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A. More Experiments

A.1. More Ablation Studies on Participation Rate

Table | presents extended ablation studies on all baselines.
FedMPT consistently outperforms all state-of-the-art meth-
ods by substantial margins, achieving gains of 2.22% mAP,
2.88% CF1, and 3.26% OF1. Notably, methods relying
more heavily on visual adaptation (e.g., FedMVP and Fed-
MaPLe) exhibit significantly higher performance variance
as the client participation rate decreases. This can be at-
tributed to their local models’ heightened susceptibility to
overfitting client-specific data; when aggregated under low
participation rates, the global model is disproportionately
influenced by these overfitted local models, making it more
vulnerable to heterogeneity and distribution shifts.

A.2. Experiments on ZSL and GZSL Benchmarks

Following RAM [15], we conduct more experiments on two
other benchmarks [5, 14]: the Federated Zero-shot Gen-
eralization Benchmark (FZSL) and the Federated General-
ized Zero-shot Generalization Benchmark (FGZSL). These
two benchmarks evaluate the model’s robustness to unseen
classes, which is a comparably harsher setting.

Benchmarks Overview. The Federated Zero-shot Gener-
alization Benchmark (ZSL) first splits all classes into seen
and unseen classes, then performs clustering on training
samples and sends each cluster to a client as its private data.
Local models are trained on their private data, with only the
seen classes annotated. The global model is evaluated on
the test data, with only the unseen classes considered in all
of the metrics. The Federated Generalized Zero-shot Gen-
eralization Benchmark (FGZSL) is similar, but the global
model is evaluated on the test data, with both seen and un-
seen classes considered in all of the metrics. COCO2014 [8]
and NUS-Wide [1] are employed for the above two bench-
marks. For COCO2014, the dataset is split into 48 seen
classes and 17 unseen classes. NUS-WIDE is split into 925
seen classes and 81 unseen classes.

Results on FZSL Benchmark. As shown in Table 2, all
methods exhibit significant performance degradation on the
challenging COCO2014 benchmark. For instance, Fed-
MaPLe achieves only 2.63 mAP, while FedMVP reaches
6.53 mAP. These results underscore the particular diffi-
culty of achieving robust class-level generalization in feder-
ated learning environments. In contrast, FedMPT substan-
tially outperforms all SOTA methods across both datasets,
demonstrating superior generalization and robustness.

Results on FGZSL Benchmark. As shown in Table 5,
the performance gain of FedMPT is consistent, as it out-
performs existing SOTAs by 3.79 mAP and 3.91 mAP
on COCO2014 and NUS-Wide, respectively. This result
demonstrates FedMPT’s substantial generalization capabil-
ities across both seen and unseen categories.

A.3. Experiments of convergence speed and statis-
tical significance

The experiment results of convergence speed and statistical
significance are shown in Table 3 and Table 4.

B. Ablation Studies on Hyper-parameters

v+ and y—. We report the experiment results in Figure
I (left). We find that both excessively small and large
values lead to performance degradation, potentially due to
under-constrained/over-constrained optimization for easy-
negative samples. Based on experimental results, we se-
lected the values (1,2) for (v+, v—).

The threshold c. This coefficient controls the clip thresh-
old, where logits below it are clamped to 0. We alter ¢ from
0.01 to 0.2 and report the results in 1 (right). We observed
that both excessively small and large values lead to perfor-
mance degradation, likely due to excessive influence from
low-confidence tail classes and over-clipped negative log-
its, respectively. Based on experimental results, we set this
parameter to 0.05.
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Table 1. More ablation studies of FedMPT and other methods on the participation rate . We report the mAP, CF1 and OF1 with the
part-annotation setting Ma sk varying from 10% to 90%. The best results are marked with bold.

Method Venues Pat. rat.=0.1 Pat. rat.=0.3 Pat. rat.=0.5 Pat. rat.=0.7 Pat. rat.=0.9 Avg
mAP CFl OF1 |[mAP CFI OFl |mAP CFI OFI |mAP CFl1 OFI |mAP CFl1 OFI | mAP CFl1 OFl
Fed-DualCoOp | NeurIPS’22 | 85.92 79.88 77.74|83.59 77.57 76.36|84.70 77.85 75.73 |84.27 76.95 78.13|85.44 7827 76.98|84.78 78.10 76.99
Fed-SCPNet | CVPR’23 |79.67 68.96 72.86|76.38 69.29 69.98|77.09 71.60 70.71|78.96 70.70 72.17|80.44 77.37 74.25|78.51 71.58 71.99
Fed-MaPLe | CVPR’23 |82.48 75.60 73.68 |83.18 77.46 72.99 |82.81 77.54 75.03|87.10 81.46 78.48|86.25 81.25 79.87|84.36 78.66 76.01
FedPGP ICML'24 | 79.43 72.56 68.38|78.68 73.29 69.40|81.18 75.16 65.22|81.57 74.17 66.58 |83.55 76.60 72.77|80.88 74.36 68.47
Fed-TCP CVPR’24 (79.66 73.58 74.14|81.19 75.31 72.07 |81.83 76.95 70.63 |82.07 76.00 69.15|83.00 77.80 79.12|81.55 75.93 73.02
FedTPG ICLR’24 |83.29 75.02 76.83|84.73 76.01 78.23|86.92 80.47 79.95|86.10 80.64 77.26|87.89 80.12 77.62|85.79 78.45 77.98
Fed-PosCoOp | WACV’25 | 80.33 73.63 78.62|80.39 75.49 79.69 | 82.65 76.04 75.27|84.02 78.97 68.99|87.31 83.29 80.57|82.94 77.48 76.63
Fed AWA CVPR’25 |79.98 70.04 78.11|78.33 68.31 69.77|80.09 71.63 70.30|84.45 72.93 70.97|83.82 75.31 72.73 |81.33 71.64 72.38
Fed-RAM | CVPR’25 | 86.91 79.09 80.05|88.53 82.13 82.56|87.20 81.45 80.40|87.64 80.70 81.84|87.29 80.85 78.29|87.51 80.84 80.63
FedMVP ICCV’25 |80.09 72.73 72.80|80.81 72.50 72.12|82.36 72.23 70.88|84.63 77.93 78.03 |87.76 82.88 80.00|83.13 75.65 74.77
FedMPT Ours 89.25 82.41 84.78|89.23 82.97 84.05|89.96 83.74 83.25|90.10 84.51 83.30|90.15 84.97 84.05)|89.74 83.72 83.89
A Prev. Best \ +2.34 +2.53 +4.73|+0.70 +0.84 +1.49|+2.76 +2.29 +2.85|42.46 +3.05 +1.46|+2.26 +1.68 +3.48|+2.22 +2.88 +3.26

Table 2. Results on the FZSL benchmark. We report the mAP,
CF1 and OF]1. The best results are marked with bold.

Table 5. Results on the FGZSL benchmark. We report the mAP,
CF1 and OF]1. The best results are marked with bold.

Method COCO02014 NUS-WIDE Method COCO02014 NUS-Wide
mAP  CFl OF1 | mAP CFl OF1 MAP CFl OF1 | MAP CFl1 OF1
Fed-DualCoOp | 11.19 859 10.97 | 48.65 50.39 67.52 Fed-DualCoOp | 52.34 4434 64.27 | 5031 52.86 66.86
Fed-SCPNet 589 534 571 | 3835 41.62 61.61 Fed-SCPNet 36.07 3331 53.00 | 36.50 40.76 59.23
Fed-MaPLe 2.63 2.95 228 | 53.13 53.28 68.65 Fed-MaPLe 52.73 42,56 64.24 | 52.09 53.50 69.00
FedPGP 6.13 498 490 | 51.10 53.07 67.72 FedPGP 4376 37.54 5888 | 4446 4759 63.76
Fed-TCP 940 897 999 | 4290 4477 64.30 Fed-TCP 3394 3133 5242 | 30.05 3436 5821
FedTPG 10.53 990 837 | 42.14 40.36 65.30 FedTPG 4122 3849 5375 | 3251 3623 5641
Fed-PosCoOp | 10.68  8.22 8.17 | 4744 46.03 6447 Fed-PosCoOp | 39.19 3592 5396 | 46.57 4543 51.78
FedAWA 14.88 10.56 8.64 | 4440 47.78 64.75 FedAWA 3691 3281 53.60 | 41.04 4494 61.00
Fed-RAM 13.84 877 922 | 50.52 42.69 66.79 Fed-RAM 50.72 2425 35.00 | 50.72 24.25 35.00
FedMVP 6.53 5.73 2.09 | 52.73 52.61 70.67 FedMVP 4395 36.72 60.03 | 48.79 5131 67.37
FedMPT 19.76 16.02 15.38 | 57.17 56.94 71.83 FedMPT 56.52 47.92 68.09 | 56.00 5583 72.87
A Prev. Best | +4.88 +5.46 +4.41 | +4.04 +3.66 +1.16 A Prev. Best | +3.79 +3.58 +3.82 | +3.91 +2.33 +3.87

Table 3. The convergence speed (x-axis: communication round).

Method | VOC | 1 5 10 20 30 40 50 60 70 80 90 100
Fed-DualCoOp | 59.72 76.28 80.01 81.66 82.65 83.31 83.74 84.05 84.26 84.38 84.40 84.41
FedRAM 61.64 77.50 81.11 82.29 83.65 84.52 85.04 85.31 85.55 85.67 85.68 85.68
FedMVP 53.49 76.39 78.54 80.13 81.90 82.36 83.09 83.92 84.64 85.18 85.52 85.61
FedMPT 67.39 80.11 85.76 87.32 88.63 89.20 89.71 89.98 90.00 90.03 90.04 90.04

segmentation, and captioning. It includes over 330,000 085
images, more than 200,000 of which are labeled, encom- 086
passing around 1.5 million object instances. COC0O2014 087
version covers 80 object categories (from a larger set of 088
91 classes) with per-instance segmentation masks, mak- 089

Table 4. The effects of gating (upper) and significance test (lower).

. VOC2007 COCO2014 . . . o

Metric NG o OFT AP CFI OFT ing it ;spemally useful f(?r precise localization. Beyond 090

no-gating’s SD.| £1.12  £0.73  £131 | *038 040 +0.53 detection and segmentation, COCO2014 also supports 091

FedMPT’s SD. | 4+0.27 4048 4050 | +0.22 4029 40.39 captioning (5 captions per image) and keypoint detection 092
p-value ‘ 1.907¢=% 1.907¢~% 1.907e~° ‘ 1.907¢~% 1.907e=% 1.907¢°

(e.g., human pose), facilitating research in richer scene 093
understanding. COCO is considered one of the most chal- 094
lenging and representative vision benchmarks. 095
* NUS-WIDE is a large-scale multi-label image dataset de- 096
rived from Flickr. It comprises 269,648 images annotated 097
with 81 ground-truth “concepts” (e.g., sky, building, per- 098

Cliff’s Delta ‘ 1.000 1.000 1.000 ‘ 1.000 0.990 1.000

071 C. Introduction of datasets and baselines

072 Datasets: We employ VOC2007 [4], COCO2014 [8],
073 NUS-Wide [1], Multi-Scene [6] and MLRSNet [9] in our

074 experiments. Details are in the following: son) plus up to 5,018 user-provided noisy tags. Since 099
075 * VOC2007 is a commonly-employed dataset in classifica- the original Flickr tags are noisy and incomplete, NUS- 100
076 tion and object detection. It contains 9,963 real-world im- WIDE poses realistic cha]]enges for multi-label learning, 101
077 ages annotated with 24,640 object instances across 20 dif- ann()tati()n, and retrieval. In addition, it provides low- 102
078 ferent categories, including people, animals, vehicles, and level visual features for each image. 103
079 household items. The dataset supports multi-label classi-

080 fication, detection, segmentation, and even person layout

081 identification (predicting parts of a person). The diver- Baselines. We employed ten baselines: DualCoOp [14], 104
082 sity of scenes make VOC2007 a standard benchmark for SCPNet [3], PosCoOp [11], RAM [15], MaPLe [7], 105
083 evaluating object recognition algorithms. TCP [16], FedPGP [2], FedTPG [10], FedAWA [12] and 106
084 * COCO2014 is a large-scale dataset for object detection, FedMVP [13]. Details are as follows: 107
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Figure 1. Ablation on (left): v_ / ~+ and (right): c.

DualCoOp [14] is the first approach that leverages pre-
trained VLMs (specifically, CLIP) for multi-label recog-
nition. It introduces two prompts, named Positive Prompt
and Negative Prompt, to reflect the existence and non-
existence of a label.

SCPNet [3] (Semantic Correspondence Prompt Network)
proposes to extract the structured semantic prior between
labels from CLIP via a structured prior prompter. It then
fully explores this prior using a cross-modality prompter
and a semantic association module to improve the perfor-
mance of multi-label recognition with incomplete labels.
PosCoOp [11] finds that the negative prompt in Dual-
CoOp [14] does not necessarily need to be conditioned
on class names. It leaves the negative prompts uncon-
ditionally learnable and only generates positive prompts
from class names.

RAM [15] recovers the local semantics of CLIP in
a memory-efficient manner through the Ladder Local
Adapter (LLA), which addresses the loss of local infor-
mation caused by CLIP’s global pretraining objectives. It
also designs Knowledge-Constrained Optimal Transport
(KCOT), formulating region-to-label matching as an op-
timal transport problem and integrating Label Presence
Detection (LPD) and Teacher Knowledge Transfer (TKT)
to suppress meaningless matching, thereby improving the
performance of open-vocabulary multi-label recognition.
MaPLe [7] introduces multi-modal prompts to both en-
coders. The text prompts are dynamically generated from
visual prompts via a cross-modality projector.

TCP [16] maps class-level textual knowledge into class-
aware prompt tokens through the Textual Knowledge Em-
bedding (TKE) module and then injects them into the text
encoder. The algorithm optimizes the model using con-
trastive loss and knowledge-guided consistency loss. No-
tably, TKE is a plug-and-play design that can be com-
bined with existing prompt tuning methods, achieving
high performance while reducing training time.

FedTPG [10] jointly learns a unified prompt generation
network across multiple clients under the federated learn-
ing framework. This network generates context-aware
prompt vectors conditioned on task-related text inputs,
enabling efficient generalization to both seen and unseen

Table 6. Lists of conditions used for different datasets.

Dataset LLM-generated conditions
VOC2007 | [“background”, “position”, “shape”, “action”]
COCO02014 | [“background”, “position”, “shape”, “action’]
NUS-WIDE [“color™, “texture”, “shape”, “action”]
Multi-Scene [“color”, “geometry”, “shape”, “contrast”]
MLRSNet [“size”, “color”, “shape”, “texture’’]

classes and datasets.

FedAWA [12] obtains client vectors by calculating the
difference between client model and global model param-
eters. It then adaptively optimizes aggregation weights
based on the alignment between these client vectors and
the aggregated global vector and introduces a regulariza-
tion term to ensure training stability, mitigating the prob-
lem of data heterogeneity without requiring proxy data.
FedMVP [13] proposes to fuse the visual features of
images and the textual attribute features of classes via
the PromptFormer module to generate multimodal visual
prompts, injects them into the vision encoder of CLIP,
and trains the model by combining CLIP similarity loss
and consistency loss, thereby improving the generaliza-
tion ability to unseen classes and domains under the fed-
erated learning framework.

D. Condition Study

Conditions we used in the experiments. The conditions

we used for 5 datasets are listed in Table 6.

Ablation study of condition number and condition com-
binations in LLM queries. While this factor largely de-
pends on the LLM itself and shows considerable uncer-
tainty, we vary it in the following manner and report the
results on VOC2007. We keep the first instruction in our
Chain-of-Thought mechanism unchanged, i.e., Please give
a detailed description for each possible combination of the
following categories in one sentence. Categories: Aero-
plane, Bicycle, Bird, Boat, Bottle,..., then change the re-
quired number K (from 1 to 20) in the other instruction:
Given these descriptions, Please summarize K distinct and
general conditions under which true class correlations can
be reliably represented.. We conduct five independent API
calls and report the most frequent conditions generated by
the LLM in Table 9. We observe that when instructing an
LLM to generate very few conditions, the resulting condi-
tions tend to be overly broad (e.g., “context”); conversely,
requesting an excessive number of conditions yields outputs
that are either overly specific or difficult to observe, such
as “perspective” and “reflectance”. Furthermore, we orga-
nize all obtained conditions into prompts for training and
record their corresponding accuracy scores, also in Table 9.
We find that using either a few broad conditions (like con-
text,“layout”) or overwhelmingly specific conditions yields

CVPR
raren

150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165

166

167
168

169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192



CVPR
gpreren

193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223

224
225
226
227
228

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 7. Ablation study on different conditions.

Context mAP Context mAP
null 86.48 null 86.48
+ background 88.61 + pattern 87.23
+ position 88.98 + anchor 87.78
+ shape 89.32 + action 88.72
+ action 90.10 + habits 88.59

Table 8. Ablation study on condition orders.

Condition Order mAP
[background, position, shape, action] 90.10
[position, shape, action, background] 89.97
[shape, action, background, position] 90.02
[action, background, position, shape] 90.08
[background, shape, position, action] 90.05
[shape, position, action, background] 90.02
[position, action, background, shape] 89.89
[action, background, shape, position] 90.01

suboptimal performance. These results suggest that select-
ing a moderate quantity represents a reasonable trade-off.
As can be observed from the table, we set the required con-
dition number in LLM queries to 4 as a trade-off between
efficiency and effectiveness.

We also conduct an experiment to discover the inher-
ent efficiency contrasts of different conditions. Based on
the conditions we used in our experiments for VOC2007,
i.e., background, position, shape, action, we ask GPT-4o0
to generate some similar but comparably vague and non-
representative conditions with: These are some conditions
under which true class correlations in multi-label datasets
can be reliably represented: background, position, shape,
action. Now think conversely. For each given condition,
please give another condition that is similar in meaning,
but under which the true class correlations in multi-label
datasets cannot be reliably represented. Under five inde-
pendent API queries, GPT-40 mostly generates pattern, an-
chor, surface, habits, which show more incongruity and
are harder to perceive. We then gradually add both kinds
of conditions to prompts to discover each condition’s ef-
fects. The results are in Table 7. We find that our employed
generic conditions background, position, shape, action con-
sistently yield more performance gains (0.51%~1.38%)
than pattern, anchor, surface, habits. This experiment pri-
marily verifies that semantic and generalization disparities
also exist among LL.M-generated conditions. Due to space
constraints and research focus considerations, we refrain
from further exploring subsequent cleaning of these condi-
tions and simply rely exclusively on the optimal condition
identified in our ablation studies for all experiments.

Ablation study of condition order. To investigate this
factor, we take background, position, shape, action and re-
order them in the prompts. The results are shown in Table
8. We can see that changing the order of conditions does
not substantially affect the model’s performance, but plac-

ing position at the beginning seems to cause a minor degra-
dation. We suggest that this may result from CLIP focusing
more on earlier text tokens than later ones (an inherent bias
of CLIP proposed by [17]), and position being compara-
tively harder to perceive than others.

E. Limitations and Broader Impacts

Although employing conditions to intervene in MLR and
learn non-spurious correlations is inspiring, not all condi-
tions can be equally perceived by the VLM. Our ablation
study in Sec. D verifies this: some salient visual condi-
tions like pose, color, and size contribute prominently to the
overall performance, while others like symmetry or habits
are relatively hard to perceive. This also explains why our
model’s performance degrades when we ask the LLM to
summarize an excessive number of conditions and utilize
them in the prompts, as a significant portion of these condi-
tions are redundant and ambiguous. Second, simply lever-
aging a few learnable tokens to learn condition content may
be insufficient in modeling capacity (however, expanding
the learnable modules may also dramatically increase com-
plexity). We hope future endeavors will focus on generating
more robust and less biased conditions, achieving a better
trade-off between efficiency and performance.

From another perspective, this paper treats Multi-Label
Recognition (MLR) only as a classification task; other MLR
tasks like multi-label object detection and semantic seg-
mentation remain unexplored. Whether these tasks would
encounter similar performance degradation when combined
with FL should be carefully considered.
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