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Abstract. Prototype-based federated learning represents each class with
compact feature summaries, but alignment to a single mean may suppress
within-class variation in heterogeneous images. We test this mechanism
in federated ChestX-ray14 classification and ask whether federation is
necessary. Across three seeds, two patient-level client allocations, and
weight-averaging intervals K ∈ {2, 5, 20}, we compare class-mean align-
ment with matched averaging-only controls. Alignment lowers the mean
representation effective rank by 84–157 dimensions and the mean co-
variance effective rank by 114–129 dimensions across the six federated
designs. Predictive effects vary across settings. Mean paired differences
range from −0.0165 to +0.0073 in area under the receiver operating
characteristic curve, or AUROC, and from −0.0022 to +0.0114 in aver-
age precision. Three pooled training pairs reproduce the concentration.
Their mean log ratio of aligned to control covariance effective rank is
−4.4241, and their mean AUROC difference is −0.0444. On 3,000 VinDr-
CXR images, all 21 paired comparisons show lower effective ranks and
a larger leading variance fraction after alignment. Class-mean alignment
concentrates representations across training designs, but its geometry
does not consistently track predictive benefit.

Keywords: Federated learning · Chest X-ray classification · Prototype
alignment · Effective rank · Representation geometry.

1 Introduction

Federated learning (FL) trains models across distributed data without central-
izing raw records [9,6]. In medical imaging, data often remain within clinical
institutions [16]. Standard FL communicates model updates, while prototype-
based methods exchange compact class summaries that can support clients with
different model architectures [18,15].

A single class prototype is efficient, but its geometry is restrictive. A quadratic
alignment loss pulls every feature toward the same class mean even when a label
⋆ Corresponding author.
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contains substantial anatomical and acquisition variation. Recent methods alter
the number, geometry, or timing of prototypes to address limitations of direct
class-mean matching [15,2,21,4,20,1]. The effect of direct class-mean alignment
on learned dimensionality remains poorly characterized in medical FL.

Representation spectra are widely used to study dimensional collapse [5].
Effective rank provides a continuous summary of spectral concentration [17].
Because preprocessing and spectral weighting affect its value, predictive perfor-
mance must be measured separately.

We therefore ask whether class-mean alignment concentrates chest X-ray rep-
resentations and whether any such effect requires federation. Matched federated
experiments isolate alignment while holding model averaging, training code, and
evaluation data constant. Pooled controls then remove federation from the de-
sign. A label-free analysis on VinDr-CXR tests whether the geometry persists
on images from an independent source. Centered spectra and predictive ranking
are evaluated separately throughout.

2 Related Work

Prototype-based FL communicates class-level representations rather than re-
lying only on model parameters. Federated averaging shares model parame-
ters, whereas FedProto regularizes local representations toward aggregated class
means [9,18]. Recent methods replace the single prototype, constrain prototype
geometry, or change when alignment begins. MP-FedCL retains multiple proto-
types per class, while FedNH combines class semantics with uniformly separated
prototypes [15,2]. FedSA and FedLSA learn semantic anchors. FedLSA also uses
hyperspherical contrast for domain-skewed data [21,4]. Recent preprints align
inter-class relations or delay alignment until local representations mature [20,1].
Our question concerns the geometry induced by direct class-mean alignment in
a matched medical imaging experiment.

Dimensional collapse denotes the loss of variation along feature directions [5].
Roy and Vetterli define effective rank from normalized singular values [17]. We
report matrix and covariance forms after centering because singular values and
their squares weight the spectrum differently. Neural collapse is a broader terminal-
training phenomenon that combines vanishing within-class variability, simplex
equiangular class means, and classifier alignment [14]. Neural-collapse-inspired
FL has used fixed simplex equiangular tight-frame classifiers to regularize feder-
ated representations [7]. The present analysis concerns held-out representation
spectra and within-class variation rather than the full neural-collapse geometry.

3 Methods

3.1 Task, cohorts, and client allocation

ChestX-ray14 [19,13] is reduced to Pneumonia versus No Finding. Images with
neither label are excluded. Positive images may carry additional findings, and the
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Table 1. Study cohorts. Positive denotes Pneumonia and negative denotes No Finding.

Split Images Patients Positive Pos. rate PA / AP

Train 46,239 20,250 802 1.73% 31,407 / 14,832
Validation 5,137 2,226 74 1.44% 3,558 / 1,579
Test 10,416 2,576 555 5.33% 4,967 / 5,449

labels were extracted from radiology reports rather than assigned prospectively.
We retain the official patient-disjoint test split and assign 10% of the official
training patients to validation with a deterministic rule. No patient appears in
more than one split. View position is reported as posteroanterior (PA) or an-
teroposterior (AP). Table 1 summarizes the resulting cohorts. Average precision
accompanies AUROC because test prevalence differs from training prevalence.

We construct two patient-level client allocations. The Dirichlet allocation
draws class-specific proportions with α = 1 across four clients. Across seeds,
clients contain 424 to 26,339 images and have Pneumonia prevalence between
1.11% and 4.75%. The view-based allocation assigns each patient to a PA-majority
or AP-majority client. The PA-majority client contains 28,941 PA and 4,014 AP
images. The AP-majority client contains 10,818 AP and 2,466 PA images. Both
clients contain mixed views. Training uses class-balanced sampling within each
client.

3.2 Training and matched comparisons

Every client starts from the same ImageNet-pretrained Vision Transformer model
vit_small_patch16_224 [3]. The encoder produces a 384-dimensional represen-
tation followed by a new binary head. Grayscale images are repeated across three
channels and resized on the short edge to 255 pixels. Training uses a random
224× 224 crop and horizontal flip. Evaluation uses a center crop, and all images
receive ImageNet normalization.

All clients participate in each of 20 rounds and train for two local epochs per
round. We use batches of 128 and AdamW with a learning rate of 5× 10−5 and
weight decay of 10−5 [8]. Gradients are clipped at 1.0. The optimizer is recreated
for each local training call. Round 1 uses no prototype loss and establishes the
first global prototypes. Each run uses one 24-GB NVIDIA RTX 3090 Ti. The
primary federated models were trained with Python 3.12.3, PyTorch 2.5.1, and
CUDA 12.1.

From round 2, the aligned condition minimizes binary cross-entropy (BCE)
with a prototype-alignment term

L = LBCE + λLalign, Lalign =
1

Bd

B∑
i=1

∥zi − µ̂yi
∥22, (1)

In Eq. 1, B is the minibatch size, zi is the representation of sample i, and yi is
its label. The representation dimension is d = 384, and µ̂yi

is the corresponding
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global prototype. We set λ = 0.1. At the end of each round, clients recompute
unaugmented class means on their local training data. The server averages these
means using class support. The matched control uses the same procedure with
λ = 0.

Both conditions average client models by sample count after rounds divisible
by K ∈ {2, 5, 20}. They perform 10, 4, and 1 model-averaging events. When
K = 20, model averaging occurs only after the final local update.

3.3 Predictive evaluation

Every final checkpoint is evaluated on the same fixed test set. A threshold tar-
geting 90% specificity is selected on validation for each client and transferred
unchanged to test. We report sensitivity, specificity, positive predictive value,
negative predictive value, Brier score, and ten-bin expected calibration error in
the repository. The main analysis focuses on threshold-free AUROC and non-
interpolated average precision, computed as precision weighted by the increase
in recall across successive thresholds. Identical client states are verified by exact
tensor comparison and evaluated once. Otherwise, client metrics are averaged
within a run before aggregation across seeds.

We report all three seed values and summarize paired differences between
aligned and averaging-only conditions. With three seeds, we use descriptive com-
parisons and do not conduct inferential tests. We repeat the comparison on the
held-out validation set and on a sensitivity set that excludes the 5,615 images
selected by prior test-set diagnostics.

3.4 Centered representation geometry

Let z̄ be the row mean of the representation matrix Z, let Z̃ = Z −1z̄⊤, and let
sj denote the singular values of Z̃. We compute

rZ = exp

−
∑
j

pj log pj

 , pj =
sj∑
ℓ sℓ

,

rC = exp

−
∑
j

qj log qj

 , qj =
s2j∑
ℓ s

2
ℓ

.

(2)

Equation 2 defines rZ as the effective rank of the centered representation matrix
and rC as the effective rank of its covariance. We also measure the leading
variance fraction q1, class-conditional effective ranks, and within-class covariance
trace. The ImageNet-pretrained encoder before federated training provides the
initialization reference.

3.5 Pooled and external controls

The pooled and external analyses were specified before the additional models
were trained. To separate alignment from federation, we trained pooled models
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with a single learner. Each seed paired λ = 0.1 with λ = 0. The learner received
the complete 46,239-image training cohort and otherwise followed the same ar-
chitecture, augmentations, class-balanced sampling, 20 rounds, two epochs per
round, optimizer reset, warm-up, and final-checkpoint evaluation. Because in-
complete batches were dropped, pooled training used 92,416 sampled instances
per round, 0.28–0.84% more than federated training. The pooled implementation
used an initial mixed-precision loss scale of 1,024 and Python 3.11.15. PyTorch
and CUDA versions matched the federated runs.

We evaluated label-free geometry on the 3,000-image VinDr-CXR test co-
hort [12,11]. The same deterministic transform was applied to every image.
We measured rZ , rC , the leading variance fraction q1, and covariance trace
for all 36 federated and six pooled final checkpoints. We evaluated consistency
by asking whether every seed-paired aligned model had lower rZ and rC and
higher q1 than its control. Because VinDr-CXR labels were not used, this anal-
ysis estimates geometry rather than external performance, prevalence, or class-
conditional effects. All primary and extension checkpoints were evaluated in the
same Python 3.11.15, PyTorch 2.5.1, and CUDA 12.1 environment. For each
pair, ∆ log rC = log(ralignedC /rcontrolC ), so negative values denote concentration.

4 Results

4.1 Predictive effects vary across metrics and settings

The direction of predictive change depends on both metric and experimental
setting. Across the six matched settings, mean paired differences range from
−0.0165 to +0.0073 in AUROC and from −0.0022 to +0.0114 in average preci-
sion. Table 2 gives the condition means, and Fig. 1 shows every paired seed. The
largest metric divergence occurs under Dirichlet allocation at K = 20. AUROC
differences are negative in all three seeds by 0.0009, 0.0144, and 0.0342, while
average precision increases by 0.0030, 0.0064, and 0.0030.

Table 2. Prototype alignment has mixed predictive effects on the fixed test set. Entries
are means across three seeds and ∆ is prototype alignment minus averaging only.

Allocation K Alignment Averaging only ∆AUROC ∆Avg. prec.
AUROC Avg. prec. AUROC Avg. prec.

Dirichlet 2 .6916 .1216 .6982 .1178 −.0066 +.0038
Dirichlet 5 .6976 .1243 .7057 .1199 −.0081 +.0044
Dirichlet 20 .7175 .1303 .7340 .1262 −.0165 +.0041
View based 2 .6788 .1198 .6870 .1117 −.0082 +.0081
View based 5 .6851 .1189 .6778 .1075 +.0073 +.0114
View based 20 .7036 .1148 .7080 .1169 −.0044 −.0022

The validation comparison shows the same metric dependence. Across the six
settings, mean differences range from −0.039 to +0.023 for AUROC and from
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Fig. 1. Predictive effects of prototype alignment vary across metrics, client allocations,
and seeds on the fixed test set. Positive values favor prototype alignment. Each point
represents one seed, and each horizontal segment shows the three-seed mean.

−0.015 to +0.010 for average precision. On the image-exclusion sensitivity set,
the corresponding ranges are −0.021 to +0.020 and −0.006 to +0.009.

4.2 Prototype alignment concentrates centered representations

Unlike the predictive metrics, both effective-rank measures shift in the same
direction in every matched setting. At initialization, rZ = 259.5 and rC =
72.7. Averaging-only checkpoints have rZ = 299.9–317.1 and rC = 106.6–150.0.
Aligned checkpoints have rZ = 123.7–255.4 and rC = 1.5–17.8. Their lead-
ing variance fraction is 0.51–0.95, compared with 0.09–0.17 for averaging alone.
Alignment reduces the mean rZ by 84–157 dimensions and the mean rC by 114–
129 dimensions in every matched allocation and K setting. Figure 2 shows the
corresponding rank ratios to initialization.

Class-conditional analysis shows the same pattern. For negative images, aligned
covariance effective ranks span 1.6–20.2, compared with 108.4–151.6 for averag-
ing alone. For positive images, the corresponding ranges are 1.3–6.7 and 79.8–
113.8. Across settings, mean within-class covariance trace ranges from 3.3 to
38.7 after alignment and from 939.8 to 1014.1 in the controls. All 18 paired
differences are negative, showing that prototype alignment reduces within-class
variance across both labels.

4.3 Concentration persists without federation and across image
sources

Pooled training reproduces the geometric effect in every seed. Aligned models
have rC = 1.42–1.58, compared with 119.93–126.62 for their controls, and the
mean ∆ log rC is −4.4241. AUROC differences are negative by 0.0083–0.0952
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Fig. 2. Prototype alignment reduces both effective-rank measures across client alloca-
tions and averaging intervals on the fixed test set. Points represent seeds, horizontal
segments show means, and the dashed line marks the ImageNet-pretrained initializa-
tion.

across the three pairs, with a mean difference of −0.0444. Average-precision
differences range from −0.0180 to +0.0042 and average −0.0078. Concentration
can therefore emerge without client partitioning or model aggregation.

Table 3. Alignment effects on covariance effective rank. Entries are mean ∆ log rC
with the seed range in brackets. Negative values denote concentration. VinDr-CXR
endpoints are label-free.

Training design K ChestX-ray14 VinDr-CXR

Pooled – −4.424 [−4.452,−4.386] −3.901 [−3.956,−3.864]
Dirichlet 2 −3.641 [−3.843,−3.367] −2.698 [−2.786,−2.598]
Dirichlet 5 −3.778 [−4.108,−3.444] −2.776 [−3.538,−1.404]
Dirichlet 20 −3.986 [−4.337,−3.390] −3.056 [−4.097,−1.334]
View based 2 −2.771 [−3.505,−1.791] −1.863 [−2.829,−0.883]
View based 5 −3.923 [−4.169,−3.752] −3.021 [−3.468,−2.422]
View based 20 −3.328 [−4.085,−1.968] −2.693 [−3.688,−0.912]
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On VinDr-CXR, all 21 federated and pooled pairs have lower rZ and rC and
higher q1 after alignment. Table 3 shows a negative covariance-rank contrast for
every design and seed. The federated ∆ log rC is less negative than the pooled
contrast in all 18 ChestX-ray14 pairs; differences in exposure and mixed-precision
scaling make this comparison descriptive rather than causal.

5 Discussion

Pooled training demonstrates that class-mean alignment can concentrate repre-
sentations without federation. The same shift on VinDr-CXR shows that the ge-
ometry is not confined to the ChestX-ray14 test set. Prediction follows a different
pattern: pooled AUROC differences are negative in all seeds, whereas federated
changes vary by setting and metric. Effective rank summarizes total variation,
but classification may depend on a few directions. The spectra identify concen-
tration, not whether the affected directions are clinical, acquisition-related, or
redundant. Since rZ and rC weight spectra differently, the estimated concentra-
tion also depends on the measure. Together, these findings separate geometric
concentration from predictive benefit.

Quadratic attraction to one class mean suppresses within-class variation but
does not produce the inter-class or classifier geometry of full neural collapse. Al-
ternative designs target inter-class separation [2,21], angular or relational struc-
ture [4,20], or delayed alignment [1]. Evaluating such designs with predictive
and spectral endpoints would test whether they retain within-class variation
and predictive performance.

The matched design fixes one binary task, one backbone, one alignment
weight, and three seeds; VinDr-CXR is label-free; and the client allocations
approximate institutional partitions. Broader inference will require prespecified
endpoints, labeled external cohorts, and variation in tasks, backbones, and align-
ment strengths.

6 Conclusion

Class-mean alignment concentrates centered chest X-ray representations in both
training designs. The effect persists on VinDr-CXR, while predictive changes
depend on context. Spectral and predictive endpoints answer distinct questions.

Data and code availability. We redistribute neither ChestX-ray14 nor VinDr-
CXR; dataset access follows NIH and PhysioNet terms [13,12]. Code, aggre-
gate results, figure builders, and checkpoint hashes are at https://github.com/
r78zyang/decaf2026-diag.

Ethics and AI assistance. This secondary analysis used de-identified data [13,11]
and involved no participant contact. Article 32 of the 2023 Chinese measures
identifies qualifying use of lawfully obtained public or anonymized data as eligible
for ethics-review exemption [10]. AI-assisted tools supported editing and code
review; the authors verified all analyses, references, and text.

https://github.com/r78zyang/decaf2026-diag
https://github.com/r78zyang/decaf2026-diag
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