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Abstract: Objective Few-shot image classification aims to recognize novel visual categories using only a few labeled
samples per class. It is an important research topic for improving the generalization ability of visual recognition systems
under low-resource conditions. Existing few-shot learning methods have achieved considerable progress through metric
learning, meta-learning, data augmentation, and pretrained visual representation transfer. However, when the number of

labeled support images is extremely limited, especially in the 1-shot setting, purely visual methods often suffer from
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unstable prototype estimation and insufficient discrimination between visually similar classes. Recently, image-text collab-
orative learning and semantic-enhanced few-shot learning have provided new opportunities for addressing this limitation.
By introducing class names, attributes, textual prompts, or language model representations, semantic information can
serve as an additional prior to compensate for insufficient visual evidence. Nevertheless, most existing semantic-enhanced
methods still rely mainly on coarse-grained textual information, such as category names or short prompt templates. Such
semantic information usually describes only the global concept of a class and is inadequate for capturing local attributes,
appearance details, part-level cues, and subtle inter-class differences. Moreover, when fine-grained textual descriptions
are directly generated or introduced, they may contain redundant expressions, ambiguous words, and weakly discrimina-
tive descriptions. Another important issue is the modality gap between textual semantics and visual features. Simple feature
concatenation or additive fusion is insufficient for fully aligning multi-grained semantic information with visual representa-
tions. Therefore, how to construct high-quality class semantics -and how to deeply align semantic representations with visual
features remain key challenges for semantic-enhanced few-shot image classification.” To address these issues, this paper
proposes a few-shot image classification framework named text-visual semantic multi-branch alignment network (TSMA-
Net), which aims to improve the robustness and discriminability of class prototypes by combining multi-angle semantic min-
ing, semantic refinement, adaptive semantic fusion, and multi-branch cross-modal alignment. Method The proposed
TSMA-Net consists of two main components: a text-visual semantic association module and a multi-branch alignment mod-
ule. The semantic association module first mines fine-grained category descriptions from multiple complementary perspec-
tives and refines them to reduce redundancy and ambiguity. These fine-grained semantics are then adaptively fused with
class-name semantics to obtain robust and discriminative multi-grained textual representations. The multi-branch alignment
module further projects the fused semantics into multiple subspaces and interacts them with visual features, enabling more
sufficient cross-modal alignment than direct additive fusion. A residual recalibration structure is introduced to suppress
noisy cross-modal responses, and visual prototypes and semantically enhanced prototypes are jointly used for query classifi-
cation. Result Extensive experiments are conducted on four standard few-shot image classification benchmarks, including
minilmageNet, tieredlmageNet, CIFAR-FS, and FC100. The evaluation follows the widely used 5-way 1-shot and 5-way 5-
shot settings. Compared with existing visual-only and semantic-enhanced few-shot learning methods, TSMA-Net achieves
competitive or superior performance across different datasets. In particular, compared with SimpleFSL using the same
Visformer-Tiny backbone, TSMA-Net improves the classification accuracy by 2. 11% and 0.47% on minilmageNet under
the 1-shot and 5-shot settings, respectively. On tieredlmageNet, the corresponding improvements are 2. 35% and 0. 49%.
On CIFAR-FS, TSMA-Net obtains gains of 1.21% and 0. 28%, and on FC100, it improves the accuracy by 0. 54% and
0. 10%. These results demonstrate that the proposed method can effectively improve few-shot classification performance
across datasets with different image distributions, category granularity, and semantic complexity. The performance gains
are more pronounced in the 1-shot setting, indicating that the proposed semantic mining and multi-branch alignment strat-
egy is particularly beneficial when visual evidence is extremely scarce. Ablation experiments further confirm the contribu-
tion of each component. The text-visual semantic association module improves the quality of class textual representations by
introducing multi-angle fine-grained semantic descriptions, while the multi-branch alignment module enhances cross-modal
interaction and improves prototype discriminability. The analysis of the fusion factor shows that an appropriate balance
between class-name semantics and fine-grained semantics is important for stable semantic representation. The branch num-
ber analysis indicates that multiple semantic projection branches can improve performance by decomposing semantic infor-
mation into different subspaces, whereas too many branches may introduce redundancy and over-fragment the semantic rep-
resentation. The residual recalibration experiment also shows that recalibrating the fused cross-modal representation helps
suppress noise and improve robustness. In addition, visualization results based on t-SNE show that TSMA-Net forms more
compact intra-class clusters and clearer inter-class separation than the baseline method, which further verifies the effective-
ness of the proposed semantic association and alignment mechanisms. Conclusion This paper proposes TSMA-Net for
semantic-enhanced few-shot image classification.” Unlike existing methods that mainly use category names or short prompts
as textual priors, TSMA-Net explicitly mines multi-angle fine-grained semantic descriptions from a large language model

and refines them into concise, relevant, and discriminative class semantics. By adaptively integrating class-name seman-
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tics and fine-grained descriptions, the method constructs a more robust multi-grained textual representation. Furthermore,

the proposed multi-branch alignment module projects semantic information into multiple subspaces and performs deeper

interaction with visual features, thereby alleviating the modality gap between text and vision. The residual recalibration

structure further improves the stability of cross-modal fusion, and the dual-path prototype classification strategy enhances

decision robustness. Experimental results on four benchmark datasets demonstrate that TSMA-Net can learn more discrimi-

native class prototypes under limited supervision and consistently improve few-shot classification performance. The advan-

tage is especially evident in the 1-shot scenario, where additional semantic priors are most needed. Overall, the proposed

framework provides an effective way to exploit large language model-generated fine-grained semantics for few-shot visual

recognition and offers a useful reference for future research on multimodal semantic alignment under data-scarce conditions.

Key words: few-shot learning; few-shot image classification; prototype learning; multimodal learning; cross-modal

semantic alignment; large language model
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shared by the category. Distinct traits separating it

Angle 3:

Cues. Relatively stable -attributes such as color and

from similar classes. Static vs Dynamic
shape. Possible variations in pattern, pose, or appear-
ance. ]

Je 3 (2) B SORS R R A R() I B 2R
T B 2 S8R, AR TR 5 0 sl 2Rl B
AT B . BRI &, AN SORE 22 ) BE e i i
AN KOE F B ISR U0 RS B Prompt X = 47
JE 46 A #L V2 4« [Remove redundant or repetitive
descriptions. Resolve-ambiguous or weakly discrimina-
tive expressions. Keep concise, relevant, and dis-
criminative cues. ] 1% F2 F T 25 R OT AR ol &2 4
WA TE I SO E s A i e Ik, O B TR AHOC
HBEA X PR E s LR .

aphotoof = class —» Learnable conte& class

AR BFR

Goldfinch
indigo bunting
Junco
Robin
Magpie

|

Angle 1: Global vs. Local
Overall silhouette and dominant appearance
Local textures, markings, and fine-grained details

Angle 2: Commonality vs. Uniqueness
Typical traits shared by the category
Distinct traits separating it from similar classes

Angle 3: Static vs. Dynamic Features
Relatively stable attributes such as color and shape
Possible variations in pattern, pose, or appearance

Remove redundant or repetitive descriptions
Resolve i or weakly discriminative exp
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Figure 2 Illustration of the semantic information mining and semantic adaptation process

PAZEH]“ Junco” Kl , Angle 14 i, small sparrow-
like bird, compact body, short conical bill, pale belly
SRR 5 R RRAE 5 Angle 2 A B dark hood or gray
head, white outer tail feathers, contrast between dark
upperparts and pale underparts 5 25 [i] H] 51| £ 2% ;
Angle 3 & A gray, brown, black and white plumage
variations S5 AH X ARUE J8 1 B SE AR A g ik . it i
SORS R4 I, B 2445 2 9 22 #A B A10RLIRE 17 SO
K+ “A junco is a small sparrow-like bird with a com-

pact body, short conical bill, gray or dark head, pale

belly, and distinctive white outer tail feathers, often
showing gray, brown, black, and white plumage varia-
tions. "
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Y LSO R R R -

T = G(P,(c))m =123 (1)
AP, G () FRon Rl F B B A it &, T R 2k
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Figure 3 Illustration of the architecture of the multi-branch

semantic alignment module
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minilmageNet (Vinyals 5% , 2016) Fll tieredIma-
geNet (Ren %% , 2018) % i £ #B £ T ImageNet
ILSVRC-2012(Deng 45,2009 ) #4 & , J2&: /INFEAS [ 1543
Kl ) 2 SR ER R 4 . minilmageNet@,ﬁ\
100125311 .60000 7K K15, IR 0 B30y 84x84. %X
PRAEFEHR R 53 64 DYINZREES ) 16 1 B R4 2K
AT 20 A AE S ol T2 S LT L
1R N %5 Z ¥, minilmageNet 7E/MNMEAR K B T HA K
e B MERE . tieredImageNet LA B K, £ 608
AEHE 1779165 5K IER  FF-441H SR LN 34
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5 0 T IPAGRIAYAE 18 o341 22 A K 26 Y 5 h
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CIFAR-FS(Lee %% ,2019) F1 FC100( Oreshkin %5,
2018) K5 £ 4B K T CIFAR-100 #4 2 , CIFAR-FS £
100 4~2851) 60000 5K 32x32 4% K K%, %l 53 H 64
A UNZREEZ T | 16 4> 5o ik £ 28 1] i 20 -4 2
I Z B RT3/ IR, W T/
ATy ¥ B PR B IE 5 6] FPEAl . FC100 4 CIFAR-
100 fY 100 42 5 4% 20 > @B 24730 o, YIRS fi
FH 124828 A 2 0 Sl 2 A e 28 2 1 R
BOmRES . RS T NGRS IR Z ) i S
FREE XSRSz A RE 3R T T AR R
FH K56 /INRE A Ty v 78 AR B 1 SO #% 5 1 (A
AR
3.2 AT

AR SLHG R H Visformer-Tiny (Chen 55 ,2021) 1E A
RLSE PRS2 B , -0 G BEAILER 39 #0204 R 3 A b
HERMG IR T . AR BRI R T Ry 224%224
BE . SURG 5845 R FH 1)1 25 1 CLIP (Radford
85,2021 )RR AN b 1 SO i 28, I3 i A5
2 “a photo of a {class name | "Xt 2 FRFATY JE
TESUATE SCH g B b, AR SCR ] GPT-4 4 2 Kk
B B2 58 U I 22 AR B AR BE T A AR Y AR
B SORE R S A R i o A AR SO TR R ]
AR O 2T SORSHR i B 400k B2 1 SCSCA A 740
fith, R FAT i 5 - R 3501 5 (contrastive language-
image pre-training, CLIP) (Radford %5 , 2021 ) 155 %K.
HA A Ry SCARRAIE A S R - SCA S 5% 1 il B
B TE U2k B B, {8 F AdamW (Loshchilov 5% ,
2017) Al , 2 20 R Se-4 BUEE BN Se-2.
7t minilmageNet . CIFAR-FS . FC100 ¥t ¥ 4 F#kf7 T
800 #8114k , tieredImageNet $04E 45 b 7847 T 400 %51l
Yio JUUNZRI Bk SR FIAR A B O A C 2 (ECHE A0
VR PR IR 27 2] RN 2 Le-6, 24 A FFHIR
) RUCE Ny Se-4, I E A B & B AT T 100
N TEVEAG IR, DO 51t BEHLRAE 2000
A episode, 4 FBSE 5 7R 15K RTX3090 GPU |
SR, Y2t B rp (i T N 2 T R0 B g s A
PR E R Bn A5 AR 25 B B ) R
K 95% B A XAl
3.3 FEER

e TR 293 L T AR ST 4 H ) TSMA-Net
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BEAR S ST 55 T I PERE R B, I8 H 5 2 a2 AL
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TF2.35% F10. 49% ; 7 CIFAR-FS i 4 [ 43 3R TF
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0. 54% F10. 10%.
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TR BIE

MNTE IG5 7 N LU R B AR SO
T SP-CLIP Hl SimpleFSL (1) $2 71 T e 44 3 £ s JiF
1B SURE 3 55 VR B X AL A A Rk . SP-CLIP %
T L T SR N8 2 0 SCAT B AL RRAIE , Hoh
SCRIEAT LAZE N A R SRtk S F . M Z T,
TSMA-Net i#f — 20 5| A KiE 5 B8 A4 i 28 0F X
Fi 1R 1 22 £ 8 IR R R 3 A 28 1) SUAR R7s AN AL
TRE I PO S AL R E A AT
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EHAF IR . X RUITEREAN R BT LT,
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%1 minilmageNet 70 tieredImageNet _F )45 5 (%)
Table 1 Results (%) on minilmageNet and tieredImageNet

minilmageNet tieredImageNet
Methods Backbone 5—wa 5—w
yoSway _vay 5—s
I—chot  S—shot S—way 1-shot S—way 5—shot
58.05 72.41
MAML(Finn%$,2017) ResNet—12 63.85 +0.76 81.57 +0.56
+0.10 +0.20
59.89 77.92
Meta—AdaM (Sun %% ,2023) ResNet—12 65.31 +0.48 85.24 +0.35
+0.49 +£043
s ) 68.32  82.71
SetFeat(Afrasiyabi %5 ,2022) ResNet—12 L0.62  +046 73.63 + 0.88 87.59 +0.57
63.60 81.94
PBML(Fu%%,2024 sNet—12 .64 +0.72 39+04
(Fu%¥,2024) ResNet L0790 4044 70.64 + 0.7 85.39 + 0.40
. 60.34  80.54
ProtoNet(Snell %,2017) ResNet—12 69.63 + 0.53 84.82 +0.36
+1.20 =+1.13
6591  82.41
DeepEMD (Zhang 25,202/ sNet—12 1.16 = 0. .03 +0.
eep (Zhang % ,2020) ResNet L08) 4056 71.16 + 0.87 86.03 + 0.58
62.50 75.73
P Dong % ,202 4.56 + 0.84 A1 +0.
RSN (Dong % ,2025) ConvNet £ 086 =058 64.56 + 0.8 79.11 £ 0.72
65.92  82.85
et . ’ L . /jﬁ . _ .
Visual Allgn(Afra51yab1 %% ,2020) Wide—ResNet £060 <055 74.40 = 0.68 86.61 + 0.59
65.74  83.03
CORL(He%,2023) ResNet—12 73.82 +0.58 86.76 + 0.53
+0.53 +£0.33
64.67  81.79
LSFSL(Padmanabhan %,2023) ResNet—12 71.17 £ 0.52 86.23 +0.22
+0.49 +0.18
. 52.58 70.87
SSL—-ProtoNet( Lim % ,2024) ConvNet 55.14 + 0.49 74.23 +0.40
+0.45 +0.36
62.02 79.64
A _
RFS(Tian%$,2020) ResNet—12 £ 063 +044 71.52 +0.69 86.03 + 0.49
63.98 82.04
. civah; 25 -
MleFSL(Afrablydbl 4%,2021) ResNet—12 £079  +049 70.97 = 1.03 86.16 + 0.67
6499  81.21
MetaDiff( Zhang 45,2024 -12 2.33+0.92 31 +£0.62
etaDiff(Zhang 55 ,2024) ResNet 077 +0.56 7233+ 0.9 86.31 + 0.6
66.56  82.74
CADS(Zhang 4§ ,2024) ResNet—12 72.04 £ 0.22 86.47 +0.15
+0.19 +0.13
6442 74.16
> i KTN(P 45 201 -12 74.16 = 0. -
Semantic N(Peng%,2019) Conv—128 L1072 +056 6+0.56
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T4k
minilmageNet tieredImageNet
Methods Backbone 5—wa 5—
y way
—wav 1-sh —wav 5—s
l—shot  S—shot S—way 1-shot S—way S5=shot
e 65.30  78.10
AM3(Xing%,2019) ResNet—12 £049  +036 69.08 + 0.47 82.58 + 0.31
67.10 79.54
TRAML(Li%,202 sNet—12 - -
R (Li%,2020) ResNet L1052 +0.60
71. 2.
CMGNN-DPGN(Liu%,2021) ResNet—12 38 82.60 72.89 + 0.49 84.92 +0.48
+0.51 +047
71.64  79.67
— . ay —
LPE-CLIP(Yang %5,2023) ResNet—12 L1040 +032 73.88 +0.48 84.88 +0.36
. P . 73.19  82.39
SP-CLIP'(Chen%:,2023) Visformer—T 75.66 + 0.91 87.25 £ 0.63
+0.72 +0.56
i 75.32  82.75
. * AL Ta —
SimpleFSL (Zhou % ,2025) Visformer-T L1037 +031 80.21 +0.43 87.83 +0.32
7743  83.22
isf —T 2. A 32 .31
VNS Visformer 035 0.29 82.56 0.40 88.3 0.3
RN L T I A AU TR S0, £ IR 95% AT X (0], —FRR R SCR R 2 A S sl AN TS Y SRR R R B
AR
3.4 #HEISH Hepf, BiREgE UE— 3R T, 7F minilmageNet %54 45
3.4.1 IHAENEE L HER K F] 77. 29% F183. 16%, 7E CIFAR-FS #(

R YR AR S A AL 43 A R L E mini-
ImageNet F1 CIFAR-FS (4l 48 b iF4T 1M Rl SC 56, 25
UK 3 PR o AR TAL A IR)Z T HEAT I R, A
SCHE— 2T AR B 23 NN 24 FRiE ORI 2 fA B
HRLRE TR U4y, 45 G 2245 SO SRR R AT 43
Mr, LA SRR BE 1 X5 40k B 1 SULE /INREAR 732k
H R SO ARG R

AU FH A 52 B+ W 2% B, A5 7 7E minilmageNet
B 1 S-way 1-shot Fil 5-way 5-shot HERf 2R 53 5]
}.64. 08% 11 80. 45% , 1E CIFAR-FS 50455 505 A
71. 54% F186. 22%. Ut W] 75 FE A A7 B A9 S50
AU R B A7 BE AT iR e HEAT 5845 A0
PRI FRAE

FEGI A2 FRiE LIF25 6 2250 SO FeAsi

Jo, B e S B B S HE . 7E minilmageNet
B 4 L, 1-shot A1 5-shot M8 R 43 51 ik 2] 76. 46%
F183. 08%; 7 CIFAR-FS #i8£E - 53-Jill ik 51 85. 55%
H188. 86%. ZL R, FEN L FRih LEIK R TH
W7 FETE X, (HREAE H LA X RS (1 280 A A, A
T35 2 I A AL AT X AR

M| AZ AR T T2 A 25 SO TR

P4 Ik F] 86. 12% F1 88. 92% , BAAR: T AU AH 2k
PR SRR E o UL 22 A B AR BT SCRERS B
Fo 43 M kb 7 2 50 0 JRy B P AR A T S K (] 25
EHRENE B NI TH IEA S 50 251X 45
HEJT o

S0 R AR AR A (] B 5 288 1) 4 ki S 2 A1 FE 2
RLRETE U Z2 05 SO SRS U T B g R . 18
minilmageNet £ 4E I, 1-shot F1 5-shot E# 2 43 5]
KB 77. 43% M1 83. 22%; 7£ CIFAR-FS B 4E 14351
ik 1] 86. 50% F189. 09%., X —ZE K, A1 24 Fx
T S5 2 ff B AR S 2 B A R B
T P (R R e M SR T S, e b s s BLIX
S3 TR BY AT I S, TR 200 SO SRR I T S
A B R, DT 2[Rl B2 T T /AR 37 55 2800 i
RS 5 4 ) g

X —g5ie i n] DU E 4 A T M b 45 3
gk . BEA AlE R o OB KR 1, BRI
BEIFAE BLRSETE , IR I LT TR R I
TEa = 0.4 TR BN Tl o X vl B2 51 2 Bk iE SO
Z A B AR FE TR SOFAS R R R ROCR . 4
PR SCRE A% R AR B rh 29 08, 3hE e A
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Table 2 Results (%) on CIFAR-FS and FC100
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CIFAR-FS FC100
Methods Backbone
5-way 1=shot 5—way S5—shot S5—way 1-shot S5—way S5—shot
Meta—AdaM (Sun % |
2062;‘) aM (Sun % ResNet—12 - - 41.12 +0.49 56.14 = 0.49
PBML(Fu%§,2024)  ResNet—12 73.07 +0.59 85.51 + 0.41 47.92 + 0.49 6296 051
ProtoNet (Snell 25 |
zgit% et (Snell %5 ResNet—12 72.20 + 0.70 83.50 + 0.50 37.50 + 0.60 52.50 + 0.60
PRSN(Dong % ,2025) ConvNel 66.28 + 0.68 80.10 + 0.56 42.55 + 0.43 53.43 + 0.40
Align (Afrasiyabi 2 |
ign (Afrasiyabi Wide—ResNet - - 45.83 + 0.48 59.74 + 0.56
2020)
CORL(He%,2023)  ResNel-12 74.13 £ 0.71 87.54 +0.51 44.82 +0.73 6131 + 0.54
LSFSL.  (Padmanabh
% 2073 )( admanablan — p esNet—12 73.45 +0.27 87.07 +0.17 43.60 = 0.11 60.12 +0.17
SSI-ProtoNet (Lim % ,
2024) ConvNet 60.41 = 0.52 76.52 +0.38 - -
RFS(Tian%,2020)  ResNet—12 73.90 + 0.80 86.90 + 0.50 44,60+ 0.70 60.90 + 0.60
CADS(Zhang % ,2024) " ResNet—12 73.23 + 0.21 87.67 +0.14 - —
LPE-CLIP (Yang 2 ,
CLIP (Yang 55+ g oNet-12 80.62  0.41 86.22 +0.33 - -
2023)
P-CLIP" (Chen % ,
i(mc) (Chen 55\ former—T 81.49 + 0.75 88.28 + 0.57 46.32 +0.72 59.43 +0.71
SimpleFSL’ (Zhou 2 |
232‘5’; (Zhou 5\ former—T 85.29 +0.36 88.81 +0.31 48.46 + 0.38 5972 +0.39
&3 Visformer—T 86.50 034 89.09 030 49.00 038 59.82 +0.39

T FORAH R SR AL T A TR BT S B, = W78 95% HOY T35 DX ], — s I SORR % I 4 SR B0 U & ], IR R B
4R

#3 7E1-shot#15-shotiZ E T, minilmageNet #1 CIFAR-FS ##E £ F FARI#EB T{RAHBISIIR &L R
Table 3 Ablation results of different model variants on minilmageNet and CIFAR-FS under the 1-shot and 5—shot settings

) ZMEARL LR L 2253 SO FFREHR minilmageNet CIFAR-FS
B SL
S5-way 1-=shot S5—way 5-shot 5-way 1-shot S5—way 5—shot
64.08 £ 0.85 80.45 +0.57 71.54 +0.87 86.22'+0.59
N N 76.46 +0.37 83.08 +0.29 85.55 £ 0.36 88.86 = 0.30
N N 77.29 +0.34 83.16 = 0.29 86.12 + 0.36 88.92 + 0.29
N N N 7743  0.35 8322 029 86.50 034 89.09 0.30

Y+ VIR R 3 SUA S e, 2 )44 Bk SR 22 A4 35 AV BE 3 SC 43 3 IS RELASE 38 1 SCRARRS FEE 1 3L, SRR ikl

5
ZRARE L SCAS R B O T SO PR i 32 5 2 A0 A

RLEE T SO REAS 4D 7828 4% X LA I8 1Y Joy 3 Ja e A 2
SRR SRR R BIRE Ty o P, RE RS

T SCRE NS TR T SCRRE Pk 5 240719 0 i =2 18] B A F
7, 3L AR B T 3 3 R SE BRI T AL A B — i
SORPRBIREILAZ A
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3.4.2 RlEHT a 52

A 22 £ B AR P U R 5 28 A4 BRI L
T 58— 18 7R A Bamk , AR SO Rl A R
A G N o PEAT RO 0 A . B 445 T ANl a
U FAAYSE minilmageNet 55 CIFAR-FS /1Y 1-shot/5-
shot (£ 55 . Y a DN OIGINE 1 B, BEAY R R 2
e TG TR I a = 0. 4B IR E e i . ]
41, minilmageNet 5-way 1-shot FJVERIRIE a = 0. 4B
HUAHIEAE 77. 43%, SRIGTE a > 0. 4 PG FEAK . %
PG R B 5 A AR B E X REA RN B R A 1

(a) minilmageNetZ(#i%E  (b) minilmageNet £ 4

1-shot 45 5-shot 2 5
(a) 1-shot on minilma-= (b)  5-shot on minilma-
geNet geNet

SCHHRDRLE BB , Ay 5 R0 55 S At 5 B P Y
WL S PEZ 2R, DT T JEUR AR T 5 T2 a5 K
I, 2R JEE T SCAY e £ 6 T REAE 1 S5 [R] v oy
6 BT AR IR TO AR R S T, BE T 55 S L
FRAERIRRE X 55 o A, add /N 2x B 00REJE 1
AR TR , FASE Y B AR 2 44 T S, MELLTE 7 G2 2 44
e SO AR 2 S AN A AR TRI R, IR, e P Y
S T a = 0.4 0] LITETE SCIE B A RS E P A S
P 22 T TS R4, S BB AR RS ROCR . AR
BIBIE IR @ = 0. 4 E N 2R IR UL

(¢) CIFAR-FSEHEfE1- ~ (d) CIFAR-FSEURLE 5-

shot 25 shot 25 5
(¢) 1-shot on CIFAR-FS (d) 5-shot on CIFAR-FS

K4 AREES T o % minilmageNet , CIFAR-FS [ 51
Figure 4  Effect of different fusion factors @ on minilmageNet and CIFAR-FS

3.4.3  LMPCZEUR IR

203 SO SR PR R AR YRR R 2 R M AL
RIVERE . A SCHEAR R 03 SO BOR PRAL TR
TE minilmageNet 5-way 1-shot I B9 45 R UN3R 4 fr 7w
LMY I3 SRR 18NS 4 I, LR PR RE R R 5L
TSGR IE BN o S B TR RS R
SRRy B Z2 A Sr A ) rp DT 2R A [R) o
SCRE 345 WG R A 22 8] 6 R O 2R o o3 SRR D
I, AR L RE A AT BIR 572 8] PN R AT T S 45 A i A5
ASEH.MELIE 3 3R35 2 A B AR BE 1 SO AL S5 Y
HMLJEE | JR) ERAS A2 18] 22 545 1., PRI R AR BE
Z R RG] Mo SRR SR N F) 6 1, PR RE KT R
R o X ATREE R Ryt 203 302 S BURAS 128 W) 40 i
BRSO LE BE 08N , i SRR BERE Ak 5 TR
I, #A 3 SO 25 A TUAR SR A2 1 LR, 7
IINFEAR episode VI 2k 25 AR B2 B il R B A 24 Mg
BT A S T HI SRR ALBE ) . S5 KT,
AN 0 AR L RIBRE ) S8 A% B S
X FERRE M Z () MRAS T P A, PRHOAS SO
VERBRINT

3.4.4 A IJCHE2ZE HAUER 5
FEZ 53 SO0 SR 5 A 39 2 5k 22 A o
SERE X W) 0 5 A ARG R AR R A T PR AR U, LA ) P
PR 22 S R A MRS I s AL A 0 SO A . R IE
AR TTER , TR DR R AR TC B AR I S5 X
LA TOER 25 A HE AP L S5 R AN R 5

x4 ARHDZH=E1%E THEEFE minilmageNet 1
CIFAR-FS #i#5 5k F M REXTLL L5 R
Table 4 Performance comparison of the model under dif-

ferent numbers of branches on minilmageNet and CIFAR-

FS
minilmageNet CIFAR-FS
I soway 1= S—way 5—  S-way I-  S5-way 5—
shot shot shot shot

1 77.13 83.11 86.48 89.03

2 77.09 83.19 86.43 89.08

3 77.37 83.08 86.39 89.05

4 77.43 83.22 86.50 89.09

6 76.91 83.12 86.44 89.03
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TNo SEE W R 2 HACEE R /N IR — 30
PERECE | 0 B HAE 40 ) 5 W RS 7 T ELAR — o Al
BifEF . 7F minilmageNet 5-way 1-shot |-, il A 5% 2%
USSR 28 R 77. 43% , K A 20 e g 1
77. 04% A 4T+ 76 CIFAR-FS | i 86. 46% $2TF
£ .86. 50%, AR BL/NIR(A W] 52 A PR T W]
U, Bk 2 H A o Sl 2ok R R A 5 T AR B
FOHT AT T RS REAF 0 38 8 A, A R T B AR
ARG IR R IR TR UFE . 5K
8 FARHE R B I AR 5 15 21 9 1 X
348 i R A AL AR S RS S RS 2 ) A — B
15, FRE B SR, R T RS R AR I 4y St RE

5 EREINEREERAELHEEMRIRESR

Table 5 Ablation results on whether to introduce the

residual recalibration structure

minilmageNet CIFAR-FS
FRIETERL
" S5-way 1- S5-way 5—- S-way 1- S5-way 5-—
shot shot shot shot
A 7743 83.22 86.50 89.09
JC 77.04 83.20 86.46 89.07

T RIRFIR I LA R

3.4.5 AR

Nt — 2BVl P f ARt ok B3 BT AR
SCAE A R A 4 PR 55 R 45 3T SimpleFSL 5 TSMA-Net
1E 5-way 1-shot '8 T 1Y Z: 8 it . FLOPs Fl°F- K 4fE F
W) o Z5RANER 6 Fron . i TP R 5 i %k M
Visformer-Tiny /F N 58 & 1 [ 2%, H F 2GR
K H support/query ER B RFAESE I, Bt — 75 FLOPs
FEA —F(, 5 SimpleFSL A k. , TSMA-Net it 2 % 12
i1 10. 050M 3 i % 10. 383M , {3 /N2 3. 31%, Bt B
ARICGIARY 2253 SO0 55 FIE% 22 HASHELS 8 BAT BT
Y SEONRL

TEHEHR (8] 7 1T, TSMA-Net f1 T 51 A2 ] BE 15
SURE 2203 3OS Rk 22 TR HEFRAE , P X HE BRI
[8 f 51. 571ms/episode 34 fill 2 100. 804ms/episode .
JSAE A BRI (] A - F, {5 TSMA-Net 7£ minilma-
geNet 5-way 1-shot {L55 FARIS T 2. 11% B HERf R 2
Tk, R WL T L BEE AR ] 42252 9 52 2 FE RGN
WRE R P RMERE . JUAE 1-shot g 50 b DI
SRS HRAE RS A RUCKD T SCRAE A AR 11 i Y
AN T ) L RO A B R A B M R — A AR

P

%6 SimpleFSL 5 TSMA-Net F)#5 % & 2= FE Xt Lk
Table 6 Complexity comparison between SimpleFSL and
TSMA-Net

Dikes Params/M  FLOPs/G Acc/%

Time/ms

SimpleFSL 10.050  101.623 51571 +15 7532

TSMA-Net 10.383 101.624  100.804 £ 16 77.43

¥ : Params . FLOPs FIfE A (8] 4744 1-shot episode 4511
> episode £ 75 5 5K support 5 F1 75 5K query K% . CLIP 3C
A GBI GPT—4 15 A A hy g Beadt B, AT AT LR i 2
Hrj‘l‘ﬂ o

3.5 AR
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WHE T, SimpleFSL A RHIE 43 41 B8 B 8, 74—
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PR SR A 5 R I 2K TR 43 B, SR I IR S ORI
257 SO S RERS A SR TS AR AS 5 o e s R
AEFE

4 4 &

ASCHE T TSMA-Net, — i [ /MR AR 1555
FHIE SCHE L2 0 SR SE R4 o 205 R MAIE 55
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