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identification (FedDG-RelD) aims to collabora-
tively train a pedestrian retrieval model across
multiple decentralized source domains such
that it can generalize to unseen target environ-
ments without compromising raw data privacy.
However, this task is significantly challenged
by the inherent stylistic gaps across decentral-
ized clients. Without global supervision, mod-
els easily succumb to shortcut learning where
representations overfit to domain specific cam-
era biases rather than universal identity features.
We propose CO-EVO, a novel federated frame-
work that resolves this semantic-style conflict
through a co-evolutionary mechanism. On
the semantic side, Camera-Invariant Seman-
tic Anchoring (CSA) learns identity prompts
with cross-camera consistency to establish pu-
rified and domain-agnostic anchors that filter
out local imaging noise. On the visual side,
Global Style Diversification (GSD), powered
by a Global Camera-Style Bank (GCSB), syn-
thesizes realistic perturbations to expand the
visual boundaries of training data. The core
of CO-EVO is its co-evolutionary loop where
purified anchors act as gravitational centers to
guide the image encoder toward robust anatom-
ical attributes amidst diverse style variations.
Extensive experiments demonstrate that CO-
EVO achieves state-of-the-art (SOTA) perfor-
mance, proving that the synergy between se-
mantic purification and style expansion is essen-
tial for robust cross-domain generalization. Our
code is available at: https://github.com/
NanYiyuzurn/ACL-LGPS-2026.

1 Introduction

Person Re-identification (RelD) is a pivotal technol-
ogy in modern surveillance for cross-camera pedes-
trian tracking and public safety (Luo et al., 2019;
Wang et al., 2022a; Gao et al., 2020, 2022). How-
ever, RelD models often face severe domain shifts
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Figure 1: Cosine distance distributions illustrating the
motivation of CO-EVO. (a) Source Training: Model
learns identity discrimination under consistent source
distributions. (b) Baseline Failure: On unseen target
domains, camera bias and shortcut learning lead to dis-
tribution overlap. (c) CO-EVO Recovery: By coupling
stable CSA with GSD, our framework restores the deci-
sion boundary.

in practical deployment due to heterogeneous cam-
era characteristics and lighting conditions (Wang
et al., 2022b; Ye et al., 2021). To address these
challenges, domain generalization (DG) for RelD
aims to learn a robust model from multiple sources
that can generalize to unseen targets (Choi et al.,
2021; Dai et al., 2021; Jin et al., 2020; Zhou et al.,
2021; Nuriel et al., 2021). While traditional DG
requires centralized data access, the demand for pri-
vacy has shifted focus toward Federated Learning
(FL) as a paradigm for multi-domain collaboration
without sharing raw data (McMahan et al., 2017).
Consequently, Federated Domain Generalization
for ReID (FedDG-RelD) has emerged to learn re-
trieval models from decentralized sources. Despite
its potential, FedDG-RelD remains challenging due
to open-set nature and client heterogeneity. Stan-
dard model aggregation often fails to achieve robust
generalization as local models tend to internalize
domain-specific biases.

The fundamental bottleneck of existing FedDG-
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ReID methods lies in a semantic-style conflict. Dur-
ing local optimization, the lack of a global seman-
tic reference often leads the model toward shortcut
learning. As illustrated in Figure 1(b), the network
tends to exploit superficial cues such as background
textures and camera related color footprints for
identity discrimination. Although these cues are
stable within a single client, they fail to generalize
across the federation. This causes same-identity
pairs from different cameras to drift apart while
pulling different-identity pairs closer under similar
imaging conditions. While vision-language models
like CLIP show promise in anchoring visual fea-
tures to stable semantic spaces, their application
in FedDG-RelD is hindered by the lack of natural
language names for RelD labels and high commu-
nication costs.

In parallel, local data diversification via style
transfer has been adopted to mimic unseen domain
shifts (Yang et al., 2024; Huang et al., 2023). How-
ever, existing strategies face a trade-off between
privacy and efficiency, often relying on costly
learning-based generators that scale poorly with
the number of clients (Zhuang et al., 2020; Yan
et al., 2020). These observations raise a fundamen-
tal question: How can we achieve robust FedDG-
RelD by harmonizing stable semantic grounding
with efficient style diversification?

To answer this, we propose CO-EVO, a frame-
work for Co-evolving Semantic Anchoring and
Style Diversification. Here, “co-evolving” does not
mean that semantic anchors and style templates are
both updated symmetrically at every step. Instead,
it denotes a coupled training mechanism in which
style diversification continuously expands the vi-
sual inputs seen by the encoder, while semantic an-
choring continuously constrains those updates with
stable identity-level targets. As shown in Figure
1(c), CO-EVO rectifies the distribution overlap by
resolving the semantic-style conflict. First, we pro-
pose Camera-Invariant Semantic Anchoring (CSA),
which equips each identity with learnable tokens
to form textual descriptions. Unlike previous meth-
ods, CSA introduces cross-camera consistency to
distill identity-specific features from local camera
noise. By caching these as frozen identity-level
textual prototypes, we provide stable and purified
semantic anchors that prevent the model from drift-
ing amid visual variations. Second, we introduce
Global Style Diversification (GSD) powered by a
lightweight Global Camera-Style Bank (GCSB).
GCSB aggregates camera statistics from all clients

to generate diverse and realistic perturbations with-
out the need for expensive generators.

The core of CO-EVO lies in this coupled opti-
mization loop, where purified semantic anchors act
as gravitational centers. These anchors guide the
image encoder to focus on robust anatomical at-
tributes even as the input visuals undergo extreme
style perturbations synthesized by GSD. Our main
contributions are summarized as follows:

* To the best of our knowledge, we are the first
to introduce language-guided semantic super-
vision into the FedDG-RelD task; our frame-
work resolves the shortcut learning problem
through the proposed CSA and its distilled,
camera-invariant textual anchors.

* We propose a GSD mechanism utilizing a
global camera-style bank, enabling efficient
visual diversification to simulate unseen do-
main shifts without violating decentralization
constraints. The bank is built once with neg-
ligible overhead and remains effective even
when metadata are noisy or missing.

* We identify and resolve the semantic-style
conflict through a coupled semantic—style op-
timization mechanism. Extensive experiments
on multiple benchmarks demonstrate that CO-
EVO achieves state-of-the-art (SOTA) per-
formance and significantly enhances cross-
domain generalization.

2 Related Work

2.1 Domain Generalization for Federated
Person Re-ID

Domain Generalization (DG) for Re-ID aims to
extract domain-invariant representations (Balaji
et al., 2018; Liang et al., 2025). Previous studies
have explored data diversification via style pertur-
bations to mitigate domain shifts (Kang et al., 2022;
Zhou et al., 2021). In the federated learning (FL)
context, existing methods such as DACS (Yang
et al., 2024) and SSCU (Xu et al., 2025) utilize
a Style Transformation Model (STM) to achieve
local diversification. However, these STM-based
approaches require training an auxiliary generative
network, which is computationally cumbersome
and prone to instability during decentralized op-
timization. As visualized in Figure 3(c), STM-
generated images frequently suffer from repeti-
tive artifacts and unrealistic exposure. In contrast,
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our CO-EVO addresses these limitations by in-
troducing a lightweight diversification mechanism
grounded in a global camera-style bank. Instead
of relying on expensive generative models, we uti-
lize template-based re-normalization of real-world
style statistics to provide authentic variations with
negligible overhead.

2.2 Vision—Language Learning for Re-ID

Vision—language models like CLIP (Radford et al.,
2021) offer powerful semantic priors through con-
trastive pre-training. Since Re-ID datasets lack
natural language descriptions, methods like CLIP-
RelD (Lietal., 2023) and TF-CLIP (Yu et al., 2024)
learn identity-specific prompts for semantic super-
vision. In federated settings, DiPrompT (Bai et al.,
2024) explored disentangled prompt tuning for gen-
eral DG tasks. However, the synergy between
vision-language semantics and federated styliza-
tion remains underexplored. Existing VLM-based
methods often fail to resolve the semantic-style
conflict, where aggressive stylization distorts se-
mantic grounding. Our CO-EVO bridges this gap
by establishing a coupled training loop between
stable semantic anchoring and dynamic style per-
turbations. By decoupling the learning process,
we ensure that the model consistently aligns visual
features with purified, camera-invariant semantic
references, even under extreme input variations.

3 Methodology

3.1 Design Rationale: The Synergy of
Semantics and Style

The core challenge in FedDG-RelD is the semantic-
style conflict: purely visual supervision often
succumbs to domain-specific shortcuts, while ag-
gressive visual augmentation can corrupt identity-
sensitive cues if not properly grounded. To resolve
this, we propose a coupled interaction between sta-
ble semantic anchoring and dynamic style diversi-
fication. In our terminology, “co-evolution” specif-
ically means that the visual distribution evolves
through GSD while the encoder is repeatedly pulled
back to fixed CSA anchors; it does not require si-
multaneous parameter updates for both branches.
This mechanism compels the image encoder to map
highly perturbed visual inputs back to a unified,
domain-agnostic latent space.

As illustrated in Figure 2, we instantiate this
rationale through two collaborative components:
Camera-Invariant Semantic Anchoring (CSA) and

Global Style Diversification (GSD). GSD forces
the model to explore stylistic boundaries by synthe-
sizing diverse camera effects grounded in global
statistics, while CSA ensures that the learned rep-
resentations remain anchored to intrinsic identity
semantics, effectively neutralizing the impact of
camera-related noise.

In our federated scenario with K clients, the non-
overlapping identity sets necessitate a stable global
reference to bridge domain gaps. We decouple the
learning process into a stable anchoring phase and a
dynamic diversification phase. By caching purified
identity-level textual prototypes locally, we prevent
semantic drift caused by biased local updates and
eliminate the prohibitive communication cost of
transmitting large-scale language models. These
cached anchors serve as constant gravitational cen-
ters throughout the federated loop. As revealed in
Figure 1, this coupled optimization prevents the col-
lapse of identity distributions on unseen domains
by penalizing camera-specific shortcuts while re-
warding semantic-level consistency.

3.2 Phase I: Camera-invariant Semantic
Anchoring (CSA)

Most FedDG-RelD methods suffer from shortcut
learning due to the lack of explicit domain-agnostic
guidance. CSA resolves this by learning camera-
invariant identity prompts that serve as purified
semantic anchors. Unlike standard visual-language
alignment, CSA explicitly distills identity-specific
features from local camera noise, ensuring the re-
sulting textual prototypes are robust across hetero-
geneous environments.

For each identity y on client k, we introduce
L learnable tokens {[X}]}%_, inserted into a tem-
plate: “a photo of a [XY]...[X! ] person”. During
this phase, we freeze the CLIP encoders, optimiz-
ing only the tokens.

Given a mini-batch {(z;, y;, ci)}f;l, we adopt
a bidirectional contrastive loss to align visual fea-
tures v; with their corresponding textual prototypes

tyi:
exp(s(vi, ty,)/7)
S5 exp(s(ui,ta) /)
_ 1 o eXP(S(UPvty)/T)
|P(y)l pengy)l & P exp(s(va,ty)/T)

@3]
where P(y) denotes the set of sample indices with

Lig(i) = —log

ey

Li2i(y) =

D T o
identity y, and s(v,t) = m denotes cosine sim-
ilarity. To further distill the semantic information
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Figure 2: The overall architecture of CO-EVO for FedDG RelD. The coupled semantic—style procedure follows six
key steps: (D—@) Clients establish purified semantic anchors via CSA and extract local camera-style templates; @
The server constructs the GCSB to broadcast; ) Clients perform local optimization by aligning both original and
stylized views (x, z") with the fixed anchors; ) The server aggregates local models to refine the global encoder.

from camera-related noise, we introduce a Cross-
Camera Consistency (L.3) regularization:

L= Y Y

YE€Yoateh 1,JEP(Y),ci#c;

s (v, ty)=s(vj, t)II7,

3)
where c; denotes the camera ID. This constraint
compels the learnable tokens to ignore camera-
specific visual shortcuts and focus on invariant
pedestrian attributes. The overall CSA loss is
Lesa =) Liot + > Liai + AesLes. After local
optimization, we cache the resulting identity-level
textual prototypes T}, = {t,}ycy, as purified se-
mantic anchors for the federated loop:

Tp, = {ty}yey; € RIVEXD. 4)

3.3 Phase II: Global Style Diversification
(GSD)

While CSA provides purified and camera-invariant
semantic anchors, the image encoder must still
encounter a vast spectrum of visual variations to
achieve robust domain invariance. To this end,
we propose Global Style Diversification (GSD),
a lightweight mechanism to synthesize realistic
cross-client domain shifts.

Central to GSD is the Global Camera-Style Bank
(GCSB), which serves as a repository of camera-
specific style statistics. We use channel-wise mean
and variance because prior DG studies have shown
that these first- and second-order feature statistics
capture domain-specific appearance factors such as
illumination, color tone, and texture while largely

preserving semantic structure (Zhou et al., 2021;
Tang et al., 2021). For each client k£ and camera
¢ € Cy, we extract a camera-style template by
computing channel-wise statistics:

(her Ok o) = Stat({af | & = c}).  (5)

The server aggregates these templates into a global
repository B = Uf_ | Ucecy, {(phc; 07 o) }- When
camera IDs are unreliable or unavailable, we can
replace ¢ with pseudo-groups obtained from unsu-
pervised clustering, allowing GSD to remain ap-
plicable without changing the training objective.
During local optimization, we inject diverse cam-
era effects via template-based re-normalization:

L N R
o?(z) +¢€

where (us,02) ~ B. This ensures that the aug-
mented view 2’ is grounded in real camera distri-
butions rather than arbitrary noise. In practice, the
GCSB is constructed only once before federated
optimization, takes about 4s per client on average,
introduces no additional trainable parameters, and
accounts for less than 0.1% of the full training
time. We emphasize that GSD mainly targets pho-
tometric variation rather than explicit geometric
transformation. Robustness to viewpoint and scale
changes instead comes from the CLIP backbone’s
transferable priors and the cross-camera semantic
constraint imposed by CSA.

32351



Algorithm 1: CO-EVO: Coupled Feder-
ated Learning with Stable Anchors and
Style Diversification

Input: Clients { D } & ; rounds R; local epochs E;
weight A.3; weight A.
Output: Global image encoder 6%,
1 Phase I: Camera-Invariant Semantic Anchoring
(CSA)
2 fork=1,..., K inparallel do

3 Optimize local identity tokens via Lcsa
(Eq. 1-3);

4 Cache purified prototypes T, = {ty }yev;
(Eq. 4);

5 Upload style templates {(u1, %)} (Eq. 5) to
server;
¢ Phase II & III: Coupled Training Loop
7 Server constructs GCSB B and broadcasts 13, 6° to all
clients;
g forr=1,...,Rdo

9 for k =1,..., K in parallel do

10 Set local model ), « 67~ 1;

11 fore=1,..., Edo

12 Sample (z,y) ~ Dy and synthesize
x' ~ GSD(B) (Eq. 6);

13 Compute L. (Eq. 10) for original and
stylized views;

14 Update 0}, via backpropagation;

15 Upload 6, to server;

16 0" — S5, 70}, and broadcast 6" to all

clients;

17 return 07;

3.4 Coupled Federated Optimization

The core of CO-EVO lies in the joint optimization
of semantic stability (via CSA) and visual diver-
sity (via GSD) within the federated loop. During
local training on client k£, we sample a mini-batch
{(xi,v;)} and synthesize stylized counterparts z;
using templates from the GCSB. This is the opera-
tional meaning of our “co-evolution” terminology:
the input distribution evolves through sampled style
templates, while the encoder parameters evolve un-
der constant semantic anchors. To ensure discrim-
inability, we apply identity loss L;4 and triplet loss
Ly.; to both original (x) and stylized (z’) views:

B
1
Lia(7) = -5 ;bgm,w (%), (7)
1 E . .
Liri(7) = % > max(d{) (z) — di) (&) + @, 0),
=1
(8)

where Z € {z,2’}. To prevent the model from
exploiting domain-specific shortcuts, we utilize the
purified textual prototypes T}, as fixed anchors. For
each view T, the semantic alignment loss is defined

as:

exp(s(vi(Z), ty;)/7)
2 yey,, exP(s(vi(Z),ty)/T) '
®
By forcing both x and x’ to align with the same
camera-invariant anchor t,,, the image encoder is
compelled to discard low-level stylistic noise. The
total local objective is:

Lalign(i; i‘) = —log

Lioe = Z (le(.,z.) + Ltm(j) + )‘Lalign(i'))-
ze{zx,x’'}

(10)
This coupled process ensures that while GSD ex-
pands visual boundaries, the CSA anchors provide
a consistent gravitational center that restores the de-
cision boundary, as visualized in Figure 1. After Ef
local epochs, the server performs weighted aggrega-
tion to update the global model §" = S"p_| 207
and synchronizes the GCSB to incorporate evolv-
ing camera statistics. The complete procedure is
summarized in Algorithm 1.

4 Experiments

4.1 Experimental Settings

In this section, we present our experimental setup,
focusing on the datasets and representative base-
lines used for evaluation. Other detailed config-
urations, including the federated setup, backbone
architectures, evaluation protocols, and specific im-
plementation details, are provided in the Appendix.

Datasets. We conduct experiments on four large-
scale person RelD benchmarks: CUHKO2 (Li and
Wang, 2013), CUHKO3 (Li et al., 2014), MSMT17
(Wei et al., 2017), and Market1501 (Zheng et al.,
2015). For clarity, these domains are denoted as
C2, C3, MS, and M, respectively.

Baselines. We evaluate CO-EVO against repre-
sentative methods from four categories: (i) Generic
federated optimization algorithms including SCAF-
FOLD (Karimireddy et al., 2020), MOON (Li et al.,
2021), and FedProx (Li et al., 2020), which address
client drift and heterogeneity. (ii) Style-based do-
main generalization techniques such as MixStyle
(Zhou et al., 2021) and CrossStyle (Tang et al.,
2021) that diversify distributions via style statis-
tics. (iii) Federated RelD frameworks like FedPav
(Zhuang et al., 2020) and FedReID (Wu and Gong,
2021), which are tailored for open-set retrieval.
(iv) Specialized DG-RelD and FedDG-RelD meth-
ods, including SNR (Jin et al., 2020), DACS (Yang
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Table 1: Protocol I (leave-one-domain-out) results on FedDG-RelID. Each source domain is treated as a client. We
report mAP and Rank-1 (%) on three held-out target domains and the average.

Category Methods Reference MS+C2+C3—-M  M+C2+C3—-MS MS+C2+M—C3 Average
mAP  rank-1 mAP  rank-1 mAP rank-1 mAP rank-1
Federated Learning SCAFFOLD ICML 2020 26.0 50.5 53 15.8 229 26.0 18.1 308
MOON CVPR 2021 26.8 51.1 4.8 14.5 20.9 225 175 294
FedProx MLSYS 2021 29.3 53.8 5.8 17.4 19.1 17.7 18.1 29.7
Domain Generalization MixStyle ICLR 2020 31.2 535 55 16.0 28.6 31.5 21.8  33.6
CrossStyle ICCV 2021 355 59.6 4.6 14.0 27.8 28.0 226 339
Federated-ReID FedRelD AAAI 2021 30.1 53.7 4.5 13.7 26.4 26.5 203 313
FedPav MM 2020 25.4 49.4 52 15.5 22.5 24.3 177 29.7
DG-RelD SNR CVPR 2020 32.7 59.4 5.1 15.3 28.5 30.0 22.1 34.9
FedDG-RelID (RN50)  DACS AAAI 2024 36.3 61.2 10.4 27.5 30.7 34.1 258 409
SSCU MM 2025 39.5 66.4 11.9 32.3 32.8 34.1 28.1 443
CO-EVO ours 42.4 71.2 12.9 33.7 34.9 37.1 30.1 473
FedDG-RelID (ViT) FedPav (ViT) MM 2020 374 62.6 14.6 33.7 23.7 25.0 252 404
CrossStyle (ViT) ICCV 2021 414 65.8 17.9 40.8 31.0 38.4 30.1 48.3
DACS (ViT) AAAI 2024 454 70.7 20.3 44.2 36.6 42.1 341 523
CO-EVO ours 60.7 80.2 32.2 60.3 51.3 52.7 48.1 644

Table 2: Protocol II results with a reduced number of
source domains while keeping MS as a source client.
We report mAP and Rank-1 (%) on targets M and C3
under different source combinations.

Table 3: Protocol III (source-domain evaluation) results.
Models are trained with clients {M, C2, C3} and evalu-
ated on the test split of each source domain. We report
mAP and Rank-1 (%).

Methods  MS+C3—M MS+C2—-M  MS+C2+C3—-M
mAP rank-1 mAP rank-1 mAP  rank-1
FedPav 27.5 51.5 248 485 25.4 49.1
FedReID 31.0 55.0 28.1 524  30.1 53.7
DACS 332 58.1 30.3 56.3 36.3 61.2
SSCU 36.7 62.8 34.8 62.7 39.5 66.4
ours 393 684 369 67.1 424 71.2
Methods MS+M—C3  MS+C2—C3  MS+C2+M—C3
mAP rank-1 mAP rank-1 mAP  rank-1
FedPav 152 14.1 17.3 170 225 24.3
FedReIlD 16.1 15.3 21.8 204 264 26.5
DACS 18.2 17.7 22.9 23.5 30.7 34.1
SSCU 20.9 20.8 27.1 29.3 32.8 34.1
ours 243 251 294 342 349 37.1

et al., 2024), and SSCU (Xu et al., 2025). Among
them, DACS and SSCU are the current SOTA for
FedDG-RelD. For a fair comparison, all baselines
are trained under the same federated setup (domain-
as-client), backbone, and communication rounds.

4.2 Comparison under Three Evaluation
Protocols

Protocol I: Leave-One-Domain-Out. Table 1
summarizes the generalization results under the
most rigorous DG setting. CO-EVO achieves
SOTA performance across all benchmarks, out-
performing the strongest CNN-based baseline by
an average of +2.0% mAP and +3.0% Rank-1
(28.1/44.3—30.1/47.3). Notably, on the most chal-

Methods M+C2+C3—M M+C2+C3—C2 M+C2+C3—C3
mAP rank-1 mAP rank-1 mAP rank-1
FedProx  61.0 80.4 66.8 65.5 24.2 23.9
FedPav 53.9 76.0 59.7 56.3 19.6 19.6
FedReID 71.8 87.6 82.9 82.8 44.0 449
DACS 72.1 88.2 84.5 83.4 474 50.1
SSCU 73.0 88.7 84.9 83.9 50.4 53.2
ours 81.4 93.1 89.8 91.2 59.7 63.1

lenging MSMT17 domain, our method obtains the
best results (12.9/33.7). We attribute this to the cou-
pled effect of CSA and GSD: while CSA distills
purified semantic anchors via cross-camera con-
sistency, GSD forces the model to maintain these
anchors amid extreme stylistic shifts. Consistent
gains under Transformer backbones further verify
the architectural robustness of our design.

Protocol II: Scaling with Source Domains. Ta-
ble 2 evaluates generalization under varying num-
bers of source clients. While performance gener-
ally improves as more domains participate, CO-
EVO consistently maintains its lead under all
source combinations. For instance, on Market-
1501, the performance scales from 39.3% mAP
(MS+C3) to 42.4% mAP (MS+C2+C3). This sug-
gests that even with limited source diversity, our
camera-invariant semantic anchors provide essen-
tial structural constraints that prevent the model
from overfitting to specific local camera styles, a
common pitfall in standard federated RelD.
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Table 4: Robustness of CO-EVO under imperfect cam-
era metadata. The clean SSCU baseline is included for
reference.

Metadata | Method / Scope MS+C2+C3—=M | M+C2+C3—MS | MS+C2+M—C3
Setting mAP R1 mAP R1 mAP R1
Clean CO-EVO 42.4 71.2 129 33.7 37.1 38.9
Noisy 30% Camera ID Noise 40.4 68.7 11.7 324 34.6 36.2
Missing K-means Pseudo-Groups | 41.1 69.8 122 33.1 35.8 37.5
Reference | SSCU (clean labels) 39.5 66.4 11.9 323 32.8 34.1

Protocol III: Source-Domain Discriminability.
Table 3 reports the testing results on participating
source domains. CO-EVO achieves the best perfor-
mance across all clients, indicating that the pursuit
of domain generalization does not compromise the
model’s discriminative power on local data. By
resolving the semantic-style conflict, the learned
representations successfully internalize robust iden-
tity cues that are both domain-agnostic for unseen
targets and highly discriminative for participating
clients. This dual-advantage confirms that our pu-
rified semantic grounding effectively captures in-
trinsic biometric features rather than superficial
imaging shortcuts.

4.3 Robustness to Imperfect or Missing
Metadata

Noisy, Missing, and Unreliable Metadata. Ta-
ble 4 shows that CO-EVO remains effective even
when the metadata used to build the GCSB are
imperfect. Under 30% camera-ID corruption, the
performance drops are moderate, indicating that
the shared style bank is not overly brittle to annota-
tion noise. In the zero-metadata case, we replace
camera IDs with K-means pseudo-groups and still
outperform SSCU trained with clean labels on all
three transfers. These results suggest that GSD
benefits from coarse grouping structure rather than
perfect camera annotations: as long as the pseudo-
groups preserve dominant appearance patterns, the
resulting templates remain useful for expanding the
visual support seen during training. This robustness
is particularly important in federated deployments,
where camera identifiers may be incomplete, noisy,
or inconsistent across institutions.

4.4 Hyperparameter Analysis

Impact of Token Length (L). We evaluate the
sensitivity of token length L € {1,4,8,16} in Ta-
ble 5. Performance consistently peaks at . = 4
across all transfer tasks. While L = 1 is too generic
to capture identity nuances, larger values (L > 8)
introduce redundant parameters that overfit to local
camera-specific noise, leading to semantic drift. A

Table 5: Impact of token length L in CSA. Results
follow Protocol I (Leave-one-domain-out).

L | MS+C2+C3—-M | M+C2+C3—MS | MS+C2+M—C3
mAP R1 mAP R1 mAP R1

1 40.8 69.4 10.3 29.5 35.5 36.8

4 424 71.2 12.9 33.7 37.1 38.9

8 41.9 70.7 12.1 32.8 36.6 38.2

16 | 41.5 70.2 11.5 31.6 36.2 37.7

compact set of 4 tokens provides the optimal bal-
ance between discriminative power and anchoring
stability for the coupled semantic—style optimiza-
tion.

Sensitivity of Cross-Camera Consistency ()\3).
We investigate the impact of the consistency weight
Ac3 in Table 6. When A3 = 0, the textual proto-
types are prone to capturing local camera footprints,
leading to sub-optimal generalization on unseen do-
mains. As A,z increases to 0.1, the performance
improves significantly, particularly on the complex
MSMT17 domain (+1.4% mAP). This gain vali-
dates that L3 effectively “purifies” the semantic an-
chors by filtering out camera-specific noise during
the anchoring phase. When A 3 becomes too large,
however, the constraint starts to over-suppress sub-
tle cross-camera appearance differences that are
still useful for fine-grained identity discrimination,
which explains the mild degradation beyond 0.1.

Table 6: Sensitivity analysis of the cross-camera consis-
tency weight A3 in CSA.

Ae3 | MS+C2+C3—M | M+C2+C3—MS | MS+C2+M—C3
mAP R1 mAP R1 mAP R1

00 | 412 69.8 11.5 31.8 35.8 375
0.1 | 424 71.2 129 33.7 371 38.9
02 | 421 70.9 12.4 33.1 36.7 38.3
05 | 415 70.2 11.8 32.0 36.2 37.8

4.5 Ablation Study

We conduct systematic ablations under the CO-
EVO framework to quantify the individual and syn-
ergistic gains of its core modules.

Table 7: Ablation of key components: CSA (Phase I)
and GSD (Phase II).

Components | MS+C2+C3—M | M+C2+C3—-MS | MS+C2+M—C3
CSA GSD | mAP R1 mAP R1 ‘ mAP R1
- - 25.4 49.4 52 15.5 225 243
v - 38.7 66.7 9.1 30.7 33.8 352
- v 39.8 67.6 10.8 30.3 34.1 359
v v 424 71.2 12.9 33.7 37.1 38.9
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Synergy of Semantics and Style. Table 7 demon-
strates that the vanilla federated baseline fails sig-
nificantly under severe domain shifts (5.2% mAP
on MSMT17). (1) CSA Stability: CSA provides
stable, purified semantic anchors, preventing iden-
tity features from drifting across heterogeneous
clients. (2) GSD Diversity: GSD mitigates cam-
era bias by diversifying training distributions via
global statistics, breaking visual shortcuts. (3) Full
Synergy: CO-EVO achieves optimal performance,
confirming that CSA ensures semantic grounding
while GSD explores diverse style boundaries.

Table 8: Ablation of CSA anchoring strategy. Stat.:
Static Caching (Ours).

Strategy MS+C2+C3—M | M+C2+C3—MS | MS+C2+M—C3
mAP R1 mAP R1 mAP Rl
Baseline 254 49.4 52 15.5 225 243
CSA (Dyn.) | 39.1 67.8 10.4 30.1 342 35.6
CSA (Stat.) 424 71.2 12.9 33.7 371 38.9

Semantic Anchoring Strategy. Table 8 investi-
gates prototype stability. Compared to dynamic
updates, our Static Caching achieved higher accu-
racy, confirming that dynamic prompts are prone
to inheriting local camera noise, whereas frozen,
purified anchors provide a reliable “gravitational
center” for cross-modal alignment.

Table 9: Ablation of GSD sampling scope. Glob.:
Global-Bank (Ours).
Scope MS+C24C3—M | M+C2+C3—MS | MS+C2+M—C3
mAP Rl mAP Rl mAP Rl
Baseline 387 667 9.1 307 | 338 352
Random-Stat | 39.1 67.2 9.7 30.9 345 35.6
GSD(Loc) | 402 685 | 105 314 | 351 363
GSD (Glob) | 424 712 | 129 337 | 371 389
GSD Sampling Scope. Table 9 compares styliza-

tion scopes. Randomly perturbing feature statis-
tics yields only marginal gains over the baseline,
which suggests that naive noise injection is insuf-
ficient to approximate realistic deployment shifts.
In contrast, the Global-Bank strategy yields signif-
icantly better results, validating that sharing low-
dimensional camera statistics effectively constructs
a proxy distribution of unseen domains and that
the improvement of GSD comes from real camera-
driven templates rather than arbitrary perturbations.

4.6 Visual and Statistical Insights

To delve deeper into the mechanism of CO-EVO,
we provide comprehensive visualizations and sta-
tistical evidence in Figure 3. Quantitatively, Fig-

ure 3(a) highlights the restoration of the discrimina-
tive margin. By leveraging CSA anchors, CO-EVO
rectifies the severe camera bias, reducing the mean
cosine distance for same-identity pairs to 0.35,
which represents a 48.5% reduction compared with
SSCU. Simultaneously, it expands the margin for
different-identity pairs to 0.78, an 85.7% improve-
ment. This shift ensures that intrinsic identity cues
override stylistic shortcuts. The representation ca-
pability in the feature space is further elucidated
via the t-SNE visualization in Figure 3(b), which
displays the sample distribution on the unseen MS
target domain under the M+C2+C3 to MS setting.
In the DACS and SSCU baseline models, iden-
tity clusters are scattered and heavily interleaved,
indicating that the encoder fails to distinguish be-
tween different individuals under significant do-
main shifts. In contrast, CO-EVO successfully rec-
onciles these scattered samples into compact and
well-separated clusters as indicated by the arrows.
This qualitative evidence confirms that our CSA
anchors act as stable gravitational centers, pulling
stylistically diverse inputs toward domain-agnostic
semantic centers and thereby establishing a robust
decision boundary on novel domains. Qualitatively,
Figure 3(c) compares our GSD with the standard
Style Transformation Model (STM) used in base-
lines. Notably, GSD maintains superior stylization
diversity and image quality across both early and
late training stages. While STM-generated images
frequently suffer from repetitive artifacts or unre-
alistic over-exposure in the late stage, our GCSB-
based GSD module synthesizes diverse yet realistic
camera effects such as varying illumination and
color tones. This stability throughout the entire
training process ensures that the model consistently
learns from high-fidelity proxies of unseen imaging
pipelines, effectively enhancing the generalization
to novel domains.

5 Conclusion

In this paper, we identify and resolve the semantic-
style conflict in FedDG-RelID. We propose CO-
EVO, a novel framework that bridges the gap
between semantic stability and visual diversity
through a coupled semantic—style optimization
mechanism. By introducing CSA, we establish
purified, domain-agnostic identity prototypes that
effectively filter out local camera noise via cross-
camera consistency. Simultaneously, our GSD
module utilizes a privacy-preserving camera-style
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Figure 3: Comprehensive evaluation of the proposed CO-EVO. (a) Discriminative Margin Analysis: Quantitative
comparison of mean cosine distances for same-identity and different-identity pairs. (b) t-SNE Performance on
Target Domain MS: Visualization of feature clusters on the unseen MS domain (models trained on M+C2+C3),
showing the evolution from DACS and SSCU to our CO-EVO. (c) Stylization Diversity and Quality across Early
and Late Stages: Qualitative comparison between the baseline STM and our GCSB-based GSD module during the

training process.

bank to synthesize realistic domain shifts, expand-
ing the visual boundaries of training data with neg-
ligible overhead. Extensive experiments, including
analyses with noisy and missing metadata, demon-
strate that CO-EVO achieves SOTA performance
across multiple benchmarks. These results show
that stable semantic grounding and realistic style
expansion are jointly essential for robust cross-
domain generalization in federated environments.

6 Limitations

Despite the performance gains achieved by CO-
EVO, certain limitations remain to be addressed in
future research. First, while CSA provides robust
semantic grounding by distilling identity-specific
features, these anchors are primarily derived from
source-domain identities. Under extreme condi-
tions such as severe occlusion, significantly low
resolution, or out-of-distribution appearances not
covered by the source distribution, the efficacy of
semantic anchoring as a regularizer may dimin-
ish. Second, the GCSB represents domain shifts
using channel-wise statistics. Although this mech-
anism is lightweight and controllable compared to
learning-based generators, it may not fully capture

complex geometric transformations, background
structural variations, or intricate occlusion patterns
inherent in certain imaging pipelines. Third, the
construction of style templates relies on the avail-
ability of camera identifiers or reliable grouping
metadata to summarize statistics. In scenarios
where such metadata is missing or highly noisy,
the fidelity and diversity of the synthesized style
bank can degrade, potentially leading to suboptimal
generalization. Finally, although CO-EVO avoids
the heavy computational burden of training gen-
erative networks and adheres to the decentralized
nature of federated learning, it still introduces ex-
tra local computation for generating stylized views
and optimizing textual prototypes. Furthermore,
while sharing low-dimensional statistics minimizes
privacy leakage, we do not provide a formal privacy
guarantee such as differential privacy or secure ag-
gregation for the shared camera footprint. Explor-
ing more comprehensive style representations and
integrating formal privacy-preserving mechanisms
remain promising directions for future work.
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A Appendix

A.1 A.Implementation Details and
Evaluation Protocols

Evaluation Protocols. To comprehensively eval-
uate both source-domain performance and gener-
alization to unseen target domains, we adopt three
evaluation protocols. (i) Protocol I (Leave-one-
out): We follow a leave-one-domain-out scheme
over C2, C3, MS, M. In each run, one dataset is
held out for testing and the remaining three datasets
serve as source domains for federated training. (ii)
Protocol II (Robustness): As a complement to Pro-
tocol I, we further examine the robustness of our
method under a smaller number of participating
clients by removing one additional source dataset
when MS is included in training. (iii) Protocol
III (Source-domain evaluation): We evaluate the
learned model on source domains by testing on
their corresponding test splits, which reflects perfor-
mance in the federated source-domain setting. For
all protocols, performance is measured by Mean
Average Precision (mAP) and Cumulative Match-
ing Characteristic (CMC) at Rank-1 (R1).

Federated Setup and Hyperparameters. We
treat each source domain as an individual client
and train the shared ReID model under the stan-
dard federated learning paradigm. The training
process consists of two stages. First, we conduct a
semantic learning phase for 120 rounds to initialize
stable identity anchors. Subsequently, we run 60
communication rounds for the federated optimiza-
tion phase. In each round, the server broadcasts
the global parameters and each client performs lo-
cal optimization for E=1 epoch before uploading
model updates for aggregation. Based on our hy-
perparameter analysis, the token length L in CSA
is set to 4 to provide the optimal balance between
discriminative power and anchoring stability. The
cross-camera consistency weight A3 is set to 0.1
to effectively purify semantic anchors by filtering
out local camera specific noise. The temperature
parameter 7 used in the semantic alignment loss is
set to 0.07.

Implementation Details. During federated train-
ing, the mini-batch size is set to 64. We use the
SGD optimizer with an initial learning rate of le-3,
weight decay of 5e-4, and momentum of 0.9. The
learning rate is scheduled by MultiStepLR with
decay factors at specific communication rounds.
Our framework is compatible with various back-

bones, including ResNet-50 (RN50) and Vision
Transformer (ViT). For the vision-language compo-
nent, we employ the CLIP model with a ViT-B/16
image encoder as the base for semantic anchoring.
For GSD, the camera-style templates are extracted
once at the beginning of Phase II to construct the
GCSB, which takes about 4s per client on average
and contributes less than 0.1% of the full training
time. This ensures that the diversification process
is grounded in real camera distributions without
requiring expensive generators or incurring addi-
tional communication overhead in subsequent train-
ing rounds.
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