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Abstract

Contrastive learning enables scalable representation learning in computer vision and
healthcare, yet embedding spaces may encode unequal geometric structure across latent
subpopulations, leading to downstream performance disparities. Conventional fairness
audits relying on demographic labels often fail to detect such structural bias. This work
examines whether contrastive embeddings contain fairness relevant latent subgroups that
can be identified without demographic supervision. We introduce a label free spec-
tral fairness audit that constructs similarity graphs over CLIP embeddings and applies
eigengap-based spectral clustering. Experiments on CheXpert reveal stable latent sub-
groups with noticeable geometric distortions and performance gaps, exposing hidden
fairness risks missed by demographic based evaluations. This work enables label-free
discovery of hidden fairness and reliability risks in contrastive embeddings, supporting
safer, more transparent deployment of foundation models in healthcare and other high-
stakes domain.

Keywords: Contrastive Learning, Embeddings, Latent Subgroups, AI Fairness, Spec-

tral Clustering, Bias.

This article is © 2026 by author(s) as listed above. The article is licensed under a Creative Commons
Attribution (CC BY 4.0) International license (https://creativecommons.org/licenses/by/4.0/legalcode),
except where otherwise indicated with respect to particular material included in the article. The article
should be attributed to the author(s) identified above.

1. Introduction

As contrastive learning drives large-scale vision models, concerns arise that representation
geometry encodes latent biases, which correlate with downstream performance disparities,
suggesting contrastive objectives may propagate structural bias [1]. Methods that explicitly
reshape embedding geometry during training can reduce demographic information without
sacrificing accuracy [2]. However, subsequent work demonstrates that subgroup performance
gaps can persist even in debiased embedding spaces [3]. These findings highlight the need
to directly analyze latent geometric structure rather than relying solely on demographic
labels or output level fairness metrics. Prior fairness studies in chest X-ray classification
primarily assess prediction level disparities using explicit demographic attributes via metrics
such as equalized odds, demographic parity, and subgroup AUROC gaps as exemplified by
CheXclusion [4] and FairBias [5], both of them assume reliable demographic labels and do not
analyze contrastive embedding geometry or uncover latent subgroups without demographics.

Motivated by these gaps, we investigate the fairness properties of contrastive embeddings
through their latent geometric structure and address the following research questions:

• RQ1: Do contrastive embeddings contain latent geometric subgroups that capture
fairness-relevant variation without relying on demographic labels?

• RQ2: Can spectral graph methods reliably identify these subgroups and characterize
geometric distortions within the embedding space?

• RQ3: Do the discovered latent subgroups exhibit systematic downstream perfor-
mance disparities that are not detectable through standard aggregate evaluation
metrics?
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We propose a label-free spectral fairness audit of CLIP embeddings to uncover latent
subgroup disparities beyond demographics. Code is available at: Label-free Spectral Fairness
Code.

2. Related Work

Fairness research is shifting beyond demographics, using reweighting and distributionally
robust methods to mitigate disparities without labels, supported by survey work emphasizing
label-independent approaches [6–8].

More recently, fairness research has adopted a geometric perspective, framing represen-
tation bias in terms of embedding distances, manifolds, and structural distortions [9]. This
view emphasizes representation geometry as a primary mechanism through which dispar-
ities emerge, even absent demographic labels. Complementary self-supervised approaches
show that directly shaping embedding structure via conceptual constraints can yield fairer
representations without demographic supervision [10]. Prior work on large-scale contrastive
models shows that social biases embedded during pretraining manifest as downstream per-
formance disparities, as demonstrated for CLIP and other vision–language encoders [1, 11].
While some methods attempt to mitigate bias by modifying representation geometry [2],
empirical evidence suggests that removing demographic separability alone does not elimi-
nate subgroup performance gaps [3]. In medical imaging, fairness studies primarily analyze
prediction-level disparities using explicit demographic labels [4, 5], without examining latent
embedding geometry. This leaves representational biases and unlabeled subgroup structure
largely unaddressed. Motivated by the limits of demographic-based fairness evaluation and
the role of representation geometry, we examine whether contrastive embeddings contain la-
tent subgroups, if spectral methods can uncover them without demographics, and whether
they exhibit hidden performance disparities.

3. Methodology

We propose a label-free spectral auditing method (Fig. 1) to identify latent subgroups in
embeddings and assess fairness via geometry, without demographics. Experimental hard-
ware setup details shown in Table 9, Appendix A.

Embedding Extraction and Preprocessing: CLIP’s contrastive embeddings capture se-
mantic structure and intrinsic biases, making them suitable for label-free geometric fairness
analysis. Therefore, visual representations are extracted using the CLIP ViT-B/32 en-
coder [12] applied to the CheXpert dataset. All embeddings are ℓ2-normalized to ensure
numerical stability. To reduce noise and improve spectral conditioning, we optionally apply
Principal Component Analysis (PCA), retaining d = 64 dimensions to stabilize kNN graph
construction and spectral decomposition. The resulting embedding matrix X ∈ Rn×d is
used for graph construction.

Similarity Graph Construction: Local geometric structure is captured using a k-nearest
neighbor (kNN) graph constructed via the HNSW approximate nearest neighbor algorithm.
Edges are defined using cosine similarity with binary weighting, and an optional mutual
kNN constraint is applied to improve robustness. This yields a sparse, symmetric affinity
matrix W emphasizing reliable local neighborhoods.

Spectral Graph Construction and Cluster Selection: From W , we compute the symmetric
normalized graph Laplacian

Lsym = I −D−1/2WD−1/2,

where D is the degree matrix. The number of latent subgroups is selected using the eigengap
heuristic, computed from a single partial eigendecomposition of the Laplacian. Specifically,

https://github.com/anonsubmit-code/Uncovering-Latent-Subgroups-Spectral-Clustering-for-Fairness-Analysis-in-Contrastive-Embeddings
https://github.com/anonsubmit-code/Uncovering-Latent-Subgroups-Spectral-Clustering-for-Fairness-Analysis-in-Contrastive-Embeddings
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Figure 1. Label-free Spectral Fairness Audit Framework

we compute the smallest Kmax + 1 eigenvalues and select

k∗ = arg max
k∈[2,Kmax]

(λk − λk−1).

Spectral Embedding and Clustering: Using the selected k∗, we form a spectral embed-
ding from the corresponding eigenvectors and apply row normalization. Latent subgroups
assignments are obtained via k-means clustering in this space, using multiple random ini-
tializations to ensure stability.

Geometric and Fairness Analysis: We quantify latent subgroups geometry using cluster
size distributions, Gini coefficient, intra-cluster radii, inter-centroid distances, and a dis-
persion index. Fairness is evaluated without demographic supervision by training logistic
regression classifiers for Pleural Effusion and Cardiomegaly and reporting AUROC (Area
Under the Receiver Operating Characteristic curve) per cluster, with uncertainty estimated
via 500 sample bootstrap resampling.

Baselines, Controls, and Robustness: We compare against k-means and random cluster-
ing, including shuffle-based negative control, and assess robustness via k-sensitivity (k ∈
10, 15, 20).

Post-hoc Demographic Alignment and Stability: Demographic labels (sex) are used only
post-hoc via ARI/AMI (Adjusted Rand Index / Adjusted Mutual Information), with sta-
bility measured across repeated initializations.

4. Results

We evaluate the proposed spectral fairness audit (Figure 1) on CLIP [12] embeddings from
CheXpert across Pleural Effusion, Edema and Cardiomegaly which are selected as clinically
distinct that share the same representation in the embedding space, reporting geometric,
stability, demographic alignment, and downstream performance results (Tables 1–7).

Using the eigengap criterion, the proposed method identifies k∗ = 9–11 latent subgroups
for Pleural Effusion (PE) across kNN graph sizes k ∈ {10, 15, 20} (Table 1). Under the de-
fault configuration (k = 15), Cardiomegaly and Edema similarly yield k∗ = 10 and k∗ = 11
latent subgroups, respectively, demonstrating that the discovered subgroup structure gen-
eralizes beyond the primary task. Spectral analysis reveals clear latent geometric subgroup
structure in CLIP contrastive embeddings without demographic labels. As shown in Fig. 2
and Table 2, the spectral embedding reveals a dense central manifold with peripheral sam-
ples, while the discovered clusters exhibit substantial size imbalance (Gini = 0.54 − 0.57
for PE, 0.49 for Edema, and 0.84 for Cardiomegaly), indicating meaningful structure rather
than random partitioning. Inter-centroid distances (0.63 − 0.76) further suggest subgroup
separation in the embedding space. Importantly, alignment with available demographic
attributes is negligible (ARI/AMI ≈ 0), suggesting that the identified subgroups reflect la-
tent distributional structure rather than trivial recovery of known labels which supports the
existence of fairness-relevant geometric variation in contrastive embeddings.



4

Component Value

Dataset / Encoder CheXpert (n=223,414) / CLIP ViT-B/32
Embedding 512 → 64 (PCA)
Graph HNSW (cosine), k=10, 15, 20;

mutual kNN: Yes; edge weight: Binary
Laplacian Symmetric normalized
Clusters (k∗) 9–11 (eigengap)
Metrics (Silhouette / DBI) 0.54–0.65 / 0.53–0.79
Stability (ARI) > 0.95

Table 1. Experimental Setup and Spectral Clustering Summary Across k-Sensitivity

Metric Range

Cluster size Gini 0.54 – 0.57 (PE), 0.49 (Edema), 0.84 (Cardiomegaly)
Mean cluster radius 0.82 – 0.92
Inter-centroid distance 0.63 – 0.76
Dispersion index 0.73 – 0.92 (PE), 0.79 (Edema), 0.47 (Cardiomegaly)
Demographic alignment (ARI / AMI) ≈ 0 / ≈ 0

Table 2. Geometric Properties of Discovered Latent Subgroups for Pleural Effusion(PE),
All k = 10, 15, 20, k=15 for Edema and Cardiomegaly

(a) Spectral embedding
(first two eigenvectors)
for k = 10.

(b) Cluster size distri-
bution for k = 10.

Figure 2. Latent geometric subgroups revealed by spectral clustering for Pleural Effusion

Spectral clustering consistently outperforms k-means and random partitioning in uncover-
ing geometrically meaningful and stable subgroups (Tables 3 and 5, Appendix A). For Pleu-
ral Effusion, spectral clustering exhibits higher cluster size imbalance (Gini ≈ 0.55–0.57) and
lower dispersion indices (0.73-0.93) than k-means (Gini ≈ 0.11, dispersion ≈ 0.98), while
random clustering exhibits negligible structure (Tables 2 and 3, Appendix A). As shown in
Fig. 2, spectral embeddings exhibit dense central clusters and sparse peripheral subgroups,
indicating uneven latent geometry. Sensitivity analysis across neighborhood sizes (Table 5,
Appendix A) shows that clustering quality remains stable, with silhouette scores between
0.60-0.65, Davies-Bouldin indices between 0.53-0.79, indicating changing neighborhood size
does not collapse the cluster structure, and ARI consistently above 0.95, indicating latent
subgroups structure is consistent. In contrast, the shuffle control produces inconsistent and
task-dependent clustering quality, indicating that stable latent subgroups structure does not
emerge when embedding geometry is disrupted (Table 8, Appendix A). These results sug-
gests, spectral graph methods reliably identify latent subgroups and characterize geometric
distortions that remain stable across neighborhood choices, with shuffle control confirming
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that the structure arises from intrinsic embedding geometry rather than hyperparameter
artifacts.

Although aggregate AUROC remains largely stable across clustering configurations (Ta-
ble 5, Appendix A), latent subgroups identified by spectral clustering exhibit substantially
larger downstream performance disparities than those revealed by k-means or random clus-
tering baselines. For Pleural Effusion, spectral clustering produces AUROC ranges of
0.12–0.13 across subgroups, compared to 0.06–0.10 for k-means and ≤ 0.03 for random
clustering (Table 4, Appendix A). Similar patterns emerge across conditions: Cardiomegaly
shows extreme per-cluster AUROC variation under spectral clustering (range ≈ 0.41), while
Edema exhibits non-trivial subgroup heterogeneity under both spectral and k-means meth-
ods but not under random assignment. These findings indicate that standard aggregate
evaluation masks systematic subgroup-level performance variation that becomes visible only
when auditing embeddings through latent geometric structure. While k-means occasionally
identifies subgroup performance variation, these effects are less consistent and accompanied
by near-uniform cluster geometry, whereas spectral clustering uniquely surfaces both geo-
metric imbalance and amplified worst-case performance disparities absent under random
clustering.

Overall, our results show that CLIP embeddings encode stable latent geometric sub-
groups independent of demographic attributes, exhibiting imbalance and task-dependent
performance differences. By auditing representation geometry rather than demographics or
aggregate accuracy, the proposed spectral approach reveals latent reliability and fairness
risks not consistently detected by k-means or random baselines.

5. Discussion

RQ1 - Latent subgroup existence without demographics: Prior demographic-free fairness
work has largely focused on optimization-level interventions, without examining whether
representation spaces themselves encode latent subgroups structure [6–8]. Our results show
that CLIP contrastive embeddings contain stable latent geometric subgroups independent
of demographic labels, characterized by substantial cluster imbalance and coherent geome-
try, supporting geometric perspectives on fairness [9]. RQ2 - Reliability of spectral methods:
Spectral clustering consistently outperforms k-means and random baselines in capturing
uneven manifold structure and stable subgroup partitions, highlighting the importance of
manifold-aware methods for auditing representation spaces beyond enforcing demographic
invariance [2, 3]. RQ3 - Downstream disparities beyond aggregate evaluation: Despite weak
demographic alignment, spectrally identified subgroups exhibit task-dependent performance
heterogeneity that is largely invisible under aggregate AUROC; while k-means occasionally
surfaces variation, these effects are less consistent and lack corresponding geometric struc-
ture. Rather than constituting fairness violations per se, such disparities signal reliability
and fairness-relevant risks that complement prediction-level audits in domains with limited
demographic supervision, including medical imaging [4, 5].

6. Conclusion and Future work

This work introduces a label-free method for auditing fairness in contrastive embeddings.
Through spectral analysis of CLIP representations, we show that latent geometric subgroups
emerge independently of demographic supervision, exhibit systematic geometric distortions,
and correspond to substantial downstream performance disparities. These findings demon-
strate that conventional demographic audits can overlook hidden risks, while geometric
aware spectral analysis provides a necessary complementary lens for fairness evaluation in
large-scale representation learning. Future work will focus on improving scalability through
approximate spectral methods, extending the method to multimodal and temporal embed-
dings, and integrating causal and clinical validation to support geometric aware fairness
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mitigation. Spectral decomposition is computationally demanding at scale, latent clusters
may lack semantic interpretability, and downstream evaluation is limited to a linear classifier
under incomplete demographic labels.
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Appendix A. Baseline K-means vs Spectral Clustering vs Random Clustering

A.1. Geometry and stability comparison for Pleural Effusion

Run Method #Clusters Cluster Size Gini ↑ Dispersion Index ↓

K=10
k-means (Baseline) (k = 11) 11 0.109 0.975
Spectral (k∗ = 11) 11 0.557 0.747
Random (k = 11) 11 0.004 0.010

K=15
k-means (Baseline) (k = 9) 9 0.138 0.979
Spectral (k∗ = 9) 9 0.569 0.730
Random (k = 9) 9 0.003 0.009

K=20
k-means (Baseline) (k = 11) 11 0.109 0.975
Spectral (k∗ = 11) 11 0.547 0.925
Random (k = 11) 11 0.004 0.010

Table 3. Subgroup geometry and stability comparison across spectral clustering, k-
means, and random partitioning. Higher cluster size Gini indicates greater size im-
balance; lower dispersion index indicates tighter cluster cohesion.

A.2. Downstream AUROC Disparities for Pleural Effusion

Run Method AUROCmin AUROCmax Range (max–min)

K=10
k-means (Baseline) (k = 11) 0.658 0.723 0.065
Spectral (k∗ = 11) 0.630 0.756 0.126
Random (k = 11) 0.697 0.729 0.032

K=15
k-means (Baseline) (k = 9) 0.646 0.741 0.095
Spectral (k∗ = 9) 0.604 0.731 0.127
Random (k = 9) 0.704 0.719 0.015

K=20
k-means (Baseline) (k = 11) 0.628 0.742 0.115
Spectral (k∗ = 11) 0.662 0.728 0.066
Random (k = 11) 0.702 0.730 0.027

Table 4. Downstream AUROC heterogeneity across discovered subgroups. Disparity is
measured as the range (max–min) of cluster-level AUROC means.

A.3. Sensitivity Analysis of Spectral Clustering across Neighborhood Sizes

Sensitivity Run Spectral k∗ Silhouette ↑ Davies–Bouldin ↓ Stability (ARI) ↑ AUROC ↑

k = 10 11 0.6032 0.7882 0.9750 0.7170
k = 15 9 0.6486 0.5332 0.9811 0.7157
k = 20 11 0.5386 0.5521 0.9587 0.7116

Table 5. Sensitivity analysis of spectral clustering across neighborhood sizes. The k = 15
configuration achieves the best balance of geometric separation (highest silhouette, lowest
Davies–Bouldin) and clustering stability, while downstream AUROC remains relatively
stable across settings, indicating robustness of predictive performance to clustering hy-
perparameters.
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A.4. Cardiomegaly — Baseline k-means vs Spectral vs Random

Method #clust Silh ↑ DB ↓ Gini ↓ ARI ↑ AUROC ↑ Per Cluster AUROC min–max Range

Spectral 10 0.9868 1.0946 0.8487 0.9999 0.6566 0.2697–0.6777∗ 0.4080∗

k-means 10 – – 0.1046 – 0.6538 0.6296–0.6752 0.0457
Random 10 – – 0.0027 – 0.6509 0.6313–0.6670 0.0357

Table 6. Cardiomegaly: comparison of spectral clustering against k-means and a ran-
dom assignment baseline. spectral clustering discovers highly skewed subgroup structure
(Gini=0.8487) and wider per-cluster AUROC variation, but this spread is likely inflated
by very small clusters; k-means produces more balanced partitions with tighter AUROC
dispersion. Note: Spectral per-cluster AUROC is only reported for a subset of clusters
in the provided output and includes very small clusters (e.g., n ≈ 31), which can yield
unstable AUROC estimates.

A.5. Edema — Baseline k-means vs Spectral vs Random

Method #clust Silh ↑ DB ↓ Gini ↓ ARI ↑ AUROC ↑ Per Cluster AUROC min–max Range

Spectral 11 0.5386 0.5866 0.4943 0.8670 0.7519 0.6547–0.7504 0.0957
k-means 11 – – 0.1090 – 0.7512 0.6184–0.7539 0.1355
Random 11 – – 0.0040 – 0.7521 0.7380–0.7630 0.0250

Table 7. Edema: comparison of spectral clustering against k-means and a random as-
signment baseline. Unlike the random control (low Gini, narrow AUROC spread), both
spectral and k-means identify subgroups with non-trivial per-cluster AUROC variation,
with k-means showing the largest spread in this run.

A.6. Shuffle Negative Control across All Pathologies

Task (kNN k) k∗ Silhouette DBI
Pleural Effusion (k = 10) 12 0.696 0.993
Pleural Effusion (k = 15) 9 0.663 0.431
Pleural Effusion (k = 20) 11 0.540 0.552
Cardiomegaly (k = 15) 9 0.998 0.987
Edema (k = 15) 11 0.544 0.579

Table 8. Shuffle-based negative control results across pathologies and kNN graph sizes.

A.7. Experimental Hardware Setup

Component Specification
CPU Intel Xeon @ 2.00GHz (4C/8T)
GPU NVIDIA Tesla T4 (15 GB VRAM)
CUDA 13.0
Environment Google Colab (KVM)

Table 9. System Specifications
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