48 +4.63
MLP +6.27 +6.43 +6.35 +9.50 +9.52 +9.51
CoVR +5.23 +2.86 +4.01 +5.52 +9.20 +8.22
TF-CoVR-Base +16.88 +14.90 +15.85 +12.91 +13.55 +13.38
FDCA +3.85 +3.91 +3.88 +4.42 +1.78 +2.48

and TFR-CVR (Hummel et al., 2024).
On FineCVR-1M, StaDy-CLIP achieves the best

performance across all Recall@K metrics, improv-
ing over the previous best method HUD (Chen
et al., 2025) by about 4–8 absolute points on major
retrieval metrics. These gains show that compos-
ing video evidence under the text is effective for
fine-grained CVR, where different textual retrieval
needs require different use of static evidence and
dynamic evidence; On TF-CoVR, a temporally fine-
grained benchmark, StaDy-CLIP further obtains
the best results across all mAP@K metrics. Since
TF-CoVR requires retrieval under subtle action-
level modifications, the improvements indicate that
the proposed text-conditioned composition can ef-
fectively incorporate dynamic evidence according
to the textual retrieval need.

Notably, StaDy-CLIP achieves these improve-
ments with only 7.78M trainable parameters, sub-
stantially fewer than competitive methods such as
FDCA, HUD, and TF-CoVR-Base. The consistent
gains on both benchmarks suggest that StaDy-CLIP
is effective on both fine-grained static-dynamic and
action-centric benchmark settings, providing an
efficient way for CVR.

4.3 Ablations

Ablation on model architecture. Table 2 an-
alyzes the architectural choices of StaDy-CLIP.
Adding temporal modeling to the backbone im-
proves over the CLIP baseline, especially on dy-

namic queries, showing that CVR benefits from
motion-sensitive evidence beyond static evidence.
Side-path insertion further outperforms backbone
insertion, suggesting that dynamic evidence is more
effective when constructed as a complementary
source, while the frozen CLIP preserves CLIP-
aligned static evidence as a stable anchor for text-
conditioned evidence composition. We also ablate
the components of the Text-Conditioned Compo-
sition Block. The Textual Modulation Gate im-
proves the use of text-grounded guidance, while
the Dynamic Evidence Gate controls where motion-
sensitive evidence should be incorporated accord-
ing to the textual retrieval need. Combining both
gates yields the most balanced performance and the
strongest static and dynamic query scores, indicat-
ing that effective CVR requires not only extracting
static and dynamic evidence, but also selecting and
modulating them under the modification text.

Effect of Text-Conditioned Video Modeling.
We examine where the modification text should
be introduced in the side network. In this experi-
ment, the selected TCC Blocks use the modifica-
tion text as conditioning input, while the remaining
blocks use a shared learnable prompt, following
the gallery-side conditioning strategy. As shown
in Table 3, conditioning only the last layer yields
weaker performance, suggesting that the modifica-
tion text should not be used only at the final repre-
sentation stage. Introducing text into multiple late
TCC Blocks generally improves retrieval, and the
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Table 5: Analysis of Gallery Conditioning Prompt.

Gallery-side Conditioning R1 R5 R10 R50 Static Dynamic

Non-learned (frozen, K=4)
Zero 30.86 63.66 77.00 95.84 75.00 65.99
Random Gaussian 26.39 58.50 73.04 95.01 72.49 62.05
Dummy Caption 25.51 60.74 75.52 96.26 75.86 63.07

Learned prompt (length sweep)
K = 2 30.24 63.74 77.17 96.49 76.47 66.55
K = 4 (default) 30.90 64.05 78.02 96.52 76.47 67.49
K = 8 31.55 64.33 78.06 96.48 78.05 66.75

Table 6: Controlled inference cost comparison using
CLIP ViT-B/16 dimensions.

Model Query GFLOPs Latency (ms)

CLIP ViT-B/16 275.6 34.1
TF-CoVR-Base 275.2 36.4
FDCA-CLIP 282.1 54.9
StaDy-CLIP 296.9 37.6

default 9–12 setting achieves the best R@5, R@10,
and R@50 results. Although conditioning layers
10 and 12 gives the best R@1, the full 9–12 setting
remains close and provides the most balanced over-
all performance. This indicates that multi-layer
text conditioning helps StaDy-CLIP progressively
select and modulate static and dynamic evidence
according to the language-specified retrieval need.

Encoder transfer to existing CVR methods. Ta-
ble 4 evaluates whether the gallery-side encoder
learned by StaDy-CLIP can serve as a transferable
video encoder for existing CVR methods. We re-
place the original visual encoder in several prior
methods with our gallery-side video encoder, while
keeping their composition modules unchanged.
Here, Overall reports performance over all queries,
Static and Dynamic correspond to the two major
query types, and the other columns are their fine-
grained subsets. Across different baselines, the
substituted encoder improves the Overall score and
most category-level and subset-level results. This
shows that the learned representations are not spe-
cific to the StaDy-CLIP composition head, but pro-
vide retrieval-oriented static and dynamic evidence
that benefits downstream composed modules.

4.4 Analysis
Analysis of Gallery Conditioning Prompt. Ta-
ble 5 analyzes how gallery videos should be con-
ditioned when modification text is unavailable.
Fixed conditioning signals consistently underper-
form learnable prompts, indicating that gallery-side

the person also puts on clothes, but after bringing in a vacuum, he runs out

the man is also cooking on the stove, but he gets groceries from the cabinet

Figure 3: Gate Visualization: The left heatmaps show
the Dynamic Evidence Gate, while the right heatmaps
show the Textual Modulation Gate.

conditioning should not be treated as a placeholder
or manually specified prior. Instead, the condition-
ing input should be optimized with the retrieval
objective, so that videos can organize static evi-
dence and dynamic evidence within the same text-
conditioned evidence composition framework. In-
creasing the learnable prompt length partially im-
proves retrieval within the tested range, suggesting
that additional conditioning capacity helps form
more effective retrieval-oriented representations.

Gate Visualization Analysis. To understand how
StaDy-CLIP performs text-conditioned evidence
composition, we visualize gate responses in Fig-
ure 3. The results show that TCC Blocks do not
uniformly enhance all visual or temporal infor-
mation. The Dynamic Evidence Gate responds
more strongly to motion-sensitive regions relevant
to the modification text, while appearing to as-
sign lower responses to motions and background
changes. Meanwhile, the Textual Modulation Gate
highlights regions requiring textual reinterpretation
or emphasis, such as objects, interaction, or scene
elements specified by the text. These complemen-
tary responses suggest that StaDy-CLIP constructs
representations by jointly selecting dynamic evi-
dence and modulating visual evidence according to
the language-specified retrieval need. More visual-
izations are provided in Appendix C.5.
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Efficiency Analysis. Table 6 reports the com-
putational cost of StaDy-CLIP under a controlled
protocol using CLIP ViT-B/16, 8 frames at 2242

resolution, batch size 1, fp32 inference, and one
NVIDIA RTX 3090 GPU. The TCC cross-attention
is lightweight because it is applied only in the last
four CLIP layers and uses the side-pathway width
ds = 320, rather than the backbone width 768.
Across all four TCC Blocks, cross-attention adds
approximately 3.3 GFLOPs, about 1.1% of one full
query encoding. The entire trainable side pathway
adds 27.2 GFLOPs, increasing the frozen CLIP
video encode from 269.7 to 296.9 GFLOPs.

Although StaDy-CLIP performs text-
conditioned video encoding, gallery embeddings
do not depend on the query text. Gallery videos
are conditioned by the fixed learned prompt after
training and can therefore be precomputed offline,
as in text-agnostic retrieval systems. At query time,
text-conditioned computation is applied only to the
reference video. Peak activation memory increases
only slightly, from 847.4 MiB for the frozen CLIP
visual encoder to 851.6 MiB for StaDy-CLIP
under the same protocol.

5 Conclusion

In this paper, we studied composed video retrieval
as a problem of text-conditioned video modeling,
where the modification text determines how static
and dynamic evidence should be organized in the
reference video. Based on this view, we proposed
StaDy-CLIP, a dual-pathway framework that pre-
serves CLIP-aligned static evidence, constructs dy-
namic evidence through a lightweight side pathway,
and performs text-conditioned evidence composi-
tion via Text-Conditioned Composition Blocks. A
learnable Gallery Conditioning Prompt further en-
ables gallery videos to be encoded within the same
framework. Experiments on FineCVR-1M and TF-
CoVR show that StaDy-CLIP achieves state-of-the-
art performance with only 7.78M trainable param-
eters, while ablations and encoder-transfer results
support the effectiveness of the proposed design.
These results highlight text-conditioned evidence
composition as an effective and parameter-efficient
direction for composed video retrieval.

Limitations

This work has two main limitations. First, although
StaDy-CLIP achieves strong performance with a
compact trainable budget, its zero-shot domain gen-

eralization remains limited under large distribution
shifts, which is reflected by EgoCVR, an egocentric
human activity test dataset. Since the CLIP back-
bone is frozen and only a lightweight side pathway
is trained, the model may have limited adaptation
capacity for domain shift. Improving robustness
beyond the current parameter-efficient setting re-
mains an important future direction.

Second, the current conditioning mechanism
mainly captures semantic correspondence between
the modification text and visual evidence. Al-
though fine-grained results show that StaDy-CLIP
handles both static and dynamic query types,
dynamic/action-centered queries remain more dif-
ficult. These cases often require joint reasoning
over actions, environments, interacted objects, and
interaction-induced state changes, which are not
explicitly modeled in the current framework.
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Appendix Overview. The appendix is organized
as follows:

• Appendix A provides implementation and
evaluation details, including training settings,
dataset statistics, evaluation protocols, li-
censes, and intended use.

• Appendix B reports additional main results, in-
cluding cross-domain evaluation on EgoCVR,
fine-grained results on FineCVR-1M, and re-
sults on the multi-text query subset.

• Appendix C presents further analysis and vi-
sualization, including frame-shuffle and text-
perturbation probes, the effect of the static
strength coefficient, and additional gate visu-
alizations.

• Appendix D provides supplementary ablation
studies on the dynamic pathway width, TCC
Block attachment position, temporal evidence
adapters, and the number of input frames.

A Implementation and Evaluation Details

A.1 Training Details

Our encoder is trained separately on each bench-
mark using a symmetric InfoNCE objective with
temperature τ=0.01. We optimize the trainable
parameters with AdamW, using a weight decay of
0.05, a batch size of 128, an initial learning rate
of 2×10−4, and a cosine decay schedule for 30
epochs. The CLIP backbone is kept frozen through-
out training, and only the proposed lightweight
components are updated. All experiments are con-
ducted on 4 NVIDIA RTX 4090 GPUs with 24 GB
memory each. A full training run on FineCVR-1M
takes approximately 40 hours end-to-end.

For the downstream encoder-swap evaluation in
Table 4, we use the gallery-side StaDy-CLIP en-
coder as a frozen video encoder for existing CVR
frameworks. Specifically, we replace the original
visual encoder of each baseline, including MLP,
CoVR, TF-CoVR-Base, and FDCA, with our pre-
trained encoder, while keeping the corresponding
composition module unchanged. We then retrain
only the composition module following each base-
line’s released optimizer, learning-rate schedule,
and loss configuration. This protocol isolates the ef-
fect of the video encoder and ensures that the com-
parison does not benefit from additional changes to
the downstream retrieval framework.

Optimization hyperparameters (learning rate,
weight decay, batch size, training epochs) were cho-
sen based on FineCVR-1M validation R@1 with-
out extensive grid search; architectural hyperparam-
eters are studied in the ablations of Appendix C.1,
C.4, D.1 and D.2.

A.2 Parameter Accounting

To make the efficiency comparison transparent, Ta-
ble 7 reports total, frozen, and trainable parameters
for representative CVR methods. In the main result
table, #Params denotes trainable parameters for all
methods.

The parameter counts are obtained from released
implementations, official checkpoints, or our re-
productions following the original training settings.
StaDy-CLIP keeps the CLIP backbone frozen and
trains only the side pathway, TCC Blocks, Gallery
Conditioning Prompt, and projection layers, result-
ing in 7.78M trainable parameters.

A.3 Dataset and Evaluation Details

FineCVR-1M provides fine-grained annotations
of textual retrieval needs, allowing us to evaluate
StaDy-CLIP beyond overall retrieval metrics. Fol-
lowing the dataset definition, we group test queries
into static and dynamic categories. Static queries re-
quire the model to preserve or modify appearance-
related evidence, including object changes and
scene changes, which account for 19.4% and 20.0%
of the test set, respectively. Dynamic queries re-
quire reasoning over motion-sensitive evidence and
include similar-action changes and distinct-action
changes. Similar-action changes account for 16.2%
of the test set and refer to cases where only part of
the action semantics changes, such as the interacted
object, action direction, or execution manner, while
distinct-action changes account for 44.5% and in-
volve substantially different action types. Beyond
the results provided in the main paper, we further
provide per-category Recall@K results to exam-
ine how StaDy-CLIP handles different language-
specified retrieval needs in Appendix B.2.

Licenses. CLIP (Radford et al., 2021) is re-
leased by OpenAI under the MIT License. spaCy
(used in the POS-based text perturbation probe in
Appendix C.3, with the en_core_web_sm model,
v3.7) is released under the MIT License. FineCVR-
1M (Yue et al., 2025), TF-CoVR (Gupta et al.,
2025), and EgoCVR (Hummel et al., 2024) are re-
leased for non-commercial research use under their
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Table 7: Parameter breakdown of representative methods.

Method Backbone Total (M) Frozen (M) Trainable (M)

CoVR BLIP ViT-L/16@384 446.1 303.9 142.2
FDCACLIP CLIP RN50x4 392.3 178.3 214.0
TF-CoVR-Base BERT-base + offline features 194.4 108.9 85.5
HUD BLIP-2 EVA ViT-g/14@364 1201.8 1010.6 191.2
StaDy-CLIP CLIP ViT-B/16 157.4 149.6 7.78

respective dataset licenses; we use each dataset
strictly in accordance with the terms stated by its
original creators.

Intended Use. All datasets are used as research
benchmarks for composed video retrieval, consis-
tent with their stated research-only access condi-
tions. StaDy-CLIP model checkpoints, if released,
will be released under a non-commercial research
license; we do not intend the model for deployment
in surveillance, person identification, or any pro-
duction retrieval system over non-consensual video
data.

B Additional Main Results

B.1 Cross-domain Evaluation on EgoCVR

We further evaluate StaDy-CLIP on EgoCVR to
examine its cross-domain generalization ability.
EgoCVR is a test-only benchmark containing 2,295
triplets collected from egocentric human activi-
ties. Compared with the third-person and web-style
videos in FineCVR-1M, EgoCVR exhibits a clear
domain shift, including stronger camera motion,
frequent hand-object interactions, partial observa-
tions, and viewpoint-dependent temporal patterns.
It therefore provides a challenging setting for eval-
uating whether the text-conditioned evidence com-
position learned on FineCVR-1M can transfer to a
distinct first-person video domain.

We directly evaluate the StaDy-CLIP model
trained on FineCVR-1M without further training
on EgoCVR. The results show that StaDy-CLIP
remains comparable to other training-based CVR
methods, but still underperforms TFR-CVR, which
is specifically designed for training-free composed
video retrieval. This gap suggests that although
StaDy-CLIP effectively organizes static and dy-
namic evidence within the training distribution,
transferring such evidence composition to egocen-
tric videos remains challenging. In addition, StaDy-
CLIP keeps the CLIP backbone frozen and updates
only a lightweight dynamic pathway with 7.78M
trainable parameters, which supports parameter-

efficient in-domain retrieval but may limit adapta-
tion to large cross-domain variations. These results
indicate that improving domain generalization to
egocentric videos remains an important direction
for future CVR research.

B.2 Fine-grained Results on FineCVR-1M

To complement the static and dynamic scores in
Table 1, we report fine-grained retrieval results on
FineCVR-1M across all Recall@K metrics. Ta-
ble 11 provides the detailed results. StaDy-CLIP
achieves strong performance across all query types,
while also reflecting their different retrieval diffi-
culties. For static queries, the model obtains 39.74
R@1 on scene changes and 32.32 R@1 on object
changes. The strong scene-change result suggests
that StaDy-CLIP effectively preserves and adjusts
global scene semantics, while the high R@10 and
R@50 on object-change queries indicate that fine-
grained object cues can be reliably captured when
broader candidate rankings are considered.

For dynamic queries, StaDy-CLIP obtains 27.85
R@1 on similar-action modifications and 27.32
R@1 on distinct-action modifications. These
action-related queries are more challenging be-
cause they require reasoning over temporal evo-
lution, action phase, and motion semantics rather
than relying mainly on appearance-level correspon-
dence. StaDy-CLIP maintains stable performance
across both dynamic categories, showing that the
dynamic pathway and TCC Blocks provide effec-
tive temporal evidence for action-sensitive com-
posed retrieval. The comparable results on similar-
action and distinct-action queries further suggest
that the model can handle fine-grained temporal
variations conditioned on the modification text.

B.3 Results on Multi-text Query Subset.

We further evaluate on a text-dependent subset of
FineCVR-1M: reference videos paired with multi-
ple modification texts, where the same video forms
different queries under different textual conditions.
This subset is harder than single-query samples —
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Table 8: Results on EgoCVR test dataset.

Global Local

Method R1 R5 R10 R1 R2 R3

CoVR (Ventura et al., 2024b) 5.4 15.2 24.3 33.1 49.5 62.9
FDCABLIP (Yue et al., 2025) 8.7 19.2 27.1 36.3 51.1 63.8
TFR-CVR (Hummel et al., 2024) 14.1 39.5 54.4 44.2 61.0 73.2
StaDy-CLIP 8.1 28.3 46.9 28.6 45.8 59.7

Table 9: Results on the multi-modification subset of
FineCVR-1M.

Method R1 R5 R10 R50

CA 6.72 30.18 49.69 87.64
MLP 10.38 39.31 58.29 92.36

CoVR 11.93 34.83 49.29 83.16
TF-CoVR-Base 12.69 35.26 51.24 83.62
FDCACLIP 16.93 46.02 62.86 92.92
HUD 18.22 51.57 69.95 95.55
StaDy-CLIP 22.27 53.15 68.73 94.17

the reference video alone is insufficient to deter-
mine the target, so the model must rely more on the
modification text to decide which visual evidence
to preserve, modify, or suppress. As shown in Ta-
ble 9, all methods perform worse on this subset
than on the full test set, confirming that multi-text
samples pose a harder retrieval setting. StaDy-
CLIP achieves the best R@1 and R@5 on this sub-
set, while remaining competitive at larger cutoffs,
supporting our core design: injecting modification
text into evidence composition lets the model dis-
tinguish different retrieval intents from the same
reference video and construct more discriminative
query representations.

C Analysis and Visualization

C.1 Static-Dynamic Pathway Zero-Out
Analysis

To directly examine whether the two pathways
provide complementary static and dynamic evi-
dence, we conduct pathway zero-out analysis on
the FineCVR-1M test set. For the backbone only
variant, we remove the dynamic pathway by set-
ting α = 0 and gdl = 0, so retrieval relies on the
frozen backbone-side evidence. For the side-path
only variant, frozen ViT features are used only to
feed the temporal adapters, and only the side-path
temporal evidence enters the final representation.

Removing the dynamic pathway causes a larger
drop on dynamic queries than on static queries,

Table 10: Pathway zero-out analysis on FineCVR-1M.
Static and Dynamic report query-type R@1.

Variant Overall R@1 Static R@1 Dynamic R@1

Full model 30.90 35.88 27.46
Backbone only 23.61 30.64 (-5.24) 19.04 (-8.87)
Side-path only 15.27 18.28 (-17.60) 13.32 (-14.14)

indicating that the side pathway captures motion-
sensitive evidence that the frozen backbone alone
cannot fully provide. Conversely, removing the
static pathway causes a larger drop on static queries,
showing that the frozen CLIP pathway remains im-
portant for appearance-, object-, and scene-related
evidence. These results support the dual-pathway
design as a complementary decomposition of static
and dynamic evidence rather than a generic in-
crease in model capacity.

C.2 Frame-shuffle Analysis.

To further examine whether StaDy-CLIP uses tem-
poral evidence, we perturb the temporal order of
video frames during evaluation. This diagnostic
setting disrupts temporal structure while largely
preserving frame-level visual content. As shown
in Table 12, frame shuffling causes a larger drop
on dynamic queries than on static queries. This is
expected because dynamic modifications depend
more on motion patterns, action progression, and
temporal transitions, whereas static queries rely
more on appearance, object, and scene semantics
that can remain visible after temporal permutation.

We also observe that perturbing gallery videos
causes a larger degradation than perturbing query
videos. This suggests that the query branch is more
robust under textual anchoring, since the modifi-
cation text provides an explicit semantic condition
for organizing reference-video evidence even when
temporal order is partially disrupted. In contrast,
the gallery branch is conditioned by the shared
Gallery Conditioning Prompt, which provides a
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Table 11: StaDy-CLIP’s Fine-grained performance on
FineCVR-1M under different query types.

Query Type R1 R5 R10 R50

Scene Change 39.74 70.26 80.56 95.28
Object Change 32.32 67.63 82.34 97.91

Static 35.88 68.89 81.49 96.65

Similar Action 27.85 61.80 76.46 96.80
Distinct Action 27.32 59.69 73.28 94.89

Dynamic 27.46 60.25 74.13 95.40

Table 12: Frame-shuffle probe.

Perturb. R1 R5 R10 R50 Static Dynamic

None 30.90 64.05 78.02 96.52 76.47 67.49

Q-shuffle 30.79 63.78 78.16 96.43 75.87 67.64
T-shuffle 27.37 61.27 75.91 95.67 74.02 64.22
Both-shuffle 27.78 61.32 75.93 95.68 74.10 63.90

Q-reverse 30.81 63.72 77.79 96.29 75.67 67.56
T-reverse 26.36 59.71 74.38 95.18 73.81 62.66

task-level prior but not instance-specific semantic
guidance. Gallery representations are therefore
more sensitive to disruptions in temporal structure.
Overall, this analysis shows that StaDy-CLIP ex-
ploits temporal ordering especially for dynamic re-
trieval, while the asymmetric effect between query
and gallery branches highlights the different roles
of modification text and the Gallery Conditioning
Prompt in text-conditioned evidence composition.

C.3 Text Perturbation Analysis

We conduct an inference-only text perturbation
analysis to examine whether StaDy-CLIP relies on
the linguistic structure and semantic content of the
modification text. We first encode all gallery videos
with the original Gallery Conditioning Prompt and
keep the gallery embeddings fixed. Then, we per-
turb only the modification text, re-encode the query
branch with the same trained model, and compute
Recall@K against the fixed gallery embeddings.

We consider two types of perturbations. For
word-order perturbation, we shuffle the words in
the modification text or reverse their order, which
largely preserves lexical content while disrupting
linguistic structure. For POS-based deletion, we
either drop function words and keep content words,
or drop content words and keep function words
(POS tagging is performed with spaCy v3.7 us-
ing the en_core_web_sm model). As shown in
Table 13, all perturbations degrade retrieval perfor-
mance. Shuffling and reversing reduce R@1 from
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Figure 4: Effect of the static strength coefficient α on
retrieval results, emphasizing the importance of balance.

30.90 to 23.83 and 23.11, respectively, indicating
that StaDy-CLIP does not rely only on unordered
lexical cues. Dropping content words causes the
largest decline, reducing R@1 to 11.07, while drop-
ping function words leads to a milder but still clear
drop. These results show that content words pro-
vide the main semantic evidence, while word order
and functional cues also help specify the retrieval
need. Overall, the probe supports that StaDy-CLIP
uses the modification text as a linguistic condition-
ing signal for evidence composition, rather than as
a shallow bag of keywords.

C.4 Static Strength Coefficient
Figure 4 analyzes the effect of the static strength
coefficient α in Eq. 1. This coefficient controls
how much CLIP-aligned static evidence is injected
into the side representation before temporal evi-
dence construction. As α increases from a small
value, retrieval performance first improves, indicat-
ing that pretrained static semantics provide an im-
portant anchor for text-conditioned evidence com-
position. These CLIP-aligned cues help preserve
object, scene, and attribute information when the
model selects and modulates evidence under the
modification text.

However, performance decreases when α be-
comes overly large. This suggests that excessive
dependence on backbone tokens can dominate the
side representation and suppress the contribution
of learned dynamic evidence. Therefore, effec-
tive CVR requires a proper balance between pre-
trained static evidence and side-path dynamic ev-
idence. This observation supports the design of
TCC Blocks, which compose static and dynamic
evidence under text-grounded guidance rather than
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Table 13: Text-perturbation probe on FineCVR-1M.

Variant R1 R5 R10 R50

Baseline
Original text 30.90 64.05 78.02 96.52

Order perturbation
Shuffle 23.83 55.75 71.79 94.61
Reverse 23.11 54.79 70.95 94.35

POS-based deletion
Drop Function 26.46 59.30 74.34 95.60
Drop Content 11.07 34.96 51.62 84.55

Table 14: Studies on side pathway width ds.

ds #Params R1 R5 R10 R50

128 1.49M 25.90 60.25 75.59 96.28
320 7.78M 30.90 64.05 78.02 96.52
512 19.83M 32.15 64.12 78.26 96.49

relying on either source alone.

C.5 Additional Gate Visualization Results
We provide additional gate visualization results in
Figure 5 to complement the qualitative analysis
in the main paper. Across diverse retrieval cases,
the Dynamic Evidence Gate consistently responds
more strongly to motion-sensitive regions related
to the modification text, such as action-relevant
body parts, interaction areas, or moving objects,
while suppressing irrelevant background changes.
The Textual Modulation Gate instead highlights
visual regions whose semantics need to be empha-
sized or reinterpreted under the textual condition,
including objects, scenes, and interaction targets.
These examples further show that the two gates
play complementary roles: the Dynamic Evidence
Gate selects temporal evidence, while the Textual
Modulation Gate adjusts visual evidence accord-
ing to the language-specified retrieval need. This
supports that StaDy-CLIP performs selective text-
conditioned evidence composition rather than uni-
formly enhancing video features.

D Ablation Studies

D.1 Dynamic Pathway Width
We study the effect of the dynamic pathway width
by varying the side-path feature dimension while
keeping the CLIP backbone frozen and all other set-
tings unchanged. This experiment examines how
the capacity of the trainable dynamic pathway influ-
ences text-conditioned evidence composition. As
shown in Table 14, retrieval performance improves

Table 15: Studies on TCC Block attachment positions.

Layers R1 R5 R10 R50

1–4 (early) 18.41 39.71 51.35 78.19
5–8 (mid) 21.71 51.46 67.02 92.90
9–12 (late) 30.90 64.05 78.02 96.52

as the pathway width increases. A larger dimen-
sion provides stronger capacity for constructing
dynamic evidence and composing it with CLIP-
aligned static evidence under text-grounded guid-
ance. This is especially beneficial for dynamic
queries, where motion-sensitive cues need to be
selected according to the modification text. The
improvement on static queries also suggests that a
wider pathway helps preserve and reorganize static
semantics during composition, rather than only en-
hancing temporal modeling. Overall, this ablation
reflects a capacity-efficiency trade-off: increasing
the width improves evidence composition, while
the default setting maintains strong retrieval perfor-
mance with a compact trainable budget.

D.2 TCC Block Attachment Position

We further study where the TCC Blocks should be
attached to the frozen CLIP visual encoder. We
compare three variants that connect the dynamic
pathway to early, middle, and late CLIP layers,
while keeping the number of TCC Blocks and all
other settings unchanged. As shown in Table 15,
the attachment position substantially affects re-
trieval performance. Early-layer attachment gives
the weakest results, middle-layer attachment im-
proves performance, and the best results are ob-
tained when TCC Blocks are attached to the last
four layers, reaching 30.90, 64.05, 78.02, and 96.52
on R@1, R@5, R@10, and R@50, respectively.

This result is consistent with the design moti-
vation of StaDy-CLIP. Early CLIP layers mainly
encode low-level visual patterns, which are less
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the person is also sleeping on a couch, but holding a 
book and sneezing before getting up

the person is also sitting and eating, but is not 
pouring food out of a box and throwing it 

the person is also in the bathroom, but takes a pill 
instead of arranging objects on the sink 

(a) Visualization of dynamic modeling distributions. StaDy-
CLIP gives stronger responses to retrieval-relevant dynamics.

the person enters a room and turns on the light 
before doing something with a wardrobe

the laundry room is same but with cup 

the person is also sitting down, but on a bed 
instead of a toilet

(b) Visualization of textual modulation distributions. StaDy-
CLIP assigns stronger responses to retrieval-relevant content.

Figure 5: Additional Gate Visualization Results

Table 16: Generalization across Temporal Adapters.

Temporal Adapter R1 R5 R10 R50

Parameter Free 29.18 61.13 75.84 95.32
ST-Adapter 30.34 64.02 77.36 95.71
TED-Adapter 30.13 63.91 77.12 95.72
TD-Adapter 30.90 64.05 78.02 96.52

directly aligned with the retrieval need specified by
the modification text. In contrast, late CLIP layers
contain richer object-, scene-, and action-related
semantics, providing stronger static anchors for
text-conditioned evidence composition. Attaching
TCC Blocks to later layers thus allows the dynamic
pathway to introduce temporal evidence on top of
semantically meaningful visual tokens, while avoid-
ing unnecessary disturbance to lower-level CLIP
representations.

D.3 Temporal Evidence Adapter

Table 16 examines whether StaDy-CLIP depends
on a specific temporal evidence adapter. We re-
place the adapter in the TCC Block with both
parameter-free and learnable alternatives. In the
parameter-free variant, dynamic evidence is di-
rectly derived from adjacent-frame differences,
while the other variants use lightweight learnable
temporal adapters, including ST-Adapter (Pan et al.,
2022), TED-Adapter (Wang et al., 2024c), and TD-
Adapter (Wang et al., 2024a). StaDy-CLIP remains

Table 17: Studies on the number of input frames T .

#Num R1 R5 R10 R50 Static Dynamic

1 10.88 28.43 38.73 62.74 45.81 25.64
2 11.52 30.58 42.28 69.96 46.12 29.94
4 19.93 47.63 62.06 88.02 54.75 48.91
8 30.90 64.05 78.02 96.52 76.47 67.49

consistently effective across all choices, with each
variant achieving strong retrieval performance. The
TD-Adapter obtains the best results, reaching 30.90
R@1 and 78.02 R@10, but the performance gap
among learnable adapters is relatively small.

These results suggest that the gains of StaDy-
CLIP do not come from a particular temporal
module alone. Instead, the key factor is the
text-conditioned evidence composition framework,
where TCC Blocks ground the modification text
onto visual evidence and selectively incorporate
dynamic evidence according to the textual retrieval
need. A stronger adapter can provide better tem-
poral evidence, but the composition mechanism re-
mains effective across different forms of dynamic
evidence.

D.4 Number of Frames

We study the effect of the number of input frames
on FineCVR-1M while keeping the model archi-
tecture and training settings unchanged. As illus-
trated in Table 17, using fewer sampled frames
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leads to a clear performance drop on both static
and dynamic queries, with a larger degradation on
dynamic queries. For static queries, this suggests
that relevant objects, attributes, or scene details
may appear only in limited temporal segments, and
sparse sampling can miss the visual cues needed to
preserve or modify the correct static evidence. For
dynamic queries, the effect is more direct, since
motion patterns, action transitions, and fine-grained
temporal changes require sufficient temporal obser-
vations. Reducing frame coverage therefore weak-
ens the dynamic evidence available to the dynamic
pathway and limits text-conditioned evidence com-
position.

These results indicate that StaDy-CLIP effec-
tively uses multi-frame video context rather than
relying only on isolated frame-level semantics.
Richer temporal coverage helps the model compose
static and dynamic evidence under the modification
text, and the stronger sensitivity of dynamic queries
further supports the role of temporal evidence in
composed video retrieval.
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