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Abstract

Multi-Label Recognition (MLR) based on Vision-Language001
Models (VLMs) aims to leverage their pre-trained knowl-002
edge to better adapt complex recognition scenarios, thereby003
enhancing model robustness. However, for realistic decen-004
tralized applications requiring federated learning, adapting005
VLMs to each client that possesses private and heteroge-006
neous data can cause the model to overfit spurious label007
correlations, consequently triggering irrelevant categories008
when encountering new samples. To tackle this problem,009
we reconsider the federated learning for MLR with a causal010
model, in which we adopt a front-door adjustment and de-011
couple the MLR modeling process by intermediate variables012
that magnify the oracle label co-occurrence. Guided by our013
analysis, we propose our FedMPT, the first method specifi-014
cally designed for federated MLR. The core idea of FedMPT015
is to leverage generalizable conditions to steer federated016
MLR to mitigate erroneous label activations. To achieve017
this, FedMPT introduces an Large Language Model (LLM)-018
driven pipeline to decipher the underlying conditions that019
govern label dependencies. Furthermore, we introduce an020
optimal transport between the condition-enriched prompts021
and the image patches to uncover multiple region-level se-022
mantics. Finally, we generate synergistic predictions from023
different conditions with a crafted gating mechanism. Ex-024
periments on multiple benchmark datasets show that our025
proposed approach achieves competitive results and outper-026
forms SOTA methods under varied settings. Code is avail-027
able in the Supplementary Material.028

1. Introduction029

Multi-Label Recognition (MLR) aims to identify all pos-030
sible labels in a single image. Owing to its alignment031
with real-world requirements, MLR has found wide appli-032
cation [4, 5, 21, 63]. Early methods primarily focused on033
modeling inter-label co-occurrences [9, 10, 15, 55], refining034
the models’ attention on local regions [17, 60] or balanc-035
ing the positive-negative gradients [46]. Recently, emerging036
efforts incorporate prompting pretrained Vision-Language037
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Figure 1. (a): Comparison of class-activation map for “Cat” and
top-3 predictions on the training image (a, upper) and test im-
age (a, lower). Existing SOTAs are prone to overfitting spurious
correlation (i.e., cat-chair) and diverting attentions under FL,
while our FedMPT effectively alleviates these issues. (b): As data
heterogeneity increases, existing SOTAs show significant degra-
dation, while our FedMPT demonstrates substantial robustness.

Models (VLMs) [23, 29, 30, 33, 43] for MLR owing to their 038
remarkable zero-shot generalization abilities learned from 039
web-scale image-text pairs. For instance, DualCoOp [51] 040
and PosCoOp [44] adapt the prompt learning to MLR by 041
learning two collaborative prompts for each class; ML- 042
VPT [37] introduces distinct prompts for correlative and 043
distinctive classes; SPARC [39] and CCD [26] unravel the 044
inherent bias of VLMs to MLR as uneven score distribution 045
across labels, then mitigate this bias for enhanced zero-shot 046
learning and knowledge distillation respectively. 047

Although most MLR methods are designed for central- 048
ized settings where the model has full access to the dataset 049
space, real-world applications often necessitate a decentral- 050
ized architecture [12, 38, 48, 50, 65] (i.e., Federated Learn- 051
ing, FL) where each client only possesses a heterogeneous 052

1

REDACTED

REDACTED



and private portion of the data. The long-standing research053
focuses of FL (with VLMs) lies on modeling the common-054
ality and specificity of client distributions, for example,055
FedCoOp [18], PromptFL [18] and FedTPG [42] introduce056
shared prompts with FedAvg [38] to learn generic knowl-057
edge across clients; FedPGP [12] and FedOTP [28] intro-058
duces the local-global prompt collaboration for balancing059
generic and customized modeling. Notably, to the best of060
our knowledge, all existing VLM-based FL methods are061
built for single-label recognition and consistently overlook062
the practical challenges of MLR.063

Diving into the integration of MLR and FL, we present a064
critical two-fold dilemma: first, if we directly train MLR065
SOTAs [44, 48, 52] on each client and aggregate their066
weights via FedAvg, the global model would learn ex-067
cessively spurious [37] label correlations and show severe068
performance degradation under increasing data heterogene-069
ity [47]. Second, conventional FL methods are ill-suited to070
MLR, as they fail to capture the inherent inter-dependencies071
between labels, similarly resulting in correlation overfitting072
and incomplete retrieval. Figure 1.a illustrates an exam-073
ple: the aggregated global model of existing SOTAs (Dual-074
CoOp [51] and FedMVP [48]) overfits to the cat-chair075
correlation, spuriously boosting the chair score upon see-076
ing a cat in inference, meanwhile diverting their prediction077
confidence to ground-truth labels. Figure 1.b summarizes078
mAP of different methods under varied data heterogeneity079
across clients (induced via clustering). We observe that ex-080
isting SOTAs unanimously show sharp degradation despite081
their strong performance in near-IID settings (i.e., 10%).082

To further understand MLR under FL, we reconsider it083
with a Structural Causal Modeling (SCM) in Section 3.2.084
Our key findings are that semantic variables learned from085
pre-training and control the content of images and labels,086
can be naturally divided into generic and client-specific087
variants. Overfitting the latter would lead to degraded gen-088
eralization. Then, from the perspective of front-door adjust-089
ment, our objective is to identify an intermediate variable090
that maximizes the oracle label correlations.091

Guided by our analysis, we propose our FedMPT, a novel092
condition-driven framework specifically designed for MLR093
under FL. FedMPT is built on a foundational idea: to lever-094
age multiple, complementary conditions to intervene the095
MLR tasks. Concretely, we first devise an LLM-driven096
pipeline to generate generic abstract condition templates,097
which are incorporated into prompts for soft prompt learn-098
ing; These condition prompts are then aligned with rele-099
vant image regions via optimal transport to produce multi-100
ple diverse, condition-specific predictions. Finally, inspired101
by the expert routing mechanism in LLMs [3, 8], we intro-102
duce an adaptive gating mechanism to automatically adjust103
condition contributions in each client. We incorporate the104
Asymmetric Loss (ASL) as our training objective. In one105

communication round, all clients share their learnable pa- 106
rameters with the server, which aggregates them via FedAvg 107
to form a unified global model. Comprehensive evaluations 108
on three MLR benchmarks across various federated settings 109
demonstrate that FedMPT substantially outperforms exist- 110
ing SOTA methods and exhibits remarkable robustness. Ad- 111
ditional analyses validate the efficiency of our approach. 112
Our contribution can be summarized as: 113
• We identify and formalize the novel problem of Multi- 114

Label Recognition (MLR) under realistic federated sce- 115
narios and unveil the vulnerability of existing methods. 116

• From a causal perspective, we attribute the intricacy of 117
MLR under FL as the overfitting to local distributions and 118
label correlations. Guided by our analysis, we propose 119
FedMPT, which leverages multiple conditions to syner- 120
gistically learn generic semantics across clients. 121

• Extensive experiments on three benchmarks show that 122
FedMPT achieves state-of-the-art performance and ex- 123
hibits remarkable robustness under various federated set- 124
tings. Further ablations to highlight its efficiency. 125

2. Related Work 126

Multi-Label Recognition (MLR). Multi-Label Recogni- 127
tion (MLR) demands the precise identification of all rel- 128
evant labels in an image and naturally has broad real- 129
world applications. Traditional MLR methods approaches 130
have primarily focused on modeling class specifications 131
and correlations; One line of work [7, 10, 54] incorpo- 132
rate text embedding graphs of labels to model the simi- 133
larity of classes; Another line [22, 36, 40, 45] dives into 134
the local regions and discover the class-specific visual cues 135
from each crop; More recently, the advancement of Vision- 136
Language Models (VLMs) like CLIP has inspired a new 137
direction for MLR: For instance, CDUL [1] devises an un- 138
supervised framework where global and local knowledge 139
are fused to generate pseudo labels for unlabeled sam- 140
ples; Concurrently, SPARC [39] and CCD [26] identify 141
the inherent class bias in VLMs and explicitly mitigates 142
this bias to achieve superior performance. Another notable 143
progress lies in incorporating prompt learning to VLM- 144
MLRs, for example, DualCoOp [51] and DualCoOp++ [19] 145
introduce two prompts to model the object existence/non- 146
existence in each image patch; RAM [52] introduces a local 147
knowledge guided aggregation scheme for open-vocabulary 148
MLR; PosCoOp [44] enhances DualCoOp with an uncon- 149
ditioned prompt for object absence modeling. 150
Federated Learning (FL) with VLMs. Federated Learn- 151
ing (FL) [38, 48, 50, 65] has emerged as a pivotal paradigm 152
for enabling decentralized and privacy-preserving training 153
on heterogeneous data. The application of FL to VLMs has 154
seen significant evolution. Initial methods introduce prompt 155
learning on each client with FedAvg to aggregate prompt 156
weights [18]; Subsequent research incorporates granular 157
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learnable modules like adapters [35] or prompt genera-158
tors [13, 42, 48]. For example, FedMVP [48] generates vi-159
sual embeddings with image tokens and LLM-attribute em-160
beddings through a specialized cross-modal PromptFormer;161
Some other methods endeavor to harmonize the local and162
global knowledge [12, 28], for example, FedOTP [28] re-163
strains the contribution of local/global prompts via margin-164
adapted optimal transport. Concurrently, FL is being ex-165
plored in various specialized domains, including continual166
learning [61, 64], test-time adaptation [2, 24], autonomous167
driving [27], and interpretability [34].168

3. Preliminaries and Problem Analysis169

3.1. Preliminaries170

Multi-Label Recognition (MLR) with VLMs. We first171
summarize a baseline [44, 51] for MLR with VLMs built on172
prompt learning: given a typical VLM (CLIP) that employs173
dual encoders for processing multi-modal information, let174
Ev and Et denote the image and text encoder respectively;175
Given the input (x,y) where label y ∈ RC (C is the num-176
ber of classes), CLIP encodes x into M -length visual em-177
beddings v0 with Ev; for the text modality, we fill all class-178
names into learnable templates (initialized as A photo of a179
[CLASS]), yielding prompt p; p is encoded into text em-180
beddings t with Et. The operations at layer i of Ev , Et are:181

[clsi,vi] = Eiv([clsi−1,vi−1]),v0 = Emb(x)

[boti,pi,eoti] = Eit ([boti−1,pi−1,eoti−1]),
(1)182

where [·, ·] means concatenation, cls,bot,eot represent183
the cls (class), bot (begin-of-text) and eot (end-of-text) to-184
kens. Emb is the patch embedding layer, vi is the patch em-185
beddings of layer i. The output projection Pt is applied to186
eotL to generate the text embedding, i.e., ft = Pt(eotL).187
For the visual modality, instead of using the global rep-188
resentation clsL, this baseline projects vL into the fi-189
nal patch-level output embeddings fv(v), i.e., fv(v) =190
Pv(v

L). The final prediction is calculated by selectively ag-191
gregating the predictions over patches (similarity between192
fv(v) and ft) based on their softmax-normalized weights:193

P(yc|x) =
∑
m

exp(sm,c/τ)∑
c′ exp(sm,c′/τ)

· sm,c, (2)194

where sim(·, ·) represents the cosine similarity in default,195
sm,c = sim(fv(vm),ft,c) is the cosine similarity between196
patch m and class c. τ is the temperature. The final logits197
are optimized with the Asymmetric Loss (ASL) [46] to han-198
dle optimization imbalance of positive and negative classes:199

Lasl = (1− P)γ+y log(P) + (Pc)γ−(1− y) log(1− Pc) (3)200

where Pc = max(P − c, 0) is for truncating negative pre-201
dictions, which is controlled by the hard threshold c. We set202
the hyper-parameters as γ− ≥ γ+, so that ASL would better203
down-weight the contribution of easy negative samples.204

Federated Learning (FL). Following previous stud- 205
ies [42, 48], we consider a standard FL system comprising 206
K remote client models {ρk}Kk=1 running optimization on 207
their local data Dk, as well as a server G for coordination by 208
aggregating and broadcasting parameters. We follow a non- 209
IID federated setup where local data for different client are 210
heterogeneous; to achieve this under MLR settings, we clus- 211
ter the dataset based on the image features extracted from 212
zero-shot ViT/B-16, then assign each cluster to one client. 213
The objective is to learn an optimal global model ρ aggre- 214
gated from clients with the minimum risk L, undergoing ϕ 215
communication rounds with a client participation rate of ϵ: 216

L = minρ

∑K

k=1
pkLk(ρ,Dk;G[ϕ; ϵ]), (4) 217

where pk represents the weight of k-th client and set to 218
|Dk|/

∑
Dl∈Dk

|Dl|, where |Dk| is the size of Dk. 219

3.2. Problem Analysis 220

This subsection formalizes the problem of MLR under FL 221
from a causal perspective. Our proposed Structural Causal 222
Model (SCM) is depicted in Figure 2, where nodes repre- 223
sent variables during pre-training or fine-tuning, and edges 224
denote causal relationships. Unobservable and observable 225
variables are highlighted in red and gray, respectively. 226

Concretely,Do means the pre-training data, which deter- 227
mines the semantic factors F which controls the semantics 228
of input space D and output space Y . As shown in Figure 229
2.a, under the federated learning scenario, F can be divided 230
into generic factors Fg which capture transferable knowl- 231
edge across clients and are the target of finetuning, and Fs, 232
which encapsulate client-specific semantics that may induce 233
overfitting to local spurious correlations. Notably,Fs is also 234
influenced by manual factorsM like data partitioning poli- 235
cies. The image content is a mixture of both, whereas the 236
labels can only be derived from the generic factors Fg . 237

Our objective is to maximize the influence of Fg while 238
minimizing that of Fs during training. This enables an un- 239
biased estimation of the causal effectX → Y . However, the 240
insufficiency of local training data and its dramatic gap with 241
inference data makes our modeling biased and capturing a 242
collection Fg,s of both Fg and Fs (Figure 2.b), resulting in 243
a backdoor-path of D ← Fg,s → Y . To tackle this issue, 244
we incorporate a well-known front-door adjustment [56, 62] 245
by introducing an intermediate variable R (Figure 2.c) that 246
ideally reflects the causality between X and Y . We can then 247
identify P (Y|do(X )) with front-door adjustment: 248

P (Y|do(X )) = EP (r|x)EP (x′)P (Y |r, x′) (5) 249

where x, r denote specific values of X and R. The core 250
challenge thus reduces to constructing r that accurately cap- 251
tures the oracle causal mechanism X → Y . In the next 252
section, we’ll introduce our FedMPT, which incorporates 253
condition-guided learning and gating to meet our analysis. 254
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Figure 2. Structural Causal Model (SCM) for MLR under FL.

4. Methodology255

This section introduces our proposed FedMPT, comprising256
condition prompt generation (§4.1), condition-guided opti-257
mal transport (§4.2), condition gating (§4.3), and the feder-258
ated communication process (§4.4).259

4.1. Condition Prompt Generation260

How can we maximize the adjustment of variable r of SCM261
in §3.2? Since directly learning from the datasets leads to262
spurious correlations and degraded generalization, we pro-263
pose to intervene MLR with certain conditions that approxi-264
mate the oracle causalities and label correlations: Recalling265
the instance of Figure 1.a, we tend to accept the cat-chair266
concurrent predictions under conditions of “indoor scene”,267
“wooden textures”, and “lying actions”; Thus, the model268
will reduce cat’s weight when faced with a (table, beach)269
image, where some conditions are not satisfied.270

Pursuing this idea, our goal is to generate a set of generic,271
broad, and fine-grained conditions that can be shared across272
all clients. Our strategy is to fix some abstract conditions273
and leave the specific and contextualized contents learnable.274
To generate the abstract conditions, we employ an LLM-275
driven pipeline (Figure 3) with Chain-of-Thought (CoT)276
following [31]. Concretely, we first prompt the LLM to277
generate as many descriptions as possible for each possible278
combination of dataset categories; thanks to the rich knowl-279
edge embedded in LLMs, we can acquire the characteristics280
and existence conditions of various label combinations at281
this stage. Then, we prompt LLM to summarize N distinct282
abstract conditions which would exactly encapsulate label283
correlations; finally, we obtain several abstract conditions284
like “spatial layout”, “object pose”, “background”, etc.285

To integrate these abstract conditions into the learning286
process, we populate them into the “[COND]” slot of the287
following template, yielding prompts p† = {p†1, ...,p

†
C}:288

[L1]· · · [Lβcond
] [COND] [L1]· · · [Lβcls

] [CLASS],289

where [L·] means the learnable tokens, βcond, βcls control290
the number of condition-level and class-level tokens respec-291
tively. Critically, the former ones are specified for each con-292
dition, while the latter ones are shared by all classes. p† is293
maintained in the server and distributed to all clients in the294
communication phase. We denote ft(p†) as the output text295
embeddings of p† processed by the text encoder. Concrete296
conditions and more discussions are in Sup. Mat. D.297

Please give a detailed description for each possible combination of the following

categories in one sentence. Categories: Aeroplane, Bicycle, Bird, Boat, Bottle,…

Given these descriptions, Please summarize several distinct and general 

conditions under which true class correlations can be reliably represented.

Aeroplane-bicycle: A bicycle leans against the wing of a small aeroplane on an 

airfield, with a bright sky and hangar in the background. Aeroplane-bird: A bird 

flies near an aeroplane in the clouds, the scale contrast emphasizing the vast sky...

Spatial layout, object pose, background, lighting/weather, object scale,…

Figure 3. Our proposed LLM-based condition generation pipeline.

4.2. Condition-guided Optimal Transport 298

To better align the generated condition prompts with region- 299
level fine-grained visual semantics, we devise an Optimal- 300
Transport (OT) between output patch embeddings (denoted 301
as fv(v) in the above) and the condition prompts received 302
from the server. Specifically, we first introduce M adapters 303
{Am}Mm=1 (corresponding to attributes) over fv(v) to gen- 304
erate new visual latent spaces, where each adapter is a 305
LoRA-like [53, 58] architecture for efficiency: 306

f†
v,n(v) = An(fv(v)) = W↑(W↓(fv(v))), (6) 307

where W↓ ∈ RD×Ds ,W↑ ∈ RDs×D, D/Ds is the output / 308
down-projected latent dimension. The OT aims to find an 309
optimal plan P∗ ∈ RM×N×C that minimizes the distance 310
between distributions, i.e., P∗ = OT(C;a, b), where C ∈ 311
RM×N×C represents the cost-matrix, a ∈ RN , b ∈ RM 312
are constrained marginal distributions. C is calculated with: 313

Cm,n = 1−
exp(sim(f†

v,n(vm),ft(p
†
n))/τ)∑

m exp(sim(f†
v,n(vm),ft(p

†
n))/τ)

. (7) 314

We also denote S = 1 − C, i.e., the original region-text 315
similarity. We keep b as the uniform distribution so that all 316
categories yield equal change to be detected in the image. 317
For a, inspired by recent finding [6] indicating that regions 318
yield different contributions of semantics, we set a as the 319
semantic importance of each patch, calculated by: 320

am,n =
exp(H(sim(f†

v,n(vm),ft(p
†
n)))/τ)∑

m exp(H(sim(f†
v,n(vm),ft(p

†
n)))/τ)

, (8) 321

where H denotes the self-entropy. To calculate OT more 322
efficiently, we introduce entropy relaxation to approximate 323
the results with the Sinkhorn [49] algorithm, formulated as: 324

P=diag(U)Mdiag(V), U = {um}Mm=1,V={vn}Nn=1, (9) 325

where U , V are updated with the following recurrent form: 326

um←
a∑

nMm,nvn
, vn←

b∑
nMm,nun

,M= exp(
−C
λ

) (10) 327

With the OT applied across all classes for each conditioned 328
prompt, we finally obtain N similarity maps between re- 329
gions and classes. For each client, we calculate the Wasser- 330
stein distance ψ ∈ RN×C by class for each condition, 331
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Figure 4. Overview of our proposed FedMPT framework. (a) The LLM-generated conditions are instantiated into Condition Prompts (CPs),
which are encoded into text embeddings. For a given image, its visual feature map is aligned with these prompt embeddings via Optimal
Transport (OT). The contributions of different conditions are then adaptively calibrated by a gating module. (b) At each communication
round, the server aggregates the parameters of CPs, adapters, and gating modules and distributes the updated parameters back.

which reflects the affinity of each class to the visual regions332
and calculated via ψn =

∑
m Pm,nSm,n. Consequently,333

we treat ψ as conditioned predictions, i.e., Pn = ψn.334

4.3. Condition Gating335

While the conditional prompting and OT matching mitigate336
overfitting to local spurious correlations in MLR, the rele-337
vance of each condition may not always remain the same338
across clients due to data heterogeneity. To ensure robust339
generalization, we introduce a gating mechanism that dy-340
namically adapts the influence of each condition. Specif-341
ically, inspired by Mixture-of-Experts (MoE) [53, 57] in342
LLMs, we leverage a router ω ∈ RD×N to dynamically343
determine the contribution of different conditions and ag-344
gregate their predictions:345

ω = Ω(fv(v)); P′ =
∑

n

exp(ωn)∑
n′ exp(ωn′)

Pn, (11)346

where Ω ∈ R is a similar LoRA module like {Ai}.347

4.4. Local Training and Federated Average348

Local Training. Each client optimizes the local model us-349
ing their private data via the above asymmetric loss (ASL):350

L = (1− P′)γ+y log(P′) + (P′
c)

γ−(1− y) log(1− P′
c) (12)351

Recall that γ+,γ− are hyper-parameters to control the con-352
tribution of positive/negative regularizations. Ablations of353
these hyper-parameters are in Sup. Mat. B.354
Federated Average. In one communication round, the355
server collects the updated weights of condition prompts p,356
adapters {Am}Mm=1 and gates Ω from clients, where they’re357
aggregated among different clients Clit with FedAvg [38]:358

{p, {Am}Mm=1,Ω} ←
1

K

∑
t
Clit({p, {Am}Mm=1,Ω}) (13)359

The aggregated weights are sent to clients for the subse-360
quent training. The above steps are repeated for R rounds.361

5. Experiments 362

Benchmarks. We systematically evaluate the effective- 363
ness of FedMPT under the federated MLR setting with 364
three benchmarks: ❶ Heterogeneity Benchmark, which as- 365
sesses model robustness to varying degrees of data het- 366
erogeneity across clients. To achieve this goal, the 367
training dataset is first partitioned into S clusters ac- 368
cording to their visual embeddings from ViT/B-16, then 369
each data cluster is assigned to a client. We change 370
S by varying t(%), the proportion of the class size C. 371
❷ Federated Part-Annotation Benchmark, which evaluates 372
the models’ robustness to insufficient annotations by ran- 373
domly masking ‘Mask’ class annotations in the training set. 374
The heterogeneity setting t is kept as 60% for this bench- 375
mark. We employ three datasets for the above benchmarks: 376
VOC2007 [16], COCO2014 [32], and NUS-wide [11]. 377
Furthermore, to assess models’ real-world applicability, 378
we adopt ❸ Federated Real-world MLR Benchmark[52], 379
which incorporates two remote sensing datasets: Multi- 380
Sense [20] and MLRSNet [41]. t = 60%. We evaluate 381
the performance of the global model on the test sets. (For 382
methods [12] that also maintain local private parameters in 383
clients, we evaluate the performance of each client on the 384
test sets and average them). Following [37], we report the 385
three most important metrics in all benchmarks: Mean Av- 386
erage Precision (mAP), per-category F1-score (CF1), and 387
overall F1-score (OF1). All reported results are the average 388
of 3 independent runs. Experiments on other datasets, finer 389
settings, or benchmarks (like ZSL [51]) are in Sup. Mat. A. 390

We select the following competitive baselines spanning 391
MLR, FL and Prompt Learning for comprehensive compar- 392
isons: DualCoOp [51], SCPNet [14], PosCoOp [44] and 393
RAM [52], which are competitive baselines of MLR with 394
VLMs; MaPLe [25]&TCP [59], which are typical repre- 395
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Table 1. Results on the Heterogeneous Benchmark. We report the mAP, per-category F1 (CF1) and overall F1 (OF1) with the client number
varies from 10% to 100% of the class number. The best results are marked with bold.

VOC2007
t = 10% t = 20% t = 40% t = 60% t = 80% t = 100% AvgMethods Venue mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1

Fed-DualCoOp NeurIPS’22 87.67 81.32 81.91 85.98 78.84 76.16 85.73 78.33 76.44 84.46 77.13 75.25 83.76 75.44 73.89 82.02 75.00 74.73 84.94 77.68 76.40
Fed-SCPNet CVPR’23 83.37 78.74 77.86 81.15 74.68 76.05 80.03 74.05 74.09 79.89 66.04 73.45 76.51 74.29 71.13 76.48 74.06 70.64 79.57 73.64 73.87
Fed-MaPLe CVPR’23 84.22 78.00 82.36 87.87 81.27 80.70 84.36 76.35 75.82 81.82 73.73 73.55 80.71 70.65 72.04 76.08 68.13 70.89 82.51 74.69 75.89

FedPGP ICML’24 85.47 77.97 79.81 84.51 76.76 77.66 84.47 75.99 73.97 79.89 72.72 67.48 76.60 68.71 66.52 78.16 69.30 68.35 81.52 73.58 72.30
Fed-TCP CVPR’24 81.56 76.02 79.23 81.15 72.41 79.50 80.65 78.93 80.44 77.32 78.38 78.89 76.50 76.64 73.50 76.42 71.52 76.48 78.93 75.65 78.01
FedTPG ICLR’24 88.11 81.13 78.05 85.23 81.26 77.73 85.95 79.05 78.54 84.23 77.37 78.68 84.45 77.29 76.13 82.72 76.67 75.87 85.12 78.80 77.50

Fed-PosCoOp WACV’25 87.42 80.67 79.51 84.71 82.77 77.86 82.53 80.90 76.97 81.65 80.31 76.43 80.71 80.17 75.79 79.90 78.26 75.08 82.82 80.51 76.94
FedAWA CVPR’25 84.75 78.57 80.41 83.17 76.06 78.35 81.77 75.11 79.99 79.48 72.26 79.24 78.81 70.49 77.68 78.22 70.73 70.15 81.03 73.87 77.64
Fed-RAM CVPR’25 88.05 81.50 81.98 86.24 81.27 80.70 85.50 79.74 80.01 85.68 79.24 78.90 85.53 79.56 72.84 83.04 77.00 68.99 85.67 79.72 77.24
FedMVP ICCV’25 87.14 80.24 82.30 86.86 79.32 80.22 86.64 79.00 79.93 85.61 79.37 80.65 84.87 79.23 75.60 82.43 79.56 77.92 85.59 79.45 79.44
FedMPT Ours 90.13 84.33 86.82 90.12 84.91 83.23 90.01 84.42 84.31 90.00 83.88 84.56 89.61 83.72 80.36 87.19 81.31 82.43 89.51 83.76 83.62

∆ Prev. best \ +2.02 +2.83 +4.46 +2.25 +2.14 +2.53 +3.37 +3.52 +3.87 +4.32 +3.57 +3.91 +4.08 +3.55 +2.68 +4.15 +1.75 +4.51 +3.84 +3.25 +4.18
COCO2014

t = 10% t = 20% t = 40% t = 60% t = 80% t = 100% AvgMethods Venue mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1
Fed-DualCoOp NeurIPS’22 61.88 58.34 62.15 58.39 54.11 59.82 55.95 51.99 57.17 53.80 49.55 58.33 52.28 48.34 57.86 51.46 48.57 56.95 55.63 51.82 58.71

Fed-SCPNet CVPR’23 60.96 57.96 59.70 57.68 52.91 57.45 52.79 53.09 53.50 50.10 50.73 55.36 48.40 48.84 45.61 46.67 42.25 47.75 52.77 50.96 53.23
Fed-MaPLe CVPR’23 64.83 61.28 64.45 62.98 58.40 62.16 61.80 58.25 57.43 60.81 57.83 55.89 55.83 51.76 52.54 47.24 49.97 50.13 58.92 56.25 57.10

FedPGP ICML’24 63.10 61.09 65.36 59.86 58.35 64.78 58.21 57.52 62.16 58.18 55.79 60.87 56.52 52.36 60.85 54.53 53.19 53.54 58.40 56.38 61.26
Fed-TCP CVPR’24 62.66 61.50 67.16 62.79 57.46 62.69 61.77 53.16 60.13 60.07 52.46 57.72 59.99 50.93 55.78 57.22 47.75 53.56 60.75 53.88 59.51
FedTPG ICLR’24 63.91 59.39 64.70 61.34 56.05 55.72 60.95 55.47 51.31 60.54 54.52 54.18 54.53 51.63 53.92 50.88 53.18 52.97 58.69 55.04 55.47

Fed-PosCoOp WACV’25 63.28 58.69 62.57 59.94 55.71 60.91 55.88 50.41 60.13 53.23 49.58 59.37 50.95 50.03 58.04 50.02 48.06 56.09 55.55 52.08 59.52
FedAWA CVPR’25 65.58 60.72 61.20 62.09 59.73 60.50 61.47 57.58 59.14 60.14 56.67 59.46 59.01 52.69 58.77 57.57 49.65 57.73 60.98 56.17 59.47
Fed-RAM CVPR’25 66.06 60.98 62.89 63.08 57.97 64.45 59.97 57.97 64.45 60.85 56.95 62.73 60.88 53.00 56.25 55.64 50.37 55.04 61.08 56.21 60.97
FedMVP ICCV’25 65.76 58.06 64.01 63.19 56.75 65.48 62.26 57.20 63.51 60.60 53.42 62.66 59.56 51.84 59.51 58.48 50.42 55.30 61.64 54.62 61.75
FedMPT Ours 67.37 62.88 67.57 65.91 60.38 67.11 65.31 59.10 66.07 63.86 58.46 64.32 63.09 57.19 63.68 62.37 56.96 62.80 64.65 59.16 65.26

∆ Prev. best \ +1.31 +1.38 +0.41 +2.72 +0.65 +1.63 +3.05 +0.85 +1.62 +3.01 +0.63 +1.59 +2.21 +4.19 +2.83 +3.89 +3.77 +5.07 +3.01 +2.78 +3.51
NUS-Wide

t = 10% t = 20% t = 40% t = 60% t = 80% t = 100% AvgMethods Venue mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1
Fed-DualCoOp NeurIPS’22 51.02 45.89 69.00 49.97 44.36 65.30 46.25 41.62 67.02 42.69 37.11 66.10 40.65 35.69 60.28 39.40 34.54 59.04 45.00 39.87 64.46

Fed-SCPNet CVPR’23 49.56 42.11 65.63 47.61 39.98 59.46 43.31 40.92 62.04 39.28 36.51 60.45 38.61 39.98 58.46 38.49 39.02 53.23 42.81 39.75 59.88
Fed-MaPLe CVPR’23 54.78 46.69 72.32 53.68 42.13 71.12 51.34 40.69 73.32 51.62 43.40 72.53 50.98 43.68 72.70 51.20 40.99 70.59 52.27 42.93 72.10

FedPGP ICML’24 55.92 46.48 75.91 53.41 43.27 75.28 53.78 43.07 72.56 49.64 44.82 72.79 48.45 42.58 72.47 43.20 42.72 71.73 50.73 43.82 73.46
Fed-TCP CVPR’24 54.46 48.23 70.42 51.93 46.57 70.20 50.91 45.65 69.96 48.28 42.47 65.44 47.20 41.75 66.80 48.89 40.50 63.17 50.28 44.20 67.67
FedTPG ICLR’24 53.01 50.69 73.32 52.78 47.66 72.50 50.00 46.72 69.52 50.40 44.21 70.47 49.92 43.89 67.10 49.46 42.55 65.46 50.93 45.95 69.73

Fed-PosCoOp WACV’25 52.88 47.96 70.38 50.64 45.89 70.20 48.77 42.69 68.66 42.39 39.15 68.04 40.62 35.12 64.33 40.08 32.76 60.11 45.90 40.60 66.95
FedAWA CVPR’25 54.67 47.61 74.51 53.91 45.52 70.33 50.40 43.74 71.60 52.87 43.22 71.51 52.75 43.02 66.89 50.71 41.13 66.53 52.55 44.04 70.23
Fed-RAM CVPR’25 56.35 48.89 76.07 54.05 47.89 76.40 53.51 45.69 74.33 52.25 40.69 74.38 52.61 42.12 72.98 51.20 40.69 70.35 53.33 44.33 74.09
FedMVP ICCV’25 53.20 48.37 77.80 53.32 46.39 77.10 51.90 45.21 75.14 52.98 43.43 75.02 51.33 42.79 74.55 51.08 40.16 72.90 52.30 44.39 75.42
FedMPT Ours 58.36 51.56 78.98 57.27 49.29 77.93 57.03 48.14 76.73 56.52 46.88 76.94 56.08 45.73 76.60 54.87 45.03 76.81 56.69 47.77 77.33

∆ Prev. best \ +2.01 +0.87 +1.18 +3.22 +1.40 +0.83 +3.25 +1.42 +1.59 +3.54 +2.06 +1.92 +3.33 +1.84 +2.05 +3.67 +2.31 +3.91 +3.36 +1.82 +1.91

sentations of prompt learning with VLMs; FedPGP [12],396
FedTPG [42], FedAWA [47] (For the fairness of compari-397
son, we apply FedAWA to the prompt learner of CoOp [66])398
and FedMVP [48], which are state-of-the-arts of federated399
learning with VLMs. Notably, for methods that are not400
originally designed for federated scenarios, we alter their401
methodology by training a local model for each client (with402
their original cross-entropy loss altered to Lasl mentioned403
in Sec 3.1) and aggregating the weights of their learnable404
modules with FedAvg. We add a “Fed-” prefix to the names405
of these methods to highlight our modification. More de-406
tails of datasets and baselines are in Sup. Mat. C..407

Implementation Details. We employ CLIP (ViT-B/16)408
with both encoders frozen and the SGD optimizer with a409
maximum learning rate of 0.001. The batch-size is 32. λ is410
0.2. τ=4. The length of learnable tokens for conditions and411
classes βcond, βcls is 4. The training epoch for VOC2007412
and Multi-scene is 100; For COCO2014, NUS-Wide, and413

MLRSNet, it’s 200. A communication round is conducted 414
after one epoch by default. Epoch and round settings are 415
the same for all methods for fairness. The client number S 416
and participation rate ϵ vary in different experiments. 417

5.1. Experiment Results 418

Results of Heterogeneity Benchmark. We report the re- 419
sults in Table 1, where we draw the following key obser- 420
vations: (a) directly transferring standard prompt learning 421
methods like TCP and MaPLe yields unsatisfying perfor- 422
mance and robustness to heterogeneity changes (a maximal 423
degradation of about 8.14% in mAP), potentially stemming 424
from their neglect of contextual region semantics; (b) al- 425
though applying MLR methods to federated scenario yields 426
competitive performance, they’re comparably vulnerable to 427
increased heterogeneity for severe overfitting to local data; 428
(c) SOTAs of federated learning like FedTPG and FedMVP, 429
generally achieve top-tier performance (82.72%, 82.43%) 430
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Table 2. Comparison of FedMPT and other methods on the Federated Part-Annotation Benchmark. We report the mAP, CF1 and OF1 with
the part-annotation setting Mask varying from 10% to 90%. The best results are marked with bold.

VOC2007
Mask = 10% Mask = 30% Mask = 50% Mask = 70% Mask = 90% AvgMethods Venue mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1

Fed-DualCoOp NeurIPS’22 82.52 76.86 76.58 80.52 75.00 74.73 77.65 72.65 69.98 74.43 66.72 63.39 61.28 53.89 50.96 75.28 69.02 67.13
Fed-SCPNet CVPR’23 78.81 70.83 72.60 73.55 72.04 65.77 70.97 70.06 70.62 67.46 60.09 55.04 64.73 56.51 52.93 71.10 65.91 63.39
Fed-MaPLe CVPR’23 81.27 75.59 73.49 81.16 75.46 74.11 78.50 76.30 74.11 70.60 65.60 64.75 59.53 58.64 48.62 74.21 70.32 67.02

FedPGP ICML’24 79.96 73.81 63.81 76.71 66.44 64.05 72.96 67.81 63.81 68.29 66.27 59.70 66.05 60.54 50.65 72.79 66.97 60.40
Fed-TCP CVPR’24 76.42 76.00 72.50 75.42 74.09 72.54 72.43 70.03 70.59 70.35 68.90 67.86 67.51 62.80 55.90 72.43 70.36 67.88
FedTPG ICLR’24 84.19 77.45 76.93 82.68 75.31 67.00 82.18 68.19 56.87 80.00 65.85 59.29 68.24 58.68 57.09 79.46 69.10 63.44

Fed-PosCoOp WACV’25 81.18 76.44 73.29 79.86 76.13 72.96 78.50 64.62 71.73 73.87 65.63 67.74 60.27 58.90 54.65 74.74 68.34 68.07
FedAWA CVPR’25 80.81 70.70 72.94 75.37 69.16 65.68 75.82 69.66 65.87 72.59 67.45 57.16 68.22 55.27 56.92 74.56 66.45 63.71
Fed-RAM CVPR’25 87.89 77.03 75.93 85.42 75.78 73.41 82.30 74.84 72.93 79.58 72.67 68.41 68.09 63.18 59.84 80.66 72.70 70.10
FedMVP ICCV’25 85.27 79.10 76.23 84.34 76.83 75.99 82.09 74.20 73.07 80.64 75.03 70.15 66.53 62.89 58.40 79.77 73.61 70.77
FedMPT Ours 89.40 83.06 81.12 87.40 82.12 81.48 88.75 80.86 79.71 86.18 81.32 74.47 74.24 66.23 64.93 85.19 78.72 76.34

∆ Prev. Best \ +1.51 +3.96 +4.19 +1.98 +5.29 +5.49 +6.45 +4.56 +5.60 +5.54 +6.29 +4.32 +6.00 +3.05 +5.09 +4.54 +5.11 +5.57
COCO2014

Mask = 10% Mask = 30% Mask = 50% Mask = 70% Mask = 90% AvgMethods Venue mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1
Fed-DualCoOp NeurIPS’22 52.44 47.09 56.86 39.56 42.05 37.50 26.55 28.57 22.04 22.72 24.40 21.50 20.96 22.97 12.76 32.45 33.02 30.13

Fed-SCPNet CVPR’23 50.11 46.30 55.80 38.75 35.24 33.56 23.08 26.73 23.71 24.46 26.82 20.74 21.15 14.82 13.70 31.51 29.98 29.50
Fed-MaPLe CVPR’23 57.95 54.96 56.32 36.86 39.54 30.13 25.16 27.78 25.22 22.61 24.36 22.82 20.86 18.49 17.23 32.69 33.03 30.34

FedPGP ICML’24 58.14 51.23 54.25 35.30 38.89 38.32 23.12 29.44 20.36 21.57 28.09 20.84 23.14 16.19 17.15 32.25 32.77 30.18
Fed-TCP CVPR’24 57.88 50.20 55.15 40.70 41.85 25.07 24.61 27.73 30.54 22.57 24.51 19.57 21.00 18.48 12.57 33.35 32.55 28.58
FedTPG ICLR’24 60.49 52.85 53.17 42.71 40.08 41.60 21.40 25.88 26.74 23.28 25.32 22.97 20.93 16.55 14.65 33.76 32.14 31.83

Fed-PosCoOp WACV’25 52.18 49.70 54.06 39.70 40.04 40.58 27.03 23.68 27.23 22.49 24.98 23.67 19.77 13.00 19.57 32.23 30.28 33.02
FedAWA CVPR’25 58.80 52.55 58.94 38.40 38.06 39.30 28.06 28.80 34.64 21.00 26.81 24.50 18.37 18.16 23.13 32.93 32.88 36.10
Fed-RAM CVPR’25 60.80 55.85 59.89 42.68 42.82 50.34 29.79 33.25 38.51 24.86 27.63 26.42 20.26 19.52 23.50 35.68 35.81 39.73
FedMVP ICCV’25 58.80 53.75 55.10 41.64 39.51 45.52 28.46 28.19 36.07 26.26 29.82 25.53 25.82 24.86 24.54 36.20 35.23 37.35
FedMPT Ours 62.75 55.29 61.02 45.98 44.68 54.25 33.13 36.22 44.22 30.54 33.95 32.06 30.39 32.84 30.78 40.56 40.60 44.47

∆ Prev. Best \ +1.95 +-0.56 +1.13 +3.27 +1.86 +3.91 +3.34 +2.97 +5.71 +4.28 +4.13 +5.64 +4.57 +7.98 +6.24 +4.36 +4.78 +4.73
NUS-Wide

Mask = 10% Mask = 30% Mask = 50% Mask = 70% Mask = 90% AvgMethods Venue mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1 mAP CF1 OF1
Fed-DualCoOp NeurIPS’22 40.13 35.57 61.16 31.20 22.90 43.49 24.79 23.03 28.87 13.04 9.04 16.05 10.81 9.34 4.17 23.99 19.98 30.75

Fed-SCPNet CVPR’23 35.44 33.22 56.39 28.95 20.45 39.91 23.64 21.99 26.73 13.28 8.96 19.90 9.97 9.61 6.24 22.26 18.85 29.83
Fed-MaPLe CVPR’23 48.60 40.67 71.28 30.20 25.62 50.50 25.10 22.49 37.35 13.85 11.06 26.01 6.28 5.53 11.20 24.81 21.07 39.27

FedPGP ICML’24 42.24 36.90 68.55 36.54 32.36 55.74 23.24 26.90 41.55 19.67 12.60 28.03 7.98 4.95 9.54 25.93 22.74 40.68
Fed-TCP CVPR’24 47.19 40.70 61.81 35.40 35.53 43.67 26.86 26.58 34.40 12.38 12.06 15.34 9.86 9.46 12.66 26.34 24.87 33.58
FedTPG ICLR’24 47.64 38.60 66.39 34.60 32.17 52.85 26.85 28.76 41.05 20.53 12.23 22.28 11.52 10.47 12.89 28.23 24.45 39.09

Fed-PosCoOp WACV’25 40.64 39.38 63.42 35.94 34.18 45.25 24.19 24.50 38.49 12.74 10.92 25.42 10.92 10.99 8.03 24.89 23.99 36.12
FedAWA CVPR’25 46.86 41.91 70.31 36.82 36.65 54.83 25.83 28.62 43.67 17.39 21.82 28.76 12.35 12.18 11.08 27.85 28.24 41.73
Fed-RAM CVPR’25 45.53 39.83 72.06 37.81 37.01 59.51 26.86 26.07 51.93 20.92 22.03 27.50 11.60 13.91 12.25 28.54 27.77 44.65
FedMVP ICCV’25 48.06 42.28 71.44 36.06 36.38 59.72 25.61 26.00 45.46 15.04 16.64 28.54 10.18 12.04 10.38 26.99 26.67 43.11
FedMPT Ours 51.72 45.16 72.88 40.15 40.66 63.72 30.42 32.83 56.64 24.47 26.27 31.05 15.81 18.97 15.01 32.51 32.78 47.86

∆ Prev. Best \ +3.12 +2.88 +0.82 +2.34 +3.65 +4.00 +3.56 +4.07 +4.71 +3.55 +4.24 +2.29 +3.46 +5.06 +2.12 +3.97 +4.54 +3.21

Table 3. Results on the real-world MLR Benchmark. We report
the mAP, CF1, and OF1. The best results are marked with bold.

Multi-Scene MLRSNetMethod mAP CF1 OF1 mAP CF1 OF1
Fed-DualCoOp 40.09 31.37 50.18 38.24 40.61 66.97

Fed-MaPLe 33.18 30.02 29.70 37.37 46.37 61.18
FedPGP 45.96 35.85 53.77 52.75 45.27 50.75
Fed-TCP 45.25 37.43 53.43 43.01 42.32 67.61
FedTPG 44.45 35.55 52.39 31.38 35.11 62.65

Fed-PosCoOp 42.30 35.06 47.79 37.25 39.89 65.14
FedAWA 47.58 37.92 53.53 40.89 42.32 68.13
Fed-RAM 49.41 39.07 52.70 47.83 46.07 66.18
FedMVP 49.56 39.62 54.16 45.89 44.98 66.52
FedMPT 53.68 43.97 57.83 58.76 50.86 71.22

∆ Prev. best +4.12 +4.35 +3.67 +6.01 +4.49 +3.09

under severe heterogeneity, but approaches MLR methods431
in average metrics for their suboptimal multi-label model-432
ing capabilities. In contrast, our FedMPT indisputably out-433

performs them by a substantial margin (mAP: 3.84% on 434
VOC2007, 3.01% on COCO2014, 3.36% on NUS-Wide). 435
Meanwhile, FedMPT shows less fluctuation faced with data 436
heterogeneity, highlighting its robustness and superiority. 437

Results of Federated Part-annotation Benchmark. The 438
results are shown in Table 2. We find that existing SO- 439
TAs like Fed-RAM and FedMVP, which excel on fully- 440
annotated data, generally yield much degraded performance 441
when the annotation mask increases, validated by their 442
average decrease of about 20%, 32%, and 38% in three 443
datasets, respectively. We argue that since these methods 444
rely solely on coarse-grained object categories for cross- 445
modal matching, they overemphasize the adaptation of in- 446
dividual prompts to local data distributions, thereby im- 447
pairing the generalization capability of the global model. 448
In contrast, our FedMPT consistently outperforms existing 449
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Table 4. Ablations on different proposed modules.

CPs Adapters OT Gate mAP CF1 OF1 Avg.
! 87.08 82.90 81.66 83.88

! 84.40 78.31 80.04 80.92
! ! 87.62 83.05 83.68 84.78
! ! 89.35 83.82 82.53 85.23
! ! ! 89.64 83.75 83.72 85.70
! ! ! 87.89 83.34 83.01 84.75
! ! ! ! 90.10 83.96 84.50 86.19

Table 5. Comparison of computation overhead on VOC2007.

Method # Total Param. # Tunable Param. Training Time mAP
Fed-PosCoOp 86.60 M 0.02 M 38.93 ms/iter 84.46
Fed-MaPLe 90.14 M 3.56 M 65.25 ms/iter 81.87

FedTPG 90.79 M 4.21 M 59.43 ms/iter 84.23
Fed-RAM 99.60 M 13.02 M 384.51 ms/iter 85.54
FedMVP 87.72 M 1.14 M 75.80 ms/iter 85.61
FedMPT 87.38 M 0.80 M 97.03 ms/iter 90.10

methods with its decomposition of conditions: on average450
of three datasets, FedMPT surpasses existing best results451
by about 5.3%, 5.8%, and 4% at three metrics; the bene-452
fits from FedMPT show a positive correlation with mask453
(2.26%→7.25% on COCO2014), verifying its robustness.454
Results of Federated Real-world MLR Benchmark. In455
Table 3 we report the results on two real-world MLR456
datasets. While real-world datasets present more noise and457
tricky instances, the reliance on multiple conditions makes458
our FedMPT more robust to potential noise in the data com-459
pared to existing methods. Concretely, we observe that460
FedMPT keeps its superiority and outperforms existing SO-461
TAs by 4.27% mAP on Multi-Scene and 6.01% mAP in462
MLRSNet, highlighting its promising versatility.463

6. Ablation Studies and Discussions464

Proposed Modules. The results are shown in Table 4. We465
find that Condition Prompts (CPs) provide a more substan-466
tial performance gain than the adapters alone, underscoring467
the critical role of explicit condition modeling over mere468
visual feature adaptation. Moreover, employing OT de-469
livers an average enhancement of 1.44% mAP. However,470
employing gating without OT has more limited improve-471
ment (+0.27% mAP) than that when OT is applied (+2.21%472
mAP), indicating that the synergistic effects between con-473
ditions rely on OT to mediate trade-offs among patches.474
Cost Analysis. Table 5 reports the computation overheads.475
Fed-PosCoOp yields the least learnable parameters but also476
the worst performance; FedMVP and FedRAM yield com-477
parable performance (85.61% and 85.54% mAP), but at the478
cost of significantly expanded training time and parameters.479
Comparably, FedMPT achieves the best performance with480
minor extra overhead, showing its efficiency.481
Number of Learnable Tokens βcond and βcls. βcond and482
βcls control the number of learnable tokens of conditions483
and classes, respectively. We perform an exemplar grid-484
search to them on VOC2007 in Figure 6.a. While we can485

(a) Ablation on LoRA dimension (b) Ablation on Temperature

Figure 5. Ablation studies on LoRA dimension and temperature.

(a) Ablation on Prompt Length

m
A

P
 (

%
)

Optimum 
Choice:(5,7)

(b) Ablation on Pat. Rate

Figure 6. Ablation studies on prompt length and participation rate.

observe that less learnable tokens tend to result in poor per- 486
formance, excessively large choices also cause minor degra- 487
dation, where possible reasons lie in the increased learning 488
difficulty of the prompts. The optimal choice is (5,7), which 489
is a trade-off between the capability and difficulty. 490

LoRA Dimension Ds and Temperature τ . We sepa- 491
rately alter Ds and τ to [16-1024] and [1-20] and investi- 492
gate the mAP in Figure 5. For Ds, we find that its change 493
brings a minor fluctuation generally and a continual decre- 494
ment as Ds grows larger than 32, possibly from overfitting. 495
Ds = 32 is the optimal choice. For τ , the results show 496
an obvious degradation of all metrics when it grows larger 497
than 4, probability due to the indistinguishability between 498
classes. Our experiments show that τ = 4 is the optimal. 499

Participation Rate of Clients. We vary the participation 500
rate ϵ from 10% to 90% and report the results in Figure 501
6.b. We can observe that FedMPT consistently outperforms 502
other methods and exemplifies a gentle change under dif- 503
ferent participation rates. In contrast, some methods like 504
FedMVP and FedTPG suffer from dramatic degradation 505
(∼5%/7% mAP) when participation rate decreases. 506

7. Conclusion 507

The integration of Multi-Label Recognition (MLR) with 508
Federated Learning (FL) introduces a significant risk of 509
overfitting to spurious local label correlations. To address 510
this, we present FedMPT, a novel framework grounded in 511
causal analysis that leverages conditions to approximate 512
true class relationships. FedMPT employs an LLM-driven 513
pipeline to generate abstract conditions, aligns them with 514
visual regions via optimal transport, and integrates their 515
contributions through a gating mechanism. Experiments 516
validate the superiority across federated benchmarks. 517
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