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Dynamic Multi—Expert Fusion Framework for Few—Shot Video Action Recognition

HU Bei, OUYANG jun, WANG Chen
(School of Computer Science and Artificial Intelligence , Wuhan Textile University, Wuhan 430200, China)

Abstract: Multimodal video analysis serves as a crucial approach for understanding complex dynamic scenes and human behavior. However,
existing vision—language models often rely on a single, rigid temporal modeling paradigm, which struggles to adaptively handle diverse dynam-
ic patterns in videos (such as static backgrounds, short-range actions, and long—range periodic behaviors) , thereby limiting the depth and
generalization capabilities of video analysis. To address this, a Dynamic Multi—-Expert Fusion (DMEF) framework is proposed. First, an adap-
tive expert scheduler is designed to dynamically select and integrate three different granularities of temporal modeling experts based on the con-
tent features of the input video: a global static expert maintains static semantic generalization, a short-range dynamic expert focuses on captur-
ing local frame—to—frame changes, and a long-range contextual expert models global temporal dependencies. Second, an intelligent modeling
architecture is established that can adaptively adjust according to video content, enhancing the interpretability of video content analysis. In
few—shot learning and cross—domain generalization tasks, the DMEF method achieves optimal performance on the HMDB51 and UCF101 data-
sets; on the SSv2 dataset, it performs best when K=8. In cross—domain generalization tasks, the DMEF method demonstrates excellent recogni-
tion accuracy on the HMDBS51 dataset.
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Fig.1 Difference among DMEF and existing methods in time series
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Fig. 2 Dynamic multi expert fusion framework
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Table 1 Comparison with the latest methods in few sample learning

K1 SEFAEEIHEAEI ERLE

] HMDB-51 UCF-101 SSv2
WiRis FeFe ik

=2 K=4 k=8 k=16  K=2 K=4 k=8 k=16  K=2 K=4 K=8  K=16

X-CLIP? ECCV 2022 53.0 573 62.8 62.4 714 79.9 83.7 91.4 39 4.5 6.8 10.0

Asle) ECCV 2022 46.7 50.4 61.3 65.8 76.3 84.4 90.7 93.0 45 6.7 7.2 9.5
ViFi-CLIP'® CVPR 2023 57.2 62.7 64.5 66.8 80.7 85.1 90.0 92.7 6.2 74 8.5 12.4
MAXI) ICCV 2023 58.0 60.1 65.0 66.5 86.8 89.3 92.4 93.5 7.1 8.4 9.3 12.4
ViLT-CLIP! AAAT 2024 60.6 61.9 66.9 69.6 85.3 90.0 91.3 93.8 7.8 9.4 10.3 13.2
TC-CLIP! ECCV 2024 573 62.3 67.3 68.6 85.9 89.9 92.5 94.6 7.3 8.6 9.3 14.0
T2 TMLR 2025 573 61.1 65.4 67.7 84.7 88.3 913 92.8 6.8 8.7 9.6 132
DMEF - 61.1 66.3 68.6 70.9 89.8 93.5 94.7 96.3 6.8 9.0 10.4 12.9
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Table 2 Comparison with the latest methods in cross domain general-
ization ability

R2 SRFAEEBHZHES EHILR

HMDB-51 UCF-101 SSv2

iR K b
7 Ritidh Base Novel HM Base Novel HM Base Novel HM

Vanilla CLIP'Y ICML 2021 53.3 46.8 49.8 78.5 63.6 703 4.9 53 5.1
A5H10] ECCV 2022 70.4 51.7 59.6 95.8 71.0 81.6 129 5.7 79
X-CLIP®! ECCV 2022 75.8 52.0 61.7 95.4 74.0 83.4 142 11.0 124
ViFi-CLIP'S! CVPR 2023 73.8 53.3 61.9 92.9 67.7 783 16.2 12.1 13.9

SC-CLIPP! PR 2025 722 57.2 63.8 93.5 77.0 84.5 15.8 12.6 14

o

DMEF - 76.4 57.1 65.3 96.6 75.1 84.7 169 129 14.6

ST, W DMEF 5 3UAT 7 12 B9 1B A, (45 2 B
(Params ) 7% #3328 B &5 (GFLOPs ) . 7 it & (Throughput ) , 5%
A5 R NER 3 Fr R o HIL AT, DMEF J5 5 1 S 2 80h
131.19 M, 4% 0.15 M S HTT 2R (15 0.11%) , RA
IS EOBCR TR AR A T I 25 2 Bt e O i sl /D B 32
TRV Gl T B, R ) 3 T T R0 A sl ) D R R 2
Yt

Table 3 Comparison of model complexity and efficiency of different

methods

®2 AEFENERERESHUELE

HMDB-51 UCF-101 SSv2
Base Novel HM Base Novel HM Base Novel HM

Jrik &

Vanilla CLIP'Y ICML 2021 53.3 46.8 49.8 78.5 63.6 70.3 49 53 5.1
A5l ECCV 2022 70.4 51.7 59.6 95.8 71.0 81.6 129 5.7 7.9

X-CLIP®! ECCV 2022 75.8 52.0 61.7 95.4 74.0 83.4 142 11.0 124

ViFi-CLIP''S)  CVPR 2023 73.8 53.3 61.9 92.9 67.7 78.3 16.2 12.1 13.9

SC~-CLIP'! PR 2025 72.2 57.2 63.8 93.5 77.0 84.5 158 12.6 14.0

DMEF - 76.4 57.1 65.3 96.6 75.1 84.7 16.9 12.9 14.6

TE 115 7 T, DMEF A9 5 00450 #E 3 i1 55 & R 456
GFLOPs, L brfF it H 15 5] 9.6 samples/sec, M F ViFi-
CLIP,DMEF LA 60% HY 355 5 1Y e B 1 12.8% () #¥ it &,
YIS0 BAFE] T4 (0.15 M vs 0.18 M) . DMEF
TESHRCR TR RCR AL PR e R =2 (MBS T R 41 £
R AE A B IR 22 BR 4 1 S5

£ I, DMEF HE 2838 13 #4 82 22 & ZZ P [ AL i AT E 38
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Table 4 Results of ablation experiment

R4 HEZRER

LRI GSE SDE LCE HER /%
DMEF w/o GSL 65.10
DMEF w/o SL N 65.37
DMEF w/o GL N 65.81
DMEF w/o GS N 65.58
DMEF(Full) N N N 66.34

(1)DMEF w/o GSL: ZEANG | AMEAT] & FAEHRAEH T,
fi IR 4R ViFi-CLIP VS SEAERIRY B (SO B2 R i
FRIEHEAT 22 R - Ak SR MER R A 65.10%

(2)DMEF w/o SL: & % SDE . LCE & FF i #6i #  f5 Al
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B HERR 42 T 2 65.37% (+0.27%) , X — WA B L Fa i g 4
#5 UESE T DMEF (200 B F S AL - 3 2o P 25 880 1 = L
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TEB T i AR T ] &2 24 OC R E . DMEF R H
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i Bh 25 AR R AT TR I ORI R R A AR E T, AL
FUkE T /NEAR S 5 S 40 U o
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RIMAS T 65.58% M HERf %, M T RE LB AL HE Tt 0.48%
BORIFEE AR K EIE T LCE S # i8 1 Ar st 69 < 0 51
PERT ZIBRM 28" €0 . AHAS T Ab B IR g S sl s sl A
LM 7, LCE 3 o8 48 1 177 5 2 i Ze Pk 1AL, St
T XA 5 e A A B8 S O R AR
T FI O E A I R ) S HE, OR TR T A
M L P DR SRR A, A T X UL AFHARLAELAZ s Sl 1 Wik ] 20 5 1
YA RE 20 (AR EY) " 5 O ) I X R R A e
TR T IER 53 HE 0 R

M 3L GG L A IE T 4 I ] T A B AR AR
REIR B T e e 19 66.34% , R4 T 10 P REAS 1 ik 25 0 b
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FE, R DMEF HE SR $2 0L T Fe A 1 B SE 2 R . SBT3
MR ZIFEIUR BT, Al 3 BN ER S st i 2l &
FE AR S B I ] S 67 55 3 1 1 28 L E b 9 DA 60 4 3 Ok i
Bt 715 8

R, 2 T8 (14) i 32 [ 8 +4 B 3 3 17 AL
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FSPn . Hrh 3RS HNE 250 O 2 B, 53
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ML R AT, BT LR EENE .

Table 5 Adaptive gating ablation experiment results
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Fig. 3 Classification accuracy of ViFi—CLIP and DMEF on HMDB-

51 (24 categories)
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Fig.4 Feature distribution of ViFi—-CLIP and DMEF on HMDB-51 (4-shot, first 12 classes)
4 ViFi—-CLIP 5 DMEF 7£ HMDB-51(4—shot, B 12 3£ ) _E B4 ES

4 £iE

BT IRAG T v 3 kSR FH A — i P A X 5 3
FRHEARE R A7 R 32 AR BEAS T i M AS o S ) . AR S
RSB Z L FEAHER DMEF, 523 T /MNEARZ 5 T
WAVERBIMER R 5 TR . B, W )R—
KR = LG5 H A B AN R RO AT B A
FER LR, 5 I AKE TR 142 I 45 114 1 3 1 A1 32 4 AR
TRAT PN 25 S A0 il B RAFAE .

S:UF U], DMEF 75 HMDB51 ., UCF101 F1 SSv2 %4 4
1) /INFE A B (k=8) S50, 43 5 A 68.6% , 94.7% FiI
10.4% BIMERG R, W50 TR, R4 DMEF HE4L7E
B LR R AF  HIF S RCR A Rrig T, ek,
I HE 2R SCAR v AT B R B BRI T, AR 5 ASCAR
Uii3 Prompt ML , A E— 20 48 T B AL RRAE X 55 T i, I
AR 1 2 T AN AR AR B A S T T2 AT 55

Sk

[1] ZHUSW, YEBL, WUW M. Review and simulation of short—term traf-

fic flow prediction methods based on deep learning [J]. Software Guide,
2024, 23(2): 182-193.

RAER, R, ZUgA. R TIRE S T o4z nd SRR TN ik 4Rk
54 A1), #A5F), 2024, 23(2): 182-193.

[2]  RADFORD A, KIM J W, HALLACY C, et al. Learning transferable visu-
al models from natural language supervision [ C 1/ Proceedings of the 38th
International Conference on Machine Learning, 2021: 8748-8763.

[3] LIY,WUS, XUC, etal. A review of semantic text similarity calculation

methods[J]. Software Guide, 2024, 23(11): 1-11.

B, B, RIS, F L ESUSURAMMUE I SR R AT A ()] Sk
$7, 2024, 23(11): 1-11.
JIA C, YANG Y, XIA Y, et al. Scaling up visual and vision—language
representation learning with noisy text supervision [ C]// Proceedings of the
38th International Conference on Machine Learning, 2021: 4904-4916.
ZHOU K, YANG J, LOY C C, et al. Learning to prompt for vision—lan-
guage models [J]. International Journal of Computer Vision, 2022, 130
(9): 2337-2348.
[6] KIRILLOV A, MINTUN E, RAVI N, et al. Segment anylhing[C]/l Pro-
ceedings of the IEEE/CVF International Conference on Computer Vision,
2023: 4015-4026.
70U X, YANG J, ZHANG H, et al. Segment everything everywhere all at
oncelJ]. Advances in Neural Information Processing Systems, 2023, 36:
19769-19782.
LI L H, ZHANG P, ZHANG H, et al. Grounded language—image pre—
training [ C ]/ Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 2022: 10965-10975.
[9] MINDERER M, GRITSENKO A, STONE A, et al. Simple open—vocabu-
lary object detection [C1// European Conference on Computer Vision,
2022: 728-755.
WANG M M, XING J Z, LIU Y. Actionclip: a new paradigm for video
action recognition| DB/OL]. https://arxiv. org/abs/2109. 08472.
JING X, YANG G, CHU J. An empirical study of excitation and aggrega-
tion design adaptions in clip4clip for video—text retrieval [J]. Neurocom-
puting, 2024, 596: 127905.
HOCHREITER S, SCHMIDHUBER J. Long short-term memory [l
Neural Computation, 1997, 9(8): 1735-1780.
VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you
need[ DB/OL.]. https : //arxiv. org/abs/1706. 03762.
BERTASIUS G, WANG H, TORRESANI L. Is space-time attention all

[12]

[13]

you need for video understanding? [DB/OL]. https://arxiv. org/abs/
2102. 05095.

[15] RASHEED H, KHATTAK M U, MAAZ M, et al. Fine—tuned clip mod-



10

BAE 5 A

XXXX 4

[16]

[17]

[18]

[19]

[20]

[21]

[23]

els are efficient video learners[ C 1/ Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, 2023: 6545-6554.

JU C, HAN T, ZHENG K, et al. Prompting visual-language models for
efficient video understanding[(ﬂ// European Conference on Computer Vi-
sion, 2022: 105-124.

LI J, TANG S, ZHU L, et al. Adaptive hierarchical graph reasoning
with semantic coherence for video—and-language inference[ C ]/ Proceed-
ings of the IEEE/CVFE International Conference on Computer Vision,
2021: 1867-1877.

YUAN L, HE Z, WANG Q, et al. Advancing human motion recognition
with skeletonclip++ : weighted video feature integration and enhanced
contrastive sample discrimination[ J]. Sensors, 2024, 24(4): 1189.
LEPIKHIN D, LEE H, XU Y, et al. Gshard: scaling giant models with
conditional computation and automatic sharding[ DB/OL]. https://arxiv.
org/abs/2006. 16668.

FEDUS W, ZOPH B, SHAZEER N. Switch transformers: scaling to tril-
lion parameter models with simple and efficient sparsity [J]. Journal of
Machine Learning Research, 2022, 23(1): 5232-5270.

PARK K, KIM Y, KIM D, et al. Resilient sensor fusion under adverse
sensor failures via multi-modal expert fusion [cin Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2025: 6720-6729.

CAI'W, LIU Q, WANG Y. SPMTrack: spatio-temporal parameter—effi-
cient fine—tuning with mixture of experts for scalable visual tracking[ C ]/
Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2025: 16871-16881.

WANG Z, LIU L, WANG L, et al. METransformer: radiology report
generation by transformer with multiple learnable expert tokens [ C 1/ Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023: 11558-11567.

LIZ, HUY, YIN B, et al. Multi-token enhancing for vision representa-
tion learning[ DB/OL]. https://arxiv. org/abs/2411. 15787.

HORNIK K, STINCHCOMBE M, WHITE H. Multilayer feedforward
networks are universal approximators [J]. Neural Networks, 1989, 2

(5): 359-366.

[26]

[29]

[31]

[33]

[34]

[35]

KUEHNE H, JHUANG H, GARROTE E, et al. Hmdb: a large video
database for human motion recognition [C]// 2011 International Confer-
ence on Computer Vision, 2011: 2556-2563.
SOOMRO K, ZAMIR A, SHAH M. UCF101: a dataset of 101 human ac-
tions classes from videos in the wild [ DB/OL]. https: //arxiv. org/abs/
1212. 0402.
GOYAL R, KAHOU S E, MICHALSKI V, et al. The "something some-
thing" video database for learning and evaluating visual common sense
[C1// Proceedings of the IEEE International Conference on Computer Vi-
sion, 2017: 5843-5851.
NI B, PENG H, CHEN M, et al. Expanding language—image pretrained
models for general video recognition [cin European Conference on Com-
puter Vision, 2022: 1-18.
LIN W, KARLINSKY L, SHVETSOVA N, et al. Match, expand and im-
prove: unsupervised finetuning for zero—shot action recognition with lan-
guage knowledge| C ]/ Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, 2023: 2839-2850.
WANG H, LIU F, JIAO L, et al. Vilt-clip: video and language tuning
clip with multimodal prompt learning and scenario—guided optimization
rcin Proceedings of the AAAI Conference on Artificial Intelligence,
2024: 5390-5400.
KIM M, HAN D, KIM T, et al. Leveraging temporal contextualization
for video action recognition [cln European Conference on Computer Vi-
sion, 2024: 74-91.
AHMAD S, CHANDA S, RAWAT Y S. T2L: efficient zero—shot action
recognition with temporal token learning [ EB/OL]. https://openreview.
net/forum? id=WvgoxpGpuU.
SCHIAPPA M C, BIYANI N, KAMTAM P, et al. A large—scale robust-
ness analysis of video action recognition models [ C]// Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition ,
2023: 14698-14708.
QUAN Z, CHEN J, DEGUCHI D, et al. Semantic matters: a con-
strained approach for zero—shot video action recognition [J]. Pattern Rec-
ognition, 2025, 162: 111402.

(Fr 4% 3 %) 5 30)



