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els has shown remarkable flexibiliry across various down-
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typically restricted these methods 10 modest backbone ar-
chitectures, hindering their feature capacity and resulting in
performance limitations and training istability [14].

Recenly, ision-language pe-trained models lke Con-

cent
models into federated leaming frameworks 1o simultane

ously reduce communication costs and promote local train-
ing on insuffcient data. Despite these efforts, current fed.
erated prompt learning methods lack specialized designs
0 systematically address severe data hetemogeneities, €.

data distribution with both label and feature shifs imvolved.
To address this challenge, we present Federated Prompts
Cooperation via Optimal Transport (FedOTP), which intro
duces efficient collahorative prompt leaming strategies o
capture diverse category tnuits on a per-client basis. Specif-
ically. for each client. we learn a global prompt o exiract
consensus knovledge among clients, and a local prompt
1o capture cletspecic calesory characteristics. Unbal-

trastive La Pretnining (CLIP) [60] have
hown poteatial i leaming robust and versatile rprescaa
tions suitable for vatious image distibations. aligning with
the objectives of federated leaming. However, the substan-
tial communication overhead between the server and clients
renders training CLIP in federated learning frameworks.
Besides, overfitling concers may arise when large-scale
models are trained with limited clicat data. Prompt leaming
46 75] provides a flexible way t0 adapt pre-trained models
o downstream tasks by training only additional parameters.
This cnables prompts o capture task-specific information
while guiding the fixed model's performance. Leveraging
its lightweight nature, prior rescarch (27, 76] has explored
the integration of prompt learning into federated leaming to
overcome the problems outhined above.
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Abstract

In this paper, we introduce FedMGP, a new paradigm for personalized federated
prompt learning in vision-language models (VLMs). Existing federated prompt
learning (FPL) methods ofien rely on a single. text-only prompt representation,
which leads to client-specific overfitting and unstable aggregation under heteroge-
neous data distributions. Toward this end, FedMGP equips each client with multiple
groups of paired textual and visual prompts, enabling the model to capture diverse,
fine-grained semantic and instance-level cues. A diversity loss is introduced to
drive each prompt group to specialize in distinct and complementary semantic
aspects, ensuring that the groups collectively cover a broader range of local charac-
teristics. During communication, FedMGP employs a dynamic prompt aggregation
strategy based on similarity-guided probabilistic sampling: each client computes
the cosine similarity between its prompt groups and the global prompts from the
previous round, then samples 5 groups via a softmax-weighted distribution. Tlus
soft selection h aligned k

[1] Guo, T., Guo, S., Wang, J., Tang, X., & Xu, W. (2023). PromptFL: Let federated participants cooperatively learn prompts instead of models — federated learning in age of foundation model. IEEE Transactions on Mobile Computing.
[2] Li, H., Diao, E., He, C., Li, Z., Zhao, L., Song, W., Zhu, J., Zhang, S., & Daumé lll, H. (2024). Global and local prompts cooperation via optimal transport for federated learning. In CVPR.
[3]1Bo, W., Sun, Y., Wang, Y., Zhang, X., & Li, Z. (2025). FedMGP: Personalized federated learning with multi-group text-visual prompts. In NeurlPS.
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of the whole model, both the local training and the global ag- width, and unreliable and limited device availability.
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I[1D EXTREME NON-IID LEARNABLE
BENCHMARK METHOD Accuracy? F-17 Accuracy? F-17 PARAMETERS
Rn50 Vit Rn50 Vit Rn50 Vit Rn50 Vit Rn50 Vit
PrROMPTFL 90.18 94.65 86.09 91.76 88.72 94.12 8398 9048 0.1% 0.01%
Caltech101 Finetuning FL 90.02 93.1 84.72 89.07 29.78 2989 122 12.2 100% 100%
FL from scratch 32.41 3249 10.51 12.89 - - - - 100% 100%
PrROMPTFL 88.14 90.5 87.62 90.14 66.3 7475 60.14 69.13 0.1% 0.01%
Flowers102 Finetuning FL 92.6 91.9 91.56 90.7 244 245 10.68 11.18 100% 100%
FL from scratch 33.17 38 25.7 32.5 - - - - 100% 100%
PrROMPTFL 88.5 92.89 8844 928 87.03 89.51 8685 8845 0.1% 0.01%
OxfordPets Finetuning FL 90.38 92.1 90.06 9192 2483 2527 11.3 11.93 100% 100%
FL from scratch 10.25 8.722 7.624 8.318 - - - - 100% 100%
ProOMPTFL 78.0 8575 779 85.66 78.1 85.88 78.03 85.8 0.1% 0.01%
Food101 Finetuning FL 69.28 76.68 69.08 76.85 2292 238 10.19 10.73 100% 100%
FL from scratch 21.11 21.03 19.75 19.92 - - - - 100% 100%
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Abstract

Prompt learning in pretrained visual-language mod-
els has shown remarkable flexibility across various down-
stream tasks. Leveraging its inherent lightweight nature, re-
cent research attempted to integrate the powerful pretrained
models into federated learning frameworks to simultane-
ously reduce communication costs and promote local train-
ing on insufficient data. Despite these efforts, current fed-
erated prompt learning methods lack specialized designs
to systematically address severe data heterogeneities, e.g.,

typically restricted these methods to modest backbone ar-
chitectures, hindering their feature capacity and resulting in
performance limitations and training instability [74].

Recently, vision-language pre-trained models like Con-
trastive Language-lmage Pretraining (CLIP) [60] have
shown potential in learning robust and versatile representa-
tions suitable for various image distributions, aligning with
the objectives of federated learning. However, the substan-
tial communication overhead between the server and clients
renders training CLIP in federated learning frameworks.
Besides, overfitting concerns may arise when large-scale

[2] Li, H., Diao, E., He, C., Li, Z., Zhao, L., Song, W., Zhu, J., Zhang, S., & Daumé lll, H. (2024). Global and local prompts cooperation via optimal transport for federated learning. In CVPR.
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typically restricted these methods to modest backbone ar-
chitectures, hindering their feature capacity and resulting in
performance limitations and training instability [74].

Recently, vision-language pre-trained models like Con-
trastive Language-lmage Pretraining (CLIP) [60] have
shown potential in learning robust and versatile representa-
tions suitable for various image distributions, aligning with
the objectives of federated learning. However, the substan-
tial communication overhead between the server and clients
renders training CLIP in federated learning frameworks.
Besides, overfitting concerns may arise when large-scale
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FedOTP= 2. H[O]E{Al0fiA SOTA 24, PromptFL CHH| W2 +19%p 0|4t M5 SkAt
Methods Food101 DTD Caltech101 Flowers102 OxfordPets
Local Training
Zero-Shot CLIP [60] 75.27+0.05 40.21+0.12 85.14+0.24 62.17+0.12 84.47+0.10
CoOp [78] 82.54+2.42 82.69+0.63 90.41+0.44 88.23+0.76 94.52+1.30
Prompt-based Federated Learning
PromptFL [27] 74.81£0.64 50.46+0.54 87.90+0.54 73.68+1.58 88.17+1.18
PromptFL+FT [24] 77.16x1.56 53.74+1.36 89.70+£0.25 72.31+091 91.23+0.50
PromptFL+FedProx [42]  73.96+0.75 50.89+0.71 87.80+1.10 74.14+0.65 87.25+1.48
PromptFL+FedPer [ 1] 71.29+1.87 50.23+x0.82 86.72+1.45 72.11+x1.35 89.50+1.62
PromptFL+FedAMP [32] 74.48+1.71 47.162£0.92 87.31x1.60 69.10+0.13 80.21+0.44
pFedPrompt [26] 02.26+£1.34 77.14+£0.09 96.54+1.31 86.46+0.15 91.84+£0.41
FedOTP (Ours) 92.73+£0.15 87.67x0.70 97.02+0.36 96.23+0.44 98.82%0.11

[2] Li, H., Diao, E., He, C., Li, Z., Zhao, L., Song, W., Zhu, J., Zhang, S., & Daumé lll, H. (2024). Global and local prompts cooperation via optimal transport for federated learning. In CVPR.
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Local Training

Zero-Shot CLIP [60] 8.72+1.73 12.4843.78 8.53+4.32 9.31+0.69 9.13+£2.55 11.96£2.80  10.02+2.65
CoOp [78] 44.40+14.89 45.68+16.53 47.21£18.20 41.13£20.62 48.02+2449 3947+5.68 44.32+16.74
Prompt-based Federated Learning

PromptFL [27] 9.31+6.53 12.5849.91 8.23+ 847  14.79£12.07 937+10.82  748+11.32  10.29+10.35
PromptFL+FedProx [42]  9.84+6.60  11.16x11.17 10.64+6.79 13.40+16.09  9.39+7.69 6.78+11.76  10.20£10.99
FedOTP (Ours) 46.14+6.53  60.14+18.23 452+16.86  38.66+7.60 49.30+17.80 49.02+24.22 48.08+15.21

« Unbalanced OT 7|2F FedOTPZ| Similarity Averaging 5! Classical OTEL} MEHO = JHE =2 M52 B

Datasets Foodl01 DTD Caltech101 Flowers102 OxfordPets
Number of shots 2 3 2 8 2 8 2 8 2
FedOTP (Similarity Averaging) 83.38+0.54 87.59+£1.05 81.01+0.23 88.17+0.73 92.68+0.44 96.73+0.29 91.73+£0.68 97.09+0.18 96.23+0.25 98.34+0.15
FedOTP (Classical OT) 88.07£0.63 89.77+0.62 81.42+0.99 88.43+0.45 93.17+0.68 96.80+0.23 92.84+1.34 97.07+0.25 96.55+0.26 98.51+0.27
FedOTP (Unbalanced OT) 89.12+0.28 92.94+0.18 85.50+£0.35 90.25+0.74 95.05+x0.49 97.34+0.18 93.96+0.48 98.23+0.32 97.73+x0.57 99.02+0.38
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Abstract

In this paper, we introduce FedMGP, a new paradigm for personalized federated
prompt learning in vision-language models (VLMs). Existing federated prompt
learning (FPL) methods often rely on a single, text-only prompt representation,
which leads to client-specific overfitting and unstable aggregation under heteroge-
neous data distributions. Toward this end, FedMGP equips each client with mul-
tiple groups of paired textual and visual prompts, enabling the model to capture
diverse, fine-grained semantic and instance-level cues. A diversity loss is intro-
duced to drive each prompt group to specialize in distinct and complementary se-
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% Experiments
«  97HH|O|E{Ml 7|= Local / Base / Novel /| CM X|HZ 7|& WHHEN M5 H|
«  FedMGP=E 5! CHEE2| H|0|E{Allof| A SOTA EHE, £6| CM X|H 81.852 |11 s

(a) Average over 9 datasets. (b) OxfordPets. (g) UCF101. (h) SUN397.
Methods Local Base Novel | CM Methods | Local Base Novel | CM Methods | Local Base Novel | CM Methods Local Base Novel | CM
PromptFL [17] 71.19 7170 7146 | 71.31 PromptFL [17] 89.77 90.01 97.20 | 91.62 PromptFL [17] | 77.08 7694 70.36 | 75.29 PromptFL [17] 7625 7620 75.68 | 76.09
FedOTP [27] 92.53 16.84 31.66 | 57.10 FedOTP [27] 100.00 26.68 57.16 | 68.19 FedOTP [27] 9239 1633 19.07 | 54.99 FedOTP [27] 9340 1138 19.11 | 53.83
FedTPG [41] 71.62 7191 68.32 | 70.66 FedTPG [41] 9424 9431 96.64 | 94.85 FedTPG [41] 7622 7596 72.09 | 75.10 FedTPG [41] 7372 7371 75.17 | 74.08
FedPGP [9] 84.32 7245 6897 | 77.42 FedPGP [9] 96.20 95.01 96.89 | 96.07 FedPGP [9] 82.61 7178 68.45 | 76.34 FedPGP [9] 89.43 66.51 67.43 | 78.20
PromptFolio [37] | 96.02 39.75 51.02 | 70.29 PromptFolio [37] | 99.90 66.23 83.38 | 86.86 PromptFolio [37] | 96.15 31.94 42.00 | 66.22 PromptFolio [37] | 95.18 32.80 4447 | 66.50
FedMGP | 93.17 6849 7299 | 81.85 FedMGP | 97.15 93.83 97.04 | 96.28 FedMGP 9269 6838 72.86 | 81.62 FedMGP 91.83 6851 72.20 | 81.07
(c) Flowers102. (d) DTD. (i) Stanford Cars. (j) FGVC Aircraft.
Methods Local Base Novel CM Methods Local Base Novel | CM Methods \ Local Base Novel \ cM Methods Local Base Novel | CM
PromptFL [17] 7033 7179 75.39 | 71.94 PromptFL [17] 5532 57.06 4432 | 52.60 PromptFL [17] | 62.98 63.14 69.87 | 64.66 PromptFL [17] 2503 2503 24.48 | 24.89
FedOTP [27] 99.73 13.06 21.51 | 57.99 FedOTP [27] 96.44 20.06 41.23 | 61.71 FedOTP [27] 91.06 932 10.62 | 50.49 FedOTP [27] 6434 727 812 | 36.01
FedTPG [41] 7943 7892 7326 | 77.71 FedTPG [41] 56.90 5926 40.46 | 52.49 FedTPG [41] 65.50 6547 69.10 | 66.37  FedTPG [41] 12.00  12.00  4.50 | 9.27
FedPGP [9] 91.83 80.22 68.46 | 82.85 FedPGP [9] 7847 6722 5093 | 68.21 FedPGP [9] 8537 57.63 60.19 [ 72.13  FedPGP [9] 47.59 2589 22.39 | 35.94
PromptFolio [37] | 99.82 27.36 39.34 | 66.05 PromptFolio [37] | 97.18 26.53 37.39 | 64.11 PromptFolio [37] | 96.44 29.43 46.77 | 66.28 PromptFolio [37] | 82.50 12.29 17.09 | 48.40
FedMGP 98.41 70.06 7471 | 85.36 FedMGP 9287 53.60 5562 | 73.73 FedMGP | 92.61 5648 71.19 | 7780  FedMGP | 7846 21.03  30.15 | 51.62
(e) Caltech101. (f) Food101.
Methods | Local Base Novel | CM Methods | Local Base Novel | CM
PromptFL [17] 94.16 9535 94.98 | 94.66 PromptFL [17] 89.75 89.79 90.86 | 90.04
FedOTP [27] 99.96 2828 62.26 | 69.43 FedOTP [27] 95.44 19.16 45.89 | 61.24
FedTPG [41] 96.17 97.16 91.92 | 95.32 FedTPG [41] 90.36 90.42 91.78 | 90.73
FedPGP [9] 96.91 97.35 94.37 | 96.37 FedPGP [9] 90.51 90.48 91.12 | 90.65
PromptFolio [37] | 99.79 73.69 81.10 | 88.50 PromptFolio [37] | 97.24 5740 67.64 | 79.67
FedMGP | 99.47 96.02 93.61 | 97.13 FedMGP 95.08 88.47 89.53 | 92.04
k Ll M‘Im’hg [3] Bo, W., Sun, Y., Wang, Y., Zhang, X., & Li, Z. (2025). FedMGP: Personalized federated learning with multi-group text-visual prompts. In NeurlPS
A Y Quality Analytics T T e ' ' ' '
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% Experiments

97l CI0|E{All 7|2 Local / Base / Novel /| CM X | E=2 7| = it
1=

=
M

[ = s
+  FedMGP= 4 % CHEEC| H|O|E{AINIA SOTAEM S5
(a) Average over 9 datasets. (b) OxfordPets.

Methods Local Base Novel | CM Methods | Local Base Novel | CM
PromptFL [17] 71.19 7170 7146 | 71.31 PromptFL [17] 89.77 90.01 97.20 | 91.62
FedOTP [27] 92.53 16.84 31.66 | 57.10 FedOTP [27] 100.00 26.68 57.16 | 68.19
FedTPG [41] 71.62 7191 68.32 | 70.66 FedTPG [41] 9424 9431 96.64 | 94.85
FedPGP [9] 84.32 7245 6897 | 77.42 FedPGP [9] 96.20 95.01 96.89 | 96.07
PromptFolio [37] | 96.02 39.75 51.02 | 70.29 PromptFolio [37] | 99.90 66.23 83.38 | 86.86
FedMGP | 93.17 6849 7299 ‘ 81.85 FedMGP 97.15 9383 97.04 | 96.28

(c) Flowers102. (d) DTD.

Methods Local Base Novel CM Methods Local Base Novel | CM
PromptFL [17] 70.33  71.79 7539 | 71.94 PromptFL [17] 55.32 57.06 44.32 | 52.60
FedOTP [27] 99.73 13.06 21.51 | 57.99 FedOTP [27] 96.44 2006 41.23 | 61.71
FedTPG [41] 7943 7892 7326 | 71.71 FedTPG [41] 56.90 59.26 40.46 | 52.49
FedPGP [9] 91.83 80.22 68.46 | 82.85 FedPGP [9] 78.47 67.22 50.93 | 68.21
PromptFolio [37] | 99.82 27.36 39.34 | 66.05 PromptFolio [37] | 97.18 26.53 37.39 | 64.11
FedMGP 98.41 70.06 74.71 | 85.36 FedMGP 092.87 53.60 55.62 | 73.73

(e) Caltech101. (f) Food101.

Methods | Local Base Novel | CM Methods | Local Base Novel | CM
PromptFL [17] 94.16 9535 9498 | 94.66 PromptFL [17] 89.75 89.79 90.86 | 90.04
FedOTP [27] 99.96 28.28 62.26 | 69.43 FedOTP [27] 95.44 19.16 45.89 | 61.24
FedTPG [41] 96.17 97.16 9192 | 95.32 FedTPG [41] 90.36 90.42 91.78 | 90.73
FedPGP [9] 96.91 97.35 9437 | 96.37 FedPGP [9] 90.51 90.48 91.12 | 90.65
PromptFolio [37] | 99.79 73.69 81.10 | 88.50 PromptFolio [37] | 97.24 5740 67.64 | 79.67
FedMGP | 99.47 96.02 93.61 \ 97.13 FedMGP 95.08 88.47 89.53 | 92.04
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Quality Analytics
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(g) UCF101. (h) SUN397.
Methods | Local Base Novel | CM Methods Local Base Novel | CM
PromptFL [17] 77.08 7694 70.36 | 75.29 PromptFL [17] 76.25 76.20 75.68 | 76.09
FedOTP [27] 92.39 1633 19.07 | 54.99 FedOTP [27] 9340 11.38 19.11 | 53.83
FedTPG [41] 76.22 7596 72.09 | 75.10 FedTPG [41] 73.72  73.71  75.17 | 74.08
FedPGP [9] 82.61 7178 68.45 | 76.34 FedPGP [9] 89.43 66.51 67.43 | 78.20
PromptFolio [37] | 96.15 3194 42.00 | 66.22 PromptFolio [37] | 95.18 32.89 44.47 | 66.50
FedMGP ‘ 92.69 6838 72.86 ‘ 81.62 FedMGP 91.83 68.51 72.20 | 81.07
(i) Stanford Cars. (j) FGVC Aircraft.

Methods | Local Base Novel | CM Methods | Local Base Novel | CM
PromptFL [17] 6298 63.14 69.87 | 64.66 PromptFL [17] 25.03 25.03 2448 | 24.89
FedOTP [27] 91.06 9.32 10.62 | 50.49 FedOTP [27] 64.34 7.27 8.12 36.01
FedTPG [41] 65.50 6547 69.10 | 66.37 FedTPG [41] 12.00 12.00 4.50 9.27
FedPGP [9] 85.37 57.63 60.19 | 72.13 FedPGP [9] 4759 2589 22.89 | 3594
PromptFolio [37] | 96.44 2943 46.77 | 66.28 PromptFolio [37] | 82.50 12.29 17.09 | 48.40
FedMGP ‘ 9261 5648 71.19 ‘ 77.80 FedMGP ‘ 78.46 21.03 30.15 | 51.62

[3]1Bo, W., Sun, Y., Wang, Y., Zhang, X., & Li, Z. (2025). FedMGP: Personalized federated learning with multi-group text-visual prompts. In NeurlPS.
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% Experiments

<Ablation study on prompt length>

<Ablation study on Prompt Groups>

Class &F: 7H, 10|, ALKt EHX]

[Train]

Setting Local Base Novel | CM Setting | Local Base Novel | CM
FedMGP (I=4) |97.18 72.49 72.17 | 84.75 FedMGP (mm=4) | 96.60 73.28 73.99 | 85.12
FedMGP (1=8) |98.05 64.00 64.91 |81.25 FedMGP (m=3) | 89.95 77.68 74.48 | 83.00

_ FedMGP (m=2) | 82.88 82.15 74.05 | 80.38
FedMGP (I=16) | 97.62 57.47 61.56 |78.53 FeMGP (i) | 78.85 7968 7067 | 76,88
FedMGP (I=2) 96.92 73.23 74.65 |85.43 FedMGP (m=5) [ 96.92 73.23 74.65 | 85.43

nEnEs} Y Q3lE M5 s

<Ablation study on the impact of
vision and text prompt>

Setting ‘ Local Base Novel | CM

FedMGP (Vision Only) |75.94 76.48 72.92 |75.30
FedMGP (Text Only) 95.23 73.60 73.80 | 84.46
FedMGP (Vision + Text) ‘ 96.92 73.23 74.65 | 85.43

Text Only CHH| Vision+Text 0|5 TEXEJIH &3
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<Ablation study on Top-s>

Novel

74.10
74.85 | 84.39
74.89 | 81.93

74.65 | 85.43

CM
84.72

Base

69.17
76.88
79.44

73.23

Setting

FedMGP (Top-s=1)
FedMGP (Topk-s=3)
FedMGP (Topk-s=4)
FedMGP (Topk-s=2)

‘ Local

97.88
92.93
86.77

96.92

LR %2 IF Mef A| 2UQ3 HE 23t

< Ablation study on £, >

Setting

|L0cal Base Novel| CM

FedMGP (w/o Lgiv) | 94.53
FedMGP (Lay=2)
FedMGP (L4iv=5)
FedMGP (L4y=10) | 95.78

72.97
74.88
73.50
73.09

72.48 | 83.63
74.98 | 85.35
74.31|85.13
74.35 | 84.75

95.78
96.35

FedMGP (Lgv=1) |96.92

73.23 74.65 |85.43

[3]1Bo, W., Sun, Y., Wang, Y., Zhang, X., & Li, Z. (2025). FedMGP: Personalized federated learning with multi-group text-visual prompts. In NeurlPS.
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Jll Conclusion

Vision Language Models-based Prompt Tuning for Federated Learning

* How to apply VLM prompt tuning in Federated Learning?

1. PromptFL(2024, IEEE Transactions on Mobile Computing) : FL 2HA0|A| EIAE A0l TET EOLS SHE-ZIA[St=
« VLM ZA| mi2(0|E] CHA RIAE TETE HIEOL 3R - 4 H| 0.01%=2 =

« B FedAvg Zi7|2 HI|O[E] O] &Y 2E0HA 7HRlet F=F Hxi

=

2. FedOTP (2024, CVPR): Global/Local 0|5 HIAE TEIE + Unbalanced OTZ H|O|E{ 0|2 H =5
- SL0[EE 3E XA Jelst HE E2[5I0 SAl0 &5

- HAE TRIEN2F =3 HIFE modality 2 X

3. FedMGP (2025, NeurlPS) : Multi-group Text-Visual 0|5 TETEZ HIAEE HO| H|FH7EX| 2

= O

«  Diversity LossZ Z} JE0| M2 CHE 2|0|1X EZof| &HE

«  Dynamic Aggregation@ =2 QAISH S0 EN|2| MEHE TIA|

Daota M‘\ﬂ\’hg [1] Guo, T., Guo, S., Wang, J., Tang, X., & Xu, W. (2023). PromptFL: Let federated participants cooperatively learn prompts instead of models — federated learning in age of foundation model. IEEE Transactions on Mobile Computing.
ﬁ Quality Analvti [2] Li, H., Diao, E., He, C., Li, Z., Zhao, L., Song, W., Zhu, J., Zhang, S., & Daumé Ill, H. (2024). Global and local prompts cooperation via optimal transport for federated learning. In CVPR.
@ uality Analytics [3]1Bo, W., Sun, Y., Wang, Y., Zhang, X., & Li, Z. (2025). FedMGP: Personalized federated learning with multi-group text-visual prompts. In NeurlPS.
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