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Figure: A conceptual illustration of a federated learning system.
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Background

Limitations of Current Federated Prompt Learning Evaluation Approaches

« Asystematic understanding of their underlying mechanisms and
principled guidelines for deploying these techniques in different FL
scenarios remain absent.

« Existing inconsistent experimental protocols, limited evaluation
scenarios, and the lack of the proper assessment of centralized PL
methods have obscured the essence of these algorithms.

To close above gaps, we introduce a comprehensive benchmark, named
FLiP, to achieve standardized FPL evaluation.
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Research Questions

* Q1: How effective are global and personalized prompt
models obtained by FPL methods?

 Q2: How do various real-world data distribution shifts
impact FPL?

 Q3: What are best practices for deploying these
techniques in different FL scenarios?

* Q4: What can we learn about cost-effectiveness from
different FPL methods?

« Q5: What are the remaining challenges in FPL?
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Benchmark Design

The System Design of the FLiP Benchmark
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Benchmark Statistics
* Decoupled FL and PL modules « 3 evaluation protocols
« Standardized data interfaces « 6 FPL scenarios
*  Various VL foundational models « 12 open datasets
L Extensible open-source codebase « 13 PL and FPL methods )
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Benchmark Results

Global Model Performance

Global @ | Caltech DTD  Aircraft Food Cars Flowers  Pets UCF | Avg. | #

ZS-CLIP | 86.0 41.7 16.6 77.9 55.5 65.3 85.7 61.5 | 61.3 | -
PromptFL 91.5+05 57.6+13 22.8+04 79_.2:!:0.1 62.0+04 84.0+1.7 89.4+05 70.1+08 69.6| -
FedOTP 91.8+01 58.0+08 21.9+04 78.7+01 62.8402 83.3+06 89.1+01 69.4+06 | 694 | 3
FedTPG 90.2+01 56.8+10 19.0+12 79.3+02 60.7+02 78.0+1.6 89.0+06 68.3+02 | 67.6 | 1
f-CoCoOp 91.7+03 54.7+10 179445 793401 60.7+05 76.4+07 89.1+01 68.0+09 | 67.2 | 2
Sf-PLOT 91.6+03 58.3+14 21.7+05 78.3+02 60.7+08 83.4+06 88.9+05 69.7+04 | 69.1 | 2
f-ProDA 91.6+03 57.2+11 23.1+07 79.1+02 62.3+05 84.0+08 89.3+04 T70.2+11 | 69.6 | §
f-ProGrad 90.7+02 57.1+10 21.7403 79.54+01 60.54+07 83.4+04 89.1+02 70.3+03 | 69.1 | 2
f-PromptSRC | 92.0+08 57.8+03 21.2+04 78.6+04 62.44+02 83.6+01 89.24+07 70.3+10 | 694 | 4
f-KgCoOp 91.8+02 58.2+08 23.0+0.1 79.4+02 61.7+07 83.9+05 89.4+02 70.4+07 | 69.7 | 5

PromptFL, combining CoOp and FedAvg, serves as a simple yet effective
baseline and is competitive on fine-grained datasets like Oxford-Pets and Flowers.
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Benchmark Results

Personalized Model Performance

Personal o, | Caltech DTD  Aircraft Food Cars  Flowers  Pets UCF | Avg. | #

ZS-CLIP | 86.0 41.7 16.6 77.9 55.5 65.3 85.7 615 | 613 | -
PromptEL, Q1 S+04 A9 5+41 R33R4+01 K2 1104a 677106 897100 8990 775+15 1 752 10
FedOTP 91.9+04 73.8+14 36.1+05 82.0+07 68.1+17 89.6+03 89.5+12 80.7+10 | 765 | 5

edTPG 89.9+04 66.8+06 31.64+03 81.9+03 66.2+02 86.0+04 88.9+08 /8.0+07 | /3.7 | 1
FedPGP 91.8404 68.0+05 35.24+04 81.0+02 66.7+06 84.1+16 87.4+03 77.8405 | 74.0 | 3
PromptFolio 91.6+03 70.24+04 34.6+05 82.0+03 67.4+02 89.2+05 89.4+02 79.2+06 | 75.5 | 4
DP-FPL 90.2+04 65.24+05 28.5+05 80.1+06 64.5+14 78.6+06 82.4+08 72.24+07 | 70.2 | O
f-CoCoOp 91.8404 70.3+30 34.0+17 81.8+06 67.4+07 86.4+19 89.5+09 77.1+09 | 74.8 | 3
f-PLOT 91.7+04 71.3+31 34.0+08 81.4+12 679+11 89.3+05 88.6+03 79.6+18 | 75.5 |5
f-ProDA 91.7+09 69.7+26 34.7+06 82.1+13 67.8+13 89.3+06 899+05 77.9+15 | 754 | 6
f-ProGrad 91.7+06 69.2+03 32.9+07 81.6+08 67.0+10 88.8+09 89.5+07 77.0+15 | 74.7 | 1
f-PromptSRC | 91.7+04 69.3+13 32.4+23 81.8411 67.6+11 89.2+17 89.3+17 78.2+11 | 749 | 2
f-KgCoOp 91.6+03 68.6+27 31.3+05 81.4+07 67.1+14 88.9+09 89.9+03 76.9+09 | 745 | 1

FedOTP generally outperforms other personalized methods, highlighting the
efficacy of distribution alignment in adapting to personalized data.
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Benchmark Results

Base-to-Novel Class Generalization

Caltech Aircraft Cars Flowers Avg.

Metric ] on On ap | o On ap | aop On an | ap On an| o on anl|#

ZS-CLIP | 882 92.6 903| 19.6 24.7 21.8| 59.5 68.1 63.5| 772 71.0 73.9|61.1 64.1 62.4|-

PromptFL |92.8+08 92.7+07 92.6+02|20.9+04 24.7+05 22.6+02|63.0+0.7 67.6+07 65.240.1|79.94+29 69.3+07 74.2+1.0|64.1 63.8 63.8] -
FedOTP |93.1+02 93.7+04 93.4+0.1|21.0+08 23.7+1.0 22.24+08|62.1+0.1 66.0+0.7 64.0+0.4|81.0+06 68.7+19 74.3+12|64.3 63.0 63.5|2
FedTPG |93.6+04 90.0+06 91.8404|19.5+03 22.7+05 21.0+05|66.4+02 67.7+02 67.0+0.2|75.0+03 66.0+05 70.2+04|63.6 61.6 62.5|2
FedPGP |93.2+04 92.7+1.1 92.9+05(19.84+1.0 19.2+21 19.5+08|63.7+1.4 67.8407 65.7+09|80.7+1.4 66.8+1.7 73.1+1.2|64.3 61.6 62.8|2
f-CoCoOp |92.7+08 93.6+06 93.1+02|18.0+2.1 17.1+24 17.2+22(62.8+06 66.7+03 64.7+02|79.4+14 70.7+18 74.8+06|63.2 62.0 62.4|2
Sf-PLOT |93.4+06 93.5+10 93.5+08|19.0+08 23.4+04 21.0+04|62.4+05 65.4+14 63.840.7|78.7+3.0 68.3+13 73.1+06|63.4 62.6 62.8|1
Jf-ProDA  [93.0+04 92.7+1.1 92.8404(22.0+£05 25.1+£1.1 23.4+06[63.3+07 6/.7+04 65.44+02|77.9+£0.7 69.6+05 7/3.5+0.1{64.0 63.83 63.8|3
f-ProGrad |93.2+04 93.0+04 93.1404|21.6405 25.2+16 23.3404|64.24+06 67.9+05 66.0+0.3|80.3+1.1 70.6+05 75.2+02|64.7 64.2 64.3|4
f-SRC 90.2+02 93.0+0.1 91.6+0.1|21.7+1.0 24.9+10 23.1+08|61.2+02 67.1+03 64.0+0.1|78.9+1.1 70.2+08 74.3+0.7|62.3 63.8 62.8|3
f-KgCoOp |93.5+04 93.4+10 93.4+05(22.3+07 25.1+05 23.6+05|63.7+03 67.5+03 65.6+0.1|79.6+27 68.9+12 73.9+05|64.8 63.7 64.1|3
Regularization prevents overfitting and balances base and novel class metrics,
without it (PromptFL) is less effective.
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Benchmark Results

Cost-Performance Tradeoff

¢ FedOTP = f.ProDA J-SRC = f2CoCoOp
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(a) Number of prompts: {1,2,4}. (b) Number of tokens: {4, 8,16}.

Extra learnable parameters (CoCoOp) do not necessarily improve performance
but could be detrimental to computational and communication efficiency.

L RN 2 S- DEPARTMENT OF
5 UNIVERSIDADE DE MACAU | COMPUTER AND INFORMATION SCIENCE 9

UNIVERSITY OF MACAU W




Benchmark Results

Few-shot Accuracy

—f4— PromptFL ~ —f— fCoCoOp  —+— fProGrad

—f— FedOTP —— fPLOT f-SRC
k= | 1 2 4 8 16 | Avg. ‘ # —I— FedTPG : f-PrODA + f—KgCOOp
T 20 Q104 A2 1100 AAd N1nAn AS R 100 A7 Oinn 42 7 50-
|FedOTP 41.0+02 43.9+01 46.4+02 48.2+02 49.4+01 | 45.8 | 5
FedTPG 40.1+06 41.9+04 424+02 44.2+04 464402 | 41.8 | 1 .
f-CoCoOp | 382+04 419402 433403 45403 453202 | 428 |0 &4
f-PLOT 39.5+02 41.7+01 43.2+04 453104 463+01 | 432 | O Y
f-ProDA 40.3+01 42.0+03 44.0+02 45.6+03 47.2+03 | 43.8 | 2 g
p. | 28 A1 no 26 7 104 2 A1~ 2Q Q 1 14y 20 QR 1 ny 27 Q N 8 40_
-SRC 41.6+04 42.6+05 444405 45.0+02 46.1+02 | 43.9 | 3 <
f-KgCoOp | 39.6+04 42.0+06 43.6+09 46.3+02 46.5+03 | 43.6 | 1
851
1 2 4 8 16
Number of Shots

Methods that use multiple prompts (e.g., FedOTP, f-ProDA, f-SRC) perform best
in few-shot scenarios, indicating ensemble helps reduce sample selection bias.
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Benchmark Results

Feature Shift Heterogeneity

Feature Shift | Clipart Infograph Painting Quickdraw  Real Sketch | Avg. | #

ZS-CLIP | 548 40.9 48.8 6.0 77.7 493 | 446 | -
PromptFL 59.6+02  45.6+03 53.7+03 8.9+0.1 79.8401 54.2+02 | 48.1+0.1
FedOTP 58.4+02  45.2+01 53.4+02 9.0+0.1 79.24+01  53.2+01 | 47.7+0.1
FedTPG 59.8+0.1 45.8403 53.6+0.2 8.5+0.2 79.94+03 54.0+03 | 47.9+03
f-CoCoOp 60.0+0.1  46.1+02 53.0+03 9.1+02 79.84+02 54.2+02 | 48.1+02
f-PLOT 58.54+03  44.8+02 53.0+0.1 9.0+0.4 79.2+01  53.3+0.1 | 47.6+0.1

f-ProDA 59.5+02  45.6+0.1 53.8+0.2 9.0+0.2 79.6+0.1 54.0+03 | 48.0+0.1
f-ProGrad 58.8402  44.5+02 52.5+0.1 7.5+02 80.0+0.1  53.0+0.1 | 47.3+0.1
f-SRC 59.0+01  44.6+04 52.6+0.1 7.8+0.1 79.7+01  52.9+0.1 | 47.3+0.1
f-KgCoOp 59.9+0.1 45.9+0.2 53.6+0.1 8.8+0.1 80.2+01 54.1+01 | 48.2+0.1

| O = W= U W=

It remains challenging to counteract the adverse impact of feature shift for all
evaluated FPL methods.
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Benchmark Results

Cross-domain Generalization

Table 8: Comparing the cross-domain performance of FPL methods. Here, the source domain
is ImageNet (IN), and the target domains are ImageNet-A(dversarial), -R(endition), and -

S(ketch), respectively denoted as IN-A, IN-R, IN-S.

Cross-domain oqn_s. IN-A IN-R IN-S Avg. #
ZS-CLIP 21.7 56.1 334 37.1 -
PromptFL 24.9+04 58.2+03 35.6+06 | 39.6 -
FedOTP 23.8403 58.3+08 35.2+t04 | 39.1 1
FedTPG 24.5+04 58.6+06 35.7+03 | 39.6 2
f-CoCoOp 24.0+06 59.8+11 36.0+10 | 399 2
f-PLOT 23.8+07 57.5+t03 34.6+06 | 386 0
f-ProDA 24.7+17 58.3+06 35.6+08 | 395 1
f-ProGrad 23.5+11  58.3+05 35.5+12 | 39.1 1
f-SRC 24.0+07  58.74+09 35.1+05 | 39.3 1
|_f-KgC00p 24.7+12 58.7+14 359407 | 39.8 2

Test-time image feature injection and self-regularization contribute to improving

the robustness against cross domain shift.
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