The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Appearance-Motion Decomposed Alignment for Text-Video Retrieval

Meng Meng', Zichang Tan', Yong Zhang', Xu Zhou'*

Mnnovation Research Institute, San gfor Technologies Inc., Shenzhen, China
meng 18 @mail.ustc.edu.cn, tanzichang @foxmail.com, yongzhang @link.cuhk.edu.cn, zhouxu@sangfor.com.cn

Abstract

Text-video retrieval aims to bridge vision and language ar-
eas, which is a crucial task in multi-modal intelligence. The
core idea is to learn video and textual features to quantify
their semantic relevance. A common limitation in current ap-
proaches is the oversimplification of video content, where
complex spatiotemporal structures are compressed into a sin-
gle global representation. Consequently, these methods strug-
gle to fully capture dynamic visual variations and discrimina-
tive appearance inside a video, further complicating cross-
modal alignment. To alleviate these issues, we introduce
a novel decoupling approach that independently processes
appearance and motion cues, capitalizing on their comple-
mentary nature for more expressive video modeling. Specif-
ically, we propose an appearance-motion decomposed net-
work (AMD-Net) to decouple spatial-level appearance and
temporal-level motion understanding via the discriminative
appearance learning and multi-scale motion learning mod-
ules. The proposed model enjoys several merits. First, the
designed discriminative appearance learning module with a
Singular Value Decomposition (SVD) based prototype initial-
ization can effectively reduce redundant appearance informa-
tion, and a high-order cross-aggregation mechanism enhances
prototype resilience and facilitates comprehensive video un-
derstanding. Second, the proposed multi-scale motion learn-
ing (MML) module can capture motion features at varying
temporal scales, which are complementary to appearance fea-
tures for accurate text-video retrieval. Extensive experiments
on five standard benchmarks demonstrate that our method
performs favorably against state-of-the-art methods.

Introduction

Understanding multimodal information is crucial for hu-
mans to perceive the world effectively. As a fundamental
task in multimodal learning and with the rapid growth of
short video platforms, vision-language retrieval has gained
significant research attention, which aims to identify the
most relevant images or videos given a textual query. With
the success of image-text pre-trained models, image re-
trieval methods (Huang et al. 2024) are prompted to utilize
CLIP (Radford, Kim et al. 2021) to encode visual and tex-
tual features for semantic alignment, and achieve superior
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(a) Redundant appearance information between video frames
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Figure 1: Illustration of our motivation. Video frames of-
ten exhibit appearance redundancy, and inherent multi-scale
motion patterns, ranging from slow motions (e.g., walking)
to fast motions (e.g., running).

performance on various benchmarks. Unlike static images,
videos inherently possess a more complex structure due to
the introduction of an additional temporal dimension, which
poses significant challenges (Deng, Chen et al. 2023).

Current approaches (Luo, Ji et al. 2022; Tian, Zhao et al.
2024) in text-video retrieval typically oversimplify the com-
plex nature of video by reducing it to a single holistic em-
bedding. For example, CLIP4Clip (Luo, Ji et al. 2022) con-
ducts a preliminary study by aggregating frame-level fea-
tures into a video-level representation through mean pool-
ing. However, the mean-pooling of frame representations
may lose some essential semantic details of the video and
hinder the retrieval performance (Deng, Chen et al. 2023).
In pursuit of learning better video representation, several
techniques have been proposed, which can be mainly clas-
sified into two categories. The first category (Ibrahimi, Sun
et al. 2023; Zhuang, Li et al. 2024) seeks to enhance video
representation by incorporating textual information through
cross-modal interaction. These architectures limit scalabil-
ity in large-scale retrieval systems (Miech, Alayrac et al.
2021) because their coupled video-text pipelines hinder par-
allel feature extraction. The other category (Wang, Sung
et al. 2023; Li, Xie et al. 2023) enhances video represen-
tation through multi-level feature integration (e.g., segment
and frame features) to better capture semantics. However,
these multi-level features fail to fully capture dynamic visual



variations and discriminative appearance, which exacerbates
alignment difficulties (Wang, Sun et al. 2024).

Considering that frame-level features struggle to under-
stand motion cues, and static appearances may hinder tem-
poral perception by overshadowing video motion signals,
an ideal solution is to decouple spatial-level appearance
and temporal-level motion understanding for better video
representation, where appearance and motion cues perform
their complementary roles. Here, the appearance focuses on
learning potential static visual features, where motion cues
are not necessary, and the motion cues are used to match the
target sentences by aligning them with textual features. To
achieve this goal, two critical aspects require careful consid-
eration: (1) Concise Appearance Learning. As shown in
Figure 1 (a), video frames frequently contain redundant ap-
pearance information, necessitating the development of effi-
cient mechanisms to learn representative yet discriminative
appearance features. (2) Multi-level Motion Learning. As
shown in Figure 1 (b), video data inherently exhibits mo-
tion patterns at varying temporal scales. For instance, these
patterns range from slow motions, such as walking, to fast
motions, such as running. Consequently, it is imperative for
the framework to simultaneously capture both fast and slow
motions for comprehensive representation.

Motivated by the above discussion, we propose an end-to-
end appearance-motion decomposed network (AMD-Net)
to decouple spatial-level appearance and temporal-level mo-
tion understanding via a discriminative appearance learning
(DAL) module and a multi-scale motion learning (MML)
module. In the DAL module, it is challenging to represent
discriminative object details (e.g., small children) and global
scene context (e.g., soccer field) inherent in videos simul-
taneously. Thus, we propose object and scene appearance
prototypes for capturing different granularity of video ap-
pearance. To acquire concise yet discriminative appearance
prototypes, we introduce Singular Value Decomposition
(SVD) based prototype initialization for prototype learn-
ing. In this way, redundant appearance information can be
reduced by controllable information decay. Then, we pro-
pose a high-order cross-aggregation mechanism that fa-
cilitates dynamic interactions between these prototypes and
video representations. This mechanism enhances the robust-
ness and representation capacity of object/scene prototypes,
thereby extracting discriminative and robust appearance fea-
tures. In the MML module, we introduce a dual-pathway ar-
chitecture that captures both short-term and long-term tem-
poral dynamics: (1) a fast motion encoder modeling im-
mediate frame-to-frame variations representing fast motion
pattern, and (2) a slow motion encoder analyzing distant-
frame disparities to encode slow motion patterns. Subse-
quently, a parameter generator is proposed to amplify dis-
tinctive channels in video representation that are sensitive to
the fast/slow motion pattern, and a motion modulator is de-
signed to fuse the fast and slow motion strengthened video
representation to acquire comprehensive motion feature. Fi-
nally, both appearance and motion features are used to find
the most relevant text query for accurate matching.

The contributions of our model could be summarized as
follows: (1) We propose an end-to-end appearance-motion
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decomposed network (AMD-Net) to decouple spatial-level
appearance and temporal-level motion understanding, where
appearance and motion cues perform their complementary
roles for better video representation. (2) The discriminative
appearance learning (DAL) module is designed with a Sin-
gular Value Decomposition (SVD) based prototype ini-
tialization to reduce redundant appearance information, and
a high-order cross-aggregation mechanism to enhance
prototype resilience and facilitate comprehensive video un-
derstanding. (3) We design a multi-scale motion learning
(MML) module to capture motion features at varying tem-
poral scales, which are complementary to appearance fea-
tures for accurate text-video matching. (4) Extensive ex-
perimental results with two backbones on five challenging
benchmarks demonstrate that our proposed AMD-Net per-
forms favorably against the current state-of-the-art methods.

Related Work

Text-video retrieval, a fundamental task in video-language
understanding, has garnered significant attention with the
rapid growth of short video platforms. Existing approaches
can be categorized into two main methods: (1) cross-modal
interaction, and (2) multi-grained representation learning.
Cross-modal Interaction: As a representative method of
CLIP variants (Liu, Xiong et al. 2022; Ma, Xu et al. 2022;
Luo, Ji et al. 2022), CLIP4Clip aggregates frame-level fea-
tures given by pretained models into a video-level repre-
sentation through mean pooling. However, representing an
entire video as a single aggregated representation can be
over-abstraction and misleading to match the common sub-
cues depicted by multiple corresponding texts (Tian, Cheng
et al. 2024). To learn better video representation, recent
works (Ibrahimi, Sun et al. 2023; Ma, Xu et al. 2022; Liu,
Fan et al. 2021; Zhuang, Li et al. 2024) pay attention to
adaptive video features with different text interaction mech-
anisms. X-CLIP (Ma, Xu et al. 2022), TEFAL (Ibrahimi,
Sun et al. 2023), TS2-Net (Liu, Xiong et al. 2022) and
KDProR (Zhuang, Li et al. 2024) design a heavy inter-
action block for learning joint text-conditioned video rep-
resentation. X-Pool (Gorti, Vouitsis et al. 2022) enhances
performance through optimized interaction blocks that ef-
ficiently compute similarity measures between frame fea-
tures and query sentence features with less learnable param-
eters. However, these methods require tightly coupled video-
text feature extraction, limiting parallel processing capabili-
ties (Miech, Alayrac et al. 2021).

Multi-grained Representation Learning: To improve
video representation, some recent approaches incorpo-
rate multi-grained features through sentence-frame (Gorti,
Vouitsis et al. 2022; Lin, Wu et al. 2022; Reddy, Mar-
tin et al. 2025), word-frame (Wang, Zhang et al. 2022),
and hierarchical-level interactions (Wang, Sung et al. 2023;
Wang, Sun et al. 2024; Zhang, Ren et al. 2023). Notable ex-
amples include UCOFIA (Wang, Sung et al. 2023), which
jointly learns video-sentence, frame-sentence, and patch-
word alignments to capture multi-grained text-video sim-
ilarities, and ProST (Li, Xie et al. 2023), which performs
object-phrase and event-sentence prototype matching. How-
ever, these methods fail to handle semantic redundancy and



Appearance-Motion Decomposed Network (AMD-Net)
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Figure 2: The architecture of our AMD-Net, which decouples spatial-level appearance and temporal-level motion understanding
to enhance video representation, and is implemented through two novel modules: a discriminative appearance learning module
and a multi-scale motion learning module. For more details, please refer to the paper.

complex motion patterns in high-dimensional video data,
with their multi-grained learning modules are inadequate for
these challenges (Wang, Sun et al. 2024). Building on these
insights, we propose an end-to-end appearance-motion de-
composed network (AMD-Net) to decouple spatial-level ap-
pearance and temporal-level motion understanding for video
representation enhancement, and implemented through two
key innovations: (1) concise appearance modeling for effi-
cient feature extraction and (2) multi-scale motion modeling
for a comprehensive understanding of temporal dynamics.

Given a dataset consisting of n videos V = {v;}_, and
their corresponding m texts 7 = {t;},-,, the text-video
retrieval (TVR) aims to learn a function S(v;,t;) that ef-
fectively quantifies the similarity between these two modali-
ties. Formally, for a given text query t;, the objective is to
rank all videos according to their similarity to the query.
This optimization enforces that the similarity score between
correctly paired instances exceeds that of mismatched pairs:
S(vi, t;) > S(v;, t;). This requires the model to learn pow-
erful textual and video representations.

Framework

Figure 2 provides an overview of our end-to-end (AMD-
Net), which includes a text encoder, a video encoder, a dis-
criminative appearance learning module, and a multi-scale
motion learning module.

Text Encoder: Given a text query t;, we first prepend the
identifiers [CLS] and [SEP] to the sentence, and then utilize
the text encoder of CLIP f; : 7 — ) to encode the text
representation. The output text token features can be defined
as Y1 = {YSa Y1y, ayTnyE} € R(M+2)><D’ where M
and D are the number of words and dimensions.

Video Encoder: For each video v;, we uniformly select L
frames as key frames, and employ the transformer-based
encoder of CLIP fv VY — X to extract features X,
{xb,xlp - xb M € REXEHDXD where x!, is the
global frame feature ([CLS]) and K is the patch number.
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Discriminative Appearance Learning Module

It is non-trivial to represent diverse semantic appearances
(both object details and global scene context inherent in
videos. To achieve this goal, we propose object and scene
prototypes to capture video appearance at different granu-
larity. In order to enable object and scene prototypes to rep-
resent diverse semantic clues and reduce redundant infor-
mation in the video, we resort to Singular Value Decompo-
sition (SVD) to implement principal component analysis on
the basis of global frame features and patch features.
SVD-based Prototype Generation: We first collect all
global frame features X§ = {x,,}F , € RL*P and com-
pute the covariance matrix WY ¢ RI*L Meanwhile,
we collect all patch features X = {xlTl,...,XlTk M€
REXEXD and calculate the covariance matrix W? ¢
RLKEXLE Then, we decompose the original correlation ma-
trix W9 and W% via SVD and only keep the largest I sin-
gular values:

w9 wP 22

— Vg2V, VeEVE, (1)

Top - Top - K

where Vg € RLXI, Vp € REEXI s ¢ RIX and T
denotes the transpose operation. Since the singular value de-
creases rapidly, preserving the largest I singular values is
sufficient to preserve discriminative appearance information
and reduce redundant information. For the singular matrix
Vg € R% and Vp € REXT obtained from SVD decom-
position, we explicitly map global frame features and patch
features through a linear transformation (multiplied by the
orthogonal bases) to attain object prototypes P € RI*P
and scene prototypes Ps € R!*® in the orthotropic space,
which can retain informative appearance information:

Pl =X{)"Vg, PL=(XP) Vp. 2)

High-order Cross-aggregation Mechanism: To capture
discriminative appearance information robustly, we intro-
duce a high-order interaction mechanism that models dy-
namic interactions between video features and prototypes to
enhance the robustness and representation capacity of object



High-order
Cross-Aggregation
Mechanism

Mean Pooling

—->&)—

first-order
similarity matrix
SpeR2XE+DL

appearance
feature f#

video feature
X, eRE+DLXD
i
high-order similarity
self-calibration matrix SyeR?>K+DL
matrix S.eR*/*?!

appearance propotypes
P‘AERZ’XD

Figure 3: Overview of high-order cross-aggregation mecha-
nism, which enables dynamic video feature-prototype inter-
actions, enhancing robustness and representation capacity.

and scene prototypes. Specifically, we concatenate object
and scene prototypes P4 = [Pg; Po] to acquire the over-
all appearance prototypes P4 = {p1;p2;...;P2r},Pi €
RP. Inspired by the transformer architecture (Vaswani et al.
2017), we utilize queries, keys, and values to implement a
high-order cross-aggregation mechanism. Formally, queries
Q = {q1;92;...;q2s} arise from the appearance proto-
types, keys K = {ki;ka;...;kp(x41)} and values V =
{V1;Va;...;VL(k41)} arise from the reshaped video fea-
tures X = {X1;X2; ... ;X (x41)}, X; € RP as
= p,L-WQ, kj = XjW]C, V; = XjWV, (3)
wherei =1,2,...,2I;j=1,2,...,L(K +1)and W< ¢
RP*D Wk ¢ RP*D WV ¢ RPXD are linear projec-
tions. Then, we calculate the attention weight between the
i-th query q; and the j-th key k; as

exp(Bij) a kj

; .
>iz1exp(Bis) VD
In this way, we obtain the first-order similarity matrix Sr €

R2I*(K+1L by ensembling all attention weights sg";t The
attention weights between queries are computed as:

q;

first __
LY

, Big = 4

exp(Bi ;) i qJ '
Zé:lexp(ﬁw) VD

Similarly, we acquire a self-calibration matrix Sp € R2/*2!
with a concatenation of all attention weights s;e;f The high-

self __
By

Bij = &)

order similarity matrix Sy € R/ *(K+DL jg obtained by
multiplying Sz € R**(E+DL and S € R2*2! to rectify
the first-order similarity matrix.

Sy = Sr-Sc (6)
Here, we use s " to denote the i-th row and j-th column of

S . Finally, the dlscrlmmatlve yet robust appearance feature
f4 € RP is obtained via the weighted sum over all values:

(K+1)L hlgh
Zl 12 Vi

(N
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Multi-scale Motion Learning Module

To capture motion features at varying temporal scales, we
propose a multi-scale motion learning module, which is
complementary to appearance features. The computation of
motion features is fundamentally grounded in the temporal
differences between consecutive frames, which have been
theoretically established to correlate with optical flow pat-
terns and serve as effective approximations for motion rep-
resentation (Wang, Tong et al. 2021). Building upon this the-
oretical foundation, we formulate the motion feature extrac-
tion process through a dual-pathway architecture that cap-
tures both short-term and long-term temporal dynamics.
Fast Motion Encoder and Slow Motion Encoder: Specif-
ically, given a sequence of global frame features X? =
{xL}, € REXP, where L denotes the total number of
frames and D represents the feature dimension, we compute
the short-term and long-term temporal differences as:

1 Zx(l+1) - :vlc,l =1,2,...,L

slow __ (I+h)
M7= L — 2C

where M /%5t captures immediate frame-to-frame variations
representing fast motion patterns, while A/*'° encodes
slow motion patterns using differences across five frame in-
tervals. h is a hyper-parameter and we set h = 5 though
experiments. Then, we input M/ 75t and M*!°" into the fast
motion encoder ¢f?°* and the slow motion encoder ¢/°%,
respectively. Both encoders contain two fully-connected lay-
ers (output dimension D) that transform the inputs. The en-
coded slow/fast motion features are computed as:

Mt = -1.®

— 2k, 1=1,2,...L —h, 9)

Mfast — ¢fast(Jw'fast)7 Mslow — ¢slow(Mslow). (10)

Parameter Generator and Motion Modulator: To effec-
tively integrate fast and slow motion features for comprehen-
sive motion representation, we propose the parameter gener-

ators g, and g conditioned on M/5* and M®lov:

(1)
12)

vF = gy (MT*Y), Br = ga(MT*)
s = g’y(Mslow)’ ﬁS _ gg(MSlow)

where each parameter generator consists of one linear layer
(output dimension D), followed by a ReLU activation
function. Under the guidance of fast/slow motion features,
~vx/BF and vs/Bs can strengthen the distinctive channels
that are sensitive to the fast/slow motion patterns. Then, we
employ a motion modulator IT™ to fuse the fast and slow
motion strengthened video representation. The modulator
consists of some modulation layers, each applying an affine
transformation to adapt the video features in the correspond-
ing encoder layer. Specifically, given the global frame fea-
tures X¥ = {x4, 1/ | for video i , we obtain the compre-
he/r\l/lsive motion feature £y, through the motion modulator
I as:

faq :HM(’nyZ-g +5]:+’ysxig + Bs) (13)



MSRVTT Retrieval DiDeMo Retrieval ActivityNet Retrieval
Methods R@1R@5R@10MnR ({)|R@1 R@5R@10MnR (})R@1 R@5R@10 MnR ({)
CLIP-ViT-B/32
EMCL (Jin, Huang et al. 2022) 46.8 73.1 83.1 - - - - - - - - -
X-Pool (Gorti, Vouitsis et al. 2022) 469 72.8 822 143 [44.6 732 82.0 154 - - - -
TS2-Net (Liu, Xiong et al. 2022) 47.0 742 833 13.6 |41.8 71.6 820 148 - - - -
CLIP-ViP* (Xue, Sun et al. 2022) 50.1 74.8 84.6 - 48.6 77.1 84.4 - 51.1 784 883 -
UATVR (Fang, Wu et al. 2023) 475 739 835 123 |43.1 71.8 823 151 - - - -
ProST (Li, Xie et al. 2023) 48.2 74.6 834 124 (449 727 827 137 - - - -
HBI (Jin, Huang et al. 2023) 48.6 74.6 834 120 [469 749 827 12.1 |439 73.0 84.6 6.6
Cap4Video™ (Wu, Luo et al. 2023) 493 743 838 120 |52.0 794 875 105 - - - -
UCOFIA™ (Wang, Sung et al. 2023) 494 721 - 129 |465 748 - 134 (457 760 - 6.6
T-MASS (Wang, Sun et al. 2024) 50.2 753 85.1 119 |509 772 853 12.1 - - - -
ProxyNet (Xiao, Hu et al. 2025) 523 77.8 8.8 11.1 [50.6 769 86.0 11.5 |53.0 80.9 89.6 -
VIDEO-COLBERT (Reddy, Martin et al. 2025) 48.1 74.9 83.9 - 48.2 75.1 83.7 - 455 74.6 85.5 -
AMD-Net (ours) 55.2 78.7 85.3 9.5 |53.5 789 869 9.1 |57.8 82.0 90.1 5.6
CLIP-ViT-B/16
X-Pool (Gorti, Vouitsis et al. 2022) 48.2 73.7 82.6 1277 |47.3 748 828 142 - - - -
ProST (Li, Xie et al. 2023) 495 75.0 84.0 11.7 [473 748 82.8 142 - - - -
UATVR (Fang, Wu et al. 2023) 50.8 76.3 855 124 |45.8 737 833 135 - - - -
CLIP-ViP* (Xue, Sun et al. 2022) 542 772 84.8 - 50.5 784 87.1 - 53.4 81.4 90.0 -
Cap4Video™ (Wu, Luo et al. 2023) 514 75.7 83.9 124 - - - - - - - -
T-MASS (Wang, Sun et al. 2024) 52.7 77.1 85.6 10.5 |53.3 80.1 87.7 9.8 - - - -
ProxyNet (Xiao, Hu et al. 2025) 552 804 86.8 9.3 |52.1 804 88.7 87 |56.7 83.1 91.1 -
VIDEO-COLBERT (Reddy, Martin et al. 2025) 51.5 76.3 85.5 - 51.7 76.1 84.8 - 45.8 76.3 86.7 -
AMD-Net (ours) 59.0 80.8 87.4 79 |55.1 809 86.7 83 |58.3 82.5 915 54

Table 1: Comparison results of the cross-modal retrieval on the MSRVTT, DiDeMo and ActivityNet test set in terms of Re-
call@K(R@K). CLIP-ViT-B/32 and CLIP-ViT-B/16 represent using ViT-B/32 and ViT-B/16 of CLIP (Luo, Ji et al. 2022) to
extract video features, respectively. Bold denotes the best performance. ‘+’ denotes the method using extra data.

Training and Inference

The global textual feature is represented as yg € R”. The
similarity of the text-video is calculated as the inner produc-
tion of the appearance-text and motion-text as:

s(ti,v)) =<ys,fa >+ <ys,far > . (14)

In training, a common optimizing method is to use a sym-
metric cross-entropy loss in both text-to-video and video-
to-text directions. Given a batch of B text-video pairs, the
model updates its parameters by maximizing the sum of the
main diagonal of a B X B similarity matrix:

B
Low=-7% gl vd) )
i Zj:l exp(s(ti, v;))
B
1 exp(s(vi, t;))
Lot =——= > log , (16)
B Z Sy eap(s(vi,t;)
L= Et?v + £v2t~ (17)

During the inference stage, we directly weight the
appearance-text and motion-text matching scores for the fi-
nal similarity matching: s(t;,v;) =< ys,fa4 > +A <
yvs, far >, where A is the motion matching factor.

Experiments
Experimental Settings

Datasets. MSRVTT (Xu, Mei et al. 2016) contains 10,000
YouTube videos, each with 20 text descriptions. DiDeMo
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Dataset (Anne Hendricks, Wang et al. 2017) is a compre-
hensive benchmark for text-video retrieval, consisting of
10,464 videos with 40,543 temporally-aligned textual de-
scriptions. ActivityNet Dataset (Krishna, Hata et al. 2017)
is a large-scale benchmark for video understanding, com-
prising 20,000 YouTube videos with dense temporal annota-
tions. MSVD Dataset (Chen and Dolan 2011) is a widely-
adopted benchmark for video captioning and retrieval tasks,
consisting of 1,970 YouTube video clips with multilingual
annotations. Charades Dataset (Sigurdsson, Varol et al.
2016) is a comprehensive benchmark for video under-
standing, comprising 9,848 videos with single-sentence tex-
tual descriptions. Following established evaluation proto-
cols (Liu, Xiong et al. 2022), we adopt their standard train-
ing and testing split, and employ Recall@K (R@K, where
K=1,5, 10) and Mean Rank (MnR) as primary metrics for
quantitative assessment.

Implementation Details

Following previous works (Gorti, Vouitsis et al. 2022), we
initialize both text and video encoders using pre-trained
CLIP models (ViT-B/32 and ViT-B/16). For video pre-
processing, we first resize all frames to a spatial resolution of
224 x 224 pixels. To ensure fair comparison across datasets,
we uniformly sample 12 frames per video, except for Ac-
tivityNet where we extract 32 frames to accommodate its
longer video durations. For model optimization, we employ
the Adam optimizer with a cosine warm-up learning rate
scheduling strategy (Kingma and Ba 2014). To preserve the
pre-trained representations, the visual and text encoders are



MSVD
Methods R@]1 R@5R@10MnR ()

CLIP-ViT-B/32

CenterCLIP (Zhao, Zhu et al. 2022) 47.3 76.9 86.0 9.7
CLIP4Clip (Luo, Ji et al. 2022) 46.2 76.1 84.6 10.0
X-CLIP (Ma, Xu et al. 2022) 47.1 71.8 - 9.5
UCOFIA™ (Wang, Sung et al. 2023) 46.5 74.8 - 134
TeachCLIP (Tian, Zhao et al. 2023) 46.8 74.3 - -
AMD-Net (ours) 56.8 84.0 90.2 6.4
CLIP-ViT-B/16

CenterCLIP (Zhao, Zhu et al. 2022) 50.6 80.3 88.4 8.4
X-CLIP (Ma, Xu et al. 2022) 50.4 80.6 - 8.4
AMD-Net (ours) 61.6 85.9 90.8 54

Table 2: Comparison results of the cross-modal retrieval on
the MSVD test set in terms of Recall @K(R@K).

Charades
Methods R@1 R@5R@10 MnR (])
CLIP-ViT-B/32
CLIP4Clip (Luo, Ji et al. 2022) 139 - - -
ECLIPSE (Lin, Lei et al. 2022) 157 - - -
X-CLIP (Ma, Xu et al. 2022) 16.1 352 449 672
TEFAL (Ibrahimi, Sun et al. 2023) 18.5 37.3 48.6  60.6
AMD-Net (ours) 19.7 41.3 51.1 58.6

Table 3: Results on the test split of Charades.

optimized with a learning rate of 1e—7, while other trainable
modules utilize a higher learning rate of 1e — 4 for efficient
adaptation. The motion modulator consists of three modula-
tor layers, and each layer contains two fully-connected lay-
ers and a ReLU activation.

Comparison with State-of-the-art Methods

In this section, swe compare our method with current text-
video retrieval methods on the MSRVTT, DiDeMo, Activ-
ityNet, MSVD, and Charades datasets, including (1) the
cross-modal interaction methods, i.e., X-Pool, TS2-Net,
X-CLIP, and (2) the multi-grained representation learning
methods, ProST, UCOFIA, and the latest state-of-the-art
methods, ¢.e., Cap4Video, ProxyNet, etc. Unlike these meth-
ods, our model improves video representation by decoupling
spatial appearance and temporal motion learning. This in-
volves two innovations: (1) concise appearance modeling
and (2) multi-scale motion modeling. For fair comparison,
we group existing methods by feature extractor: those using
CLIP-ViT-B/32 and CLIP-ViT-B/16.

Table 1 shows detailed comparisons on the MSRVTT
test set, where our proposed method outperforms recent ap-
proaches in terms of most evaluation metrics. Moreover, our
method consistently outperforms others across different fea-
ture extractors and achieves the best performance on MnR.
When using CLIP-ViT-B/32 to extract features, we achieve
55.2%, 78.7%, 85.3%, and 9.5% for R@1, R@5, R@10 and
MnR, Benefiting from the stronger feature extractor CLIP-
ViT-B/16, our model can further achieve better performance.
Specifically, when CLIP-ViT-B/16 is used as the feature ex-
tractor, the performance is 59.0%, 80.8%, 87.4%, and 7.9%
for R@1, R@5, R@10 and MnR. X-Pool uses the text to
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| DAL | MML |
No. R@1 R@5 R@10 MnR
w/o first high| fast slow
cross order order|motion motion
0| v 46.2 704 79.6 13.8
1 v 47.1 72,5 81.3 11.2
2 v 49.0 76.1 85.1 11.7
3 v v 51.2 75,5 834 109
4 v v 1529 77.6 853 95
5 v v v 552 787 853 9.5

Table 4: Ablation studies about the proposed appearance
learning (DAL) and multi-scale motion learning (MML) .

AMD-Net | R@l R@5 R@I10 MnR
Rand Initialization 49.1 738 83.5 9.9
Learnable Initialization | 52.8 74.9 83.7 11.6
SVD based Initialization | 55.2  78.7 85.3 9.5

Table 5: Ablation studies about the SVD-based prototype
initialization on the MSRVTT test set.

attend to its most semantically similar frames and generates
an aggregated video representation conditioned on those at-
tended frames. Compared with this cross-modal interaction
method, we achieve 10.8% improvement in terms of R@1,
demonstrating the advantages of decoupling spatial appear-
ance and temporal motion for better video understanding.
Besides, our model significantly surpasses the multi-grained
representation learning method ProST by absolute 9.5%
R@1, reaching 59.0% for R@1 metric on MSRVTT, which
sets a new state-of-the-art performance.

Table 1 also lists the results on larger and compli-
cated DiDeMo and ActivityNet datasets. For DiDeMo, our
model also demonstrates competitive performance with top-
performing CLIP based model Cap4Video™ (Wu, Luo et al.
2023). It is worth noting that this approach employs extra
training data. For ActivityNet, our method achieves signif-
icant improvements of 4.8% and 1.6% in R@1 when us-
ing CLIP-ViT-B/32 and CLIP-ViT-B/16 as backbones. Ta-
ble 2 and Table 3 show results for other benchmarks. For
MSVD, our approach with CLIP-ViT-B/16 achieves 11.2%
R@1 and 3.0% MnR improvements compared with the cur-
rent state-of-the-art method X-CLIP (Ma, Xu et al. 2022).
For Charades, our approach achieves 2.2% R@1 improve-
ment for text-video retrieval. Extensive experimental results
validate the superiority of our model, which stems from its
ability to effectively model both discriminative appearance
learning and multi-scale motion representations.

Ablation Studies and Analysis

Effectiveness of the DAL Module: In Table 4, we re-
port the results of different dynamic interactions between
video representations and prototypes: without dynamic in-
teractions, dynamic interactions with first-order and high-
order similarity matrixs.

Ablation study on High-order Cross-aggregation Mech-
anism. Comparing #0, #2 in Table 4, based on R@]1, the



a anime drive a car
in game

a baseball player
describes being
drafted by the padres

a funny
looking clip

Figure 4: The failure cases on MSRVTT experiments. We report the Top-5 retrieved videos with our AMD-Net. Although our
model significantly outperforms previous methods, it still confused by results that closely align with the given queries.

results show that dynamic interactions with first-order sim-
ilarity matrix yields higher performance compared to the
case without dynamic interactions. This observation demon-
strates the critical importance of dynamic interactions be-
tween prototypes and video representations, which enables
prototypes to extract informative video appearance. Com-
paring #1, #2, the results show that compared to dynamic
interactions the first-order similarity matrix, dynamic inter-
actions with high-order similarity matrix achieves a huge
performance improvement. This stems from our high-order
dynamic interactions that model prototype relationships, al-
lowing them to become more resilient by leveraging infor-
mation from other prototypes.

Ablation study on SVD-based prototype initialization. To
explore the effectiveness of different ways to initialize the
prototypes, we compare the performance of several intuitive
initialization methods as shown in Table 5. Among these
methods, Rand Initialization is conducted by randomly se-
lecting I token features as prototypes from patch features
and global frame features, respectively. Learnable Initial-
ization means that all 27 prototypes are randomly initialized
but trainable and shared across videos. Our SVD-based pro-
totype initialization outperforms these schemes by a consid-
erable margin credited to the characteristics of SVD. Com-
pared with other methods, SVD-based prototype initializa-
tion can better reduce redundant information as well as pre-
serve discriminative appearance.

Effectiveness of the MML Module: To explore the effec-
tiveness of the proposed MML Module, we conduct the fol-
lowing ablation studies: (1) removing fast motion learning,
(2) removing slow motion learning. Comparing #3 and #5
based on R@1, the performance of the model with both fast
motion and slow motion learning process achieves 4.0 %
improvements over the model with only fast motion learn-
ing, indicating the effectiveness of slow motion learning.
This is because the slow motion learning enables the acqui-
sition of fine-grained motion variations, thereby enhancing
feature learning. Comparing #4 and #5 based on R@1, the
model with both fast motion and slow motion learning also
achieves 2.3% improvement compared to the model with
only fast motion learning. The results demonstrate that fast
motion learning effectively captures object dynamics during
rapid changes and enhances performance by implicitly mod-
eling relationships between adjacent frames.
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Prototype Number / |[R@1 R@5 R@10 MnR
1 | 545 772 839 11.1
5 | 548 772 84.1 104
10 | 552 787 853 9.5
15 | 55.1 784 852 9.6
20 | 55.0 77.4 845 102

Table 6: Performance comparison with prototype number.

Hyperparameter Evaluations

Quantitative experiments are conducted to clearly find a suit-
able number of prototypes /. In Table 6, we report the results
of different number I on the MSRVTT test set. We can find
that the performance continues to grow until /=20 and then
begins to decline if / keeps increasing. We deem the main
reason is too few prototypes cannot represent diverse seman-
tic information, while too many prototypes will produce un-
desirable redundancy.

Limitations

Figure 4 gives some failure examples. Although our model
performs much better than previous state-of-the-art meth-
ods, it still falls short in retrieving results that closely align
with the given queries. For example, as seen from the first
sample in Figure 4, for the given text “a anime drive a car
in game”, the proposed model is confused by similar videos,
resulting in wrong retrieval results. To alleviate this problem,
future work will incorporate contrastive learning for better
distinction and improve retrieval accuracy.

Conclusion

In this paper, we propose a novel appearance-motion decom-
posed network (AMD-Net) to decouple spatial-level appear-
ance and temporal-level motion understanding via DAL and
MML modules, where appearance and motion cues perform
their complementary roles. The DAL with a Singular Value
Decomposition (SVD) based prototype initialization can ef-
fectively reduce redundant appearance information, and a
high-order cross-aggregation mechanism enhances proto-
type resilience and facilitates comprehensive video under-
standing. The MML can capture motion features at varying
temporal scales, which are complementary to appearance
features. The experiments verify its effectiveness.
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