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Abstract. Generative data augmentation with latent diffusion models
is a promising strategy for addressing class imbalance in medical imag-
ing, yet current approaches focus on perceptual fidelity and domain-
specific autoencoder fine-tuning while neglecting a more fundamental
bottleneck. We identify and formalize the learnability gap: large-scale pre-
trained autoencoders faithfully encode discriminative features for med-
ical classification, as evidenced by near-lossless performance in recon-
struction space, yet their latent representations are structured in ways
that are difficult for classifiers to learn from. Across five autoencoder
families and four medical benchmarks spanning chest radiography, der-
matoscopy, computed tomography, and echocardiography, we show that
this gap persists regardless of architecture, initialization strategy, or hy-
perparameter tuning, and that medical-domain fine-tuning of the au-
toencoder does not close it. To probe and partially narrow the gap,
we introduce noise-conditioned latent classifiers with FiLM layers and
image-space distillation, deploying them as diagnostic instruments and
initial mitigations to evaluate latent space quality. These models offer
64× throughput and 120× memory gains over image-space models while
serving as diagnostic tools for latent space quality. Our analysis pro-
vides a new framework for evaluating autoencoder latent spaces and
identifies their structure, rather than their fidelity or domain specificity,
as the primary obstacle to closing the performance gap between real
and synthetic medical training data. Model and code made available at
https://github.com/MischaD/LearnabilityGap.git.

Keywords: Image generation · Latent diffusion · Representation learn-
ing · Long-tail classification.

1 Introduction

Clinical datasets follow long-tailed distributions almost universally: common di-
agnoses dominate while rare but critical conditions populate the tail [15,16,23].
In chest radiography, “No Finding” can exceed 60% of studies while pneumo-
mediastinum appears in fewer than 0.1% [17]. Similar imbalances arise in der-
matoscopy [3,36], computed tomography [10], and congenital heart disease screen-
ing [38]. Models trained on such distributions systematically underdiagnose rare
conditions [2,18], and acquiring additional labeled examples is expensive and
privacy-constrained [33]. Latent diffusion models [34,30,20] offer a compelling
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path: a hospital trains a generative model locally and shares synthetic samples
on demand, a privacy-preserving alternative to federated learning [33,27]. The
practical value of this pipeline depends on whether generated images carry the
discriminative features downstream classifiers need, particularly for tail classes.
Current work addresses this through perceptual fidelity (FID [12]) and domain-
specific autoencoder fine-tuning [37], implicitly treating the latent space as a neu-
tral intermediary. Recent studies on natural images challenge this assumption: la-
tent spaces contain high-frequency artifacts [35], geometric equivariance [21,42],
and benefit from alignment with pretrained representations [40,22,39]
[41,9]. The emerging view is that latent space structure actively shapes what a
generative model can learn [1,8], yet the implications for class-conditional gener-
ation in long-tailed medical settings remain unexplored. We make this question
precise through a systematic study across five autoencoder families and four
clinical benchmarks. Reconstruction-space classifiers match image-space perfor-
mance (p=0.375, Wilcoxon signed-rank test), confirming that the autoencoders
faithfully preserve discriminative information. Yet latent-space classifiers suffer
a substantial drop despite extensive architecture search, distillation, and noise-
conditional training (p = 9.5× 10−7, Wilcoxon across all 20 AE×dataset pairs).
We term this the learnability gap (Fig. 1): the information is present but struc-
tured in a way that resists direct learning. This gap propagates to generative
augmentation: if the diffusion model cannot learn class-discriminative structure
from the latents, its samples will lack the pathological markers classifiers rely
on.

Our contributions are: (1) We identify and quantify the learnability gap
across five autoencoder families and four medical benchmarks, showing it is sys-
tematic (p = 9.5 × 10−7) and independent of reconstruction fidelity, domain
specificity, and initialization strategy. (2) We present noise-conditioned latent
classifiers with FiLM layers and image-space distillation as diagnostic instru-
ments and initial mitigations. Rather than treating these layers as our primary
architectural contribution, we use them to probe the lower bound of generative
utility while offering 64× throughput gains, making them practical for rejection
sampling and quality filtering in generative pipelines. (3) We provide a con-
trolled analysis isolating the sources of the gap through systematic ablations of
fine-tuning, distillation, and noise conditioning, establishing latent space struc-
ture as the bottleneck for long-tail medical synthesis.

Related work. Long-tailed medical classification has been extensively bench-
marked [15,16,23], with LDAM [2], decoupled training [18], and focal loss [24] as
standard remedies. Generative augmentation via class-balancing diffusion [32],
guided adapters [28], synthetic pretraining [27], and diversity control [7] has
shown promise. Latent diffusion [34,13,30,20] relies on autoencoder latent spaces
whose structure significantly impacts generation quality through high-frequency
artifacts [35], equivariance deficits [21,42], geometry [5], and spectral biases [8].
Representation alignment methods [40,22,39,41,9] improve latent spaces using
pretrained encoders such as DINOv2 [29], and latent-space learnability has been
studied for natural images [1] and memorization detection [6]. Domain-specific
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Fig. 1: Method overview. A frozen pretrained autoencoder maps images to latent
space and back. The learnability gap: reconstruction-space classifiers match im-
age space, but latent-space classifiers degrade substantially. A ConvNeXt-Tiny
student classifier with FiLM-based noise conditioning is distilled from an image-
space teacher.

autoencoders preserve clinical features [37]. Classifier guidance at inference [4,14]
and autoguidance [19] improve sample quality but do not address the underly-
ing representation. We differ by providing the first systematic diagnosis of the
learnability gap in medical latent spaces and by developing noise-conditioned la-
tent classifiers as both diagnostic and practical tools for generative pipelines. We
show this gap persists in medical imaging and use a probing framework to isolate
the diagnosis from the confounding sampling process, unlike prior natural-image
studies [21,22].

2 Method

An overview is given in Fig. 1. We operate in the latent space of a frozen pre-
trained autoencoder. Let ximg denote an image, x = E(ximg) its latent encoding,
and x̃img = G(x) the decoded reconstruction. All latents are channel-wise nor-
malized over the training set.
Three evaluation spaces. To isolate the effect of latent encoding from infor-
mation loss, we define three evaluation spaces: image space (classifiers trained
on original images ximg), latent space (classifiers trained on latent codes x),
and reconstruction space (classifiers trained on decoded reconstructions x̃img =
G(E(ximg))). If latent-space classifiers underperform reconstruction-space clas-
sifiers, the gap cannot be caused by missing information (since the decoder can
recover it) but must instead reflect how the latent space structures that infor-
mation. This three-way comparison is the core diagnostic tool of our analysis.
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Noise-conditioned latent classifier. Our core component is a classifier fϕ(xσ, σ)
that predicts the class label c from noisy latents at any noise level σ, forcing re-
covery of semantic information even at low signal-to-noise ratios. We adopt a
ConvNeXt-Tiny [25] backbone operating directly on the latent tensor, chosen
for its strong performance in prior latent-space studies [6]. The noise level σ
is embedded via Fourier features followed by an MLP with SiLU activations,
and injected at the end of each ConvNeXt stage through Feature-wise Linear
Modulation (FiLM) [31]: γ, β = We(σ); x′ = x ⊙ (1 + γ) + β. FiLM param-
eters are zero-initialized so the backbone initially acts as an identity mapping
and gradually learns noise-dependent modulation. The classifier is trained with
Lcls = Ex,ε,σ[CE(fϕ(x+σε, σ), c)].

Our motivation for noise conditioning is twofold. First, it improves classi-
fication by forcing the network to learn robust, noise-invariant features rather
than overfitting to clean-latent statistics (Table 4). Second, noise-conditioned
classifiers integrate naturally into diffusion model training as regularizers on the
predicted clean latent x̂0 or as guidance models during sampling, providing a
practical path toward narrowing the learnability gap at the generative level.
Distillation from image space. Direct training of the latent classifier is lim-
ited by the learnability gap itself. We therefore distill from a strong image-space
teacher T operating on reconstructions x̃img. With teacher logits zT = T (x̃img)
and student logits zS = fϕ(x), we optimize:

Ldistill = αCE(zS , c) + (1− α) ∥zS − zT ∥22, α = 0.5, (1)

combining ground-truth supervision with soft logit matching. This encourages
the latent student to mimic the image-space decision boundary while retaining
hard-label supervision. The combination of distillation and noise conditioning
yields our strongest latent classifier, which we use both to quantify the learn-
ability gap and as a practical component for downstream generative pipelines
(e.g. rejection sampling, training-time regularization).

3 Experiments

Setup. We evaluate on four medical benchmarks: MIMIC-CXR long-tail (19
chest X-ray findings, N=111k) [17], ISIC 2019 (8 skin lesion classes, N=25k) [3,36],
CT-RATE (13 CT findings, N=23k) [10], and Cardium (CHD vs. normal, N=6.6k) [38].
All datasets exhibit long-tailed distributions with imbalance ratios exceeding
50:1. We compare five autoencoder families: Stable Diffusion 1.4 (SD 1.4), Flux.1 dev,
Flux.2 dev, MedVAE [37], and MedVAE fine-tuned on each target dataset (MedVAE-
FT). Image-space and reconstruction-space classifiers use ImageNet-pretrained
ResNet-50 [11] with LDAM loss [2] and deferred reweighting at epoch 10, trained
for up to 60 epochs (patience 15). Latent classifiers use ConvNeXt-Tiny [25]
with the input layer adapted to each autoencoder’s channel count. All results
report 5-fold cross-validation on identical folds and seeds; we report mean±std.
We evaluate balanced accuracy (bACC), area under the ROC curve (AUC), and
Matthews correlation coefficient (MCC).
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Table 1: The learnability gap across autoencoder families (pretrained init., 5-
fold CV). Latent space (LS) classifiers underperform reconstruction space (RS),
which matches image space. † Paired t-test p<0.05; ‡ p<0.001. Best LS per
dataset in bold. Overall LS vs RS: Wilcoxon p = 9.5× 10−7.

CT-RATE ISIC-2019 MIMIC-LT Cardium

Method Sp. bACC AUC MCC bACC AUC MCC bACC AUC MCC bACC AUC MCC

Image Space – .255±.018 .720±.017 .280±.033 .749±.021 .947±.008 .703±.027 .263±.010 .760±.015 .279±.017 .669±.028 .743±.036 .280±.061

SD 1.4 LS .156‡±.010 .635±.020 .147±.014 .468‡±.012 .835±.011 .428±.020 .135‡±.007 .656±.013 .191±.022 .624±.014 .676±.010 .202±.012

RS .246±.020 .727±.018 .257±.015 .746±.009 .943±.005 .700±.009 .261±.012 .769±.008 .285±.018 .662±.032 .723±.043 .270±.077

Flux.1 LS .167‡±.009 .639±.027 .153±.015 .496‡±.013 .853±.006 .466±.005 .132‡±.009 .662±.009 .197±.011 .627±.024 .682±.026 .209±.054

RS .252±.020 .725±.014 .279±.017 .744±.017 .943±.004 .697±.015 .263±.025 .773±.008 .274±.023 .667±.036 .724±.055 .287±.068

Flux.2 LS .169†
±.022 .653±.019 .174±.008 .552‡

±.013 .884±.003 .527±.019 .166‡
±.010 .703±.005 .221±.034 .639±.026 .690±.053 .223±.043

RS .242±.017 .726±.011 .260±.008 .755±.019 .951±.005 .714±.012 .247±.023 .767±.008 .282±.014 .666±.021 .722±.036 .268±.038

MedVAE LS .164†±.014 .641±.010 .176±.007 .539‡±.021 .877±.008 .509±.018 .144‡±.006 .673±.008 .210±.013 .633±.053 .684±.068 .227±.074

RS .239±.015 .719±.011 .261±.017 .725±.018 .934±.007 .667±.013 .205±.011 .730±.011 .248±.029 .644±.028 .720±.051 .235±.059

MedVAE-FT LS .164†±.021 .655±.010 .168±.018 .553‡±.015 .882±.006 .525±.013 .157†±.006 .682±.004 .205±.018 .623±.029 .680±.048 .203±.047

RS .238±.019 .717±.019 .267±.011 .750±.021 .949±.008 .709±.018 .257±.027 .767±.013 .276±.017 .661±.046 .725±.048 .265±.074

Table 2: Recon. quality. High fidelity does not
predict latent-space learnability: Flux.2 leads
in PSNR but shows the largest LS gap on
ISIC.

CT-RATE ISIC MIMIC Cardium

SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR

SD 1.4 .924 34.2 .971 37.3 .983 35.2 .985 30.5
Flux.1 .946 40.8 .994 40.3 .997 40.5 .999 39.1
Flux.2 .941 40.6 .994 42.3 .997 41.9 .999 40.8
MedVAE .938 38.2 .963 24.9 .711 23.7 .991 32.7
MedVAE-FT .939 39.5 .991 41.1 .996 39.8 .996 35.2

Table 3: ImageNet, 24 h budget,
single GH200. Latent training:
64× faster, 120× less memory.
Space bACC AUC MCC S/s MB

Image .459 – – 50 20k
Latent .630 .996 .629 3.2k 166
+ Distill. .711 .993 .710 3.2k 166

The learnability gap is large and consistent. Table 1 presents the cen-
tral finding. Across all five autoencoder families and four datasets, latent-space
classifiers underperform their reconstruction-space counterparts. On ISIC-2019,
the bACC gap exceeds 18 percentage points for every autoencoder (up to 27.8
for SD 1.4; p<10−4, paired t-test). On MIMIC-LT the gap ranges from 6 to 13
points, consistently significant (p<0.002). A Wilcoxon signed-rank test across
all 20 AE×dataset pairs confirms the gap is systematic (p = 9.5 × 10−7).
Reconstruction-space performance is not significantly different from image space
(p=0.375, Wilcoxon), confirming that discriminative information is faithfully
preserved. Cardium is the only dataset where the gap does not reach signifi-
cance, attributable to its binary nature and high cross-fold variance.
Reconstruction fidelity does not predict learnability. Table 2 reports re-
construction quality for each autoencoder. Flux.2 achieves the highest PSNR
(41.4 dB macro average) yet also exhibits a large LS gap, while MedVAE some-
times has lower fidelity (e.g. 23.7 dB on MIMIC) but a comparable classification
gap. Fig. 3 confirms this visually: pixel-wise differences between originals and
reconstructions are minimal across autoencoders, yet the classification gap per-
sists. Fig. 2 makes this explicit: across all 20 AE×dataset combinations, PSNR
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Fig. 2: PSNR vs. learnability gap. Each point is one AE×dataset pair. Higher
fidelity does not reduce the gap; dataset difficulty dominates.

Table 4: Latent classifier ablation on Flux.2 (5-fold CV). Each component helps
incrementally, but the gap to RS persists, confirming its structural nature.
⋆ Significant vs. naïve (p<0.05, paired t-test).

CT-RATE ISIC-2019 MIMIC-LT Cardium Macro

Method bACC AUC MCC bACC AUC MCC bACC AUC MCC bACC AUC MCC AUC

RS baseline .242±.017 .726±.011 .260±.008 .755±.019 .951±.005 .714±.012 .247±.023 .767±.008 .282±.014 .666±.021 .722±.036 .268±.038 .791

Naïve LS .169±.022 .653±.019 .174±.008 .552±.013 .884±.003 .527±.019 .166±.010 .703±.005 .221±.034 .639±.026 .690±.053 .223±.043 .731
+ Distill. .174±.007 .664±.018 .202±.015 .581±.064 .898±.021 .565±.045 .152±.005 .697±.017 .228±.029 .653±.024 .728±.028 .260±.040 .747
+ HP opt.⋆ .205±.015 .695±.018 .209±.018 .643±.021 .901±.012 .584±.039 .202±.010 .740±.007 .265±.022 .567±.093 .573±.159 .109±.151 .727
+ Noise cond. .174±.028 .669±.027 .203±.028 .591±.043 .896±.008 .563±.020 .177±.011 .720±.014 .258±.012 .663±.020 .733±.009 .289±.021 .754

shows no predictive relationship with gap magnitude. This rules out information
loss as the cause and implicates the structure of the latent space.
Medical fine-tuning does not close the gap. Comparing MedVAE with
MedVAE-FT in Table 1 reveals that fine-tuning the autoencoder on in-domain
data improves reconstruction quality substantially (PSNR from 29.9 to 38.9 dB
on average, Table 2) but does not meaningfully improve latent-space classifica-
tion: the macro-average LS bACC changes from .370 to .374, with significance
on only one of four datasets (MIMIC-LT, p=0.04; paired t-test). Meanwhile, RS
benefits more from fine-tuning (MIMIC p=0.008, ISIC p=0.02), widening the
gap rather than closing it. This confirms that the learnability gap is structural,
not a domain mismatch, and that investing compute in autoencoder fine-tuning
is not an effective remedy.
Latent classifier ablation. Table 4 ablates strategies for training latent-space
classifiers on Flux.2. Naïve training already exposes the full learnability gap. Sys-
tematic hyperparameter optimization yields a distilled variant reaching a macro
bACC of .404 (p<0.03 on 3 of 4 datasets), though it remains unstable on the
data-limited Cardium task (bACC = .567±.093). Introducing noise conditioning
via FiLM layers slightly reduces macro bACC to .401 but substantially improves
discriminative robustness: mean AUC rises from .727 to .754 and MCC from .292
to .328. This improvement is most notable on Cardium (MCC .223 → .289), con-
firming that noise-aware training learns more robust decision boundaries. Despite
these interventions, a gap of 4–11 bACC points relative to reconstruction space
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Fig. 3: Reconstruction samples and pixel-wise absolute difference for long-tail
classes across CT-RATE, MIMIC-LT, and ISIC. Reconstructions are near-
identical to originals, confirming that the autoencoder preserves discriminative
information despite the large classification gap in latent space.

(RS) persists. This suggests the learnability gap is a structural property of the
latent space rather than an artifact of suboptimal training.
Latent classifiers are fast. Table 3 demonstrates that latent classifiers, de-
spite the learnability gap, offer compelling practical advantages. On ImageNet
with a fixed 24-hour budget on a single NVIDIA GH200, latent ConvNeXt-Tiny
reaches bACC .630 vs. .459 in image space, a 17-point gain from operating in
the compressed domain. With distillation it reaches .711. Throughput increases
64× (3.2k vs. 50 samples/sec) and memory drops 120× (166 MB vs. 20 GB)
compared to image space classifiers which have to decode the latents first. This
makes latent classifiers practical as fast quality filters for generated images and
as components in training-time regularization schemes for diffusion models.
Why does the gap exist? Our experiments systematically rule out several
potential explanations. Information loss is excluded by the RS≈IS equivalence
(p=0.375). Domain mismatch is excluded by the failure of medical fine-tuning
to close the gap despite improving reconstruction from 29.9 to 38.9 dB PSNR.
Insufficient classifier capacity is unlikely: ConvNeXt-Tiny achieves strong RS
and image-space performance, and the gap persists or widens with stronger
classifiers and extensive hyperparameter tuning. We hypothesize that autoen-
coders trained for pixel-wise reconstruction distribute class-discriminative fea-
tures across high-frequency spatial patterns and inter-channel correlations that
convolutional classifiers struggle to exploit, while the decoder inverts these pat-
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terns precisely because it was jointly trained with the encoder. We see this CNN-
unfriendly latent format as a highly plausible structural explanation for this gap.
This interpretation is consistent with recent findings on spectral biases [8] and
high-frequency artifacts [35] in autoencoder latent spaces. Our probing frame-
work isolates the gap from standard generative training confounders, while our
autoencoder finetuning results counter the assumption that in-domain autoen-
coders resolve latent degradation. The gap is largest on ISIC-2019 (18-28 points),
where fine-grained texture differences between lesion types may be particularly
susceptible to such encoding artifacts. These findings suggest that latent space
restructuring, e.g. through class-conditional objectives, equivariance-aware ar-
chitectures [21], or alignment with discriminative encoders [40], which is a more
promising direction than improving reconstruction fidelity.
Discussion. Our results establish that the bottleneck in latent diffusion for med-
ical long-tail synthesis is not the autoencoder’s representational capacity but the
learnability of its latent space. The gap is robust across five autoencoder families,
four clinical modalities, and extensive hyperparameter tuning (p = 9.5 × 10−7,
Wilcoxon). This finding has direct implications for the field: efforts to improve
synthetic medical data should prioritize latent space restructuring over recon-
struction fidelity or domain-specific fine-tuning. Our noise-conditioned latent
classifiers, while not fully closing the gap, provide both a diagnostic frame-
work for evaluating latent space quality and practical components for generative
pipelines through their 64× throughput advantage. A limitation is that we di-
agnose the gap but do not resolve it at the representation level. Removing this
gap and validating with expert radiologist evaluation are natural next steps.
Broader impact. Our findings have practical implications for the deployment
of generative models in clinical settings. The learnability gap means that current
latent diffusion pipelines may systematically underrepresent rare pathologies in
synthetic training data, potentially perpetuating the very diagnostic biases they
are designed to mitigate. By identifying latent space structure as the bottleneck,
we redirect optimization efforts away from expensive autoencoder fine-tuning
toward more targeted interventions. Our noise-conditioned latent classifiers can
serve as lightweight quality filters in privacy-preserving synthetic data sharing
pipelines, enabling hospitals to verify the clinical plausibility of generated im-
ages without exposing real patient data. Addressing the learnability gap could
accelerate the adoption of generative augmentation for rare disease diagnosis,
where data scarcity is most acute and the clinical need is greatest.

4 Conclusion

We introduced the learnability gap: a systematic discrepancy between the dis-
criminative information preserved in autoencoder latent spaces and the ability of
downstream models to access it. Through a comprehensive exploration spanning
five autoencoder families, four long-tailed medical benchmarks, and multiple
classifier training paradigms, we showed that this gap, i.e. not reconstruction
fidelity or domain specificity, is the primary bottleneck limiting the utility of
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latent representations for medical data augmentation. The gap is highly sig-
nificant (p = 9.5 × 10−7) and is not remedied by medical-domain autoencoder
fine-tuning. We developed noise-conditioned latent classifiers with FiLM layers
and image-space distillation that partially narrow the gap and offer dramatic effi-
ciency gains (64× throughput, 120× memory reduction), making them practical
for quality filtering and rejection sampling in generative pipelines. We provide
three actionable insights: (i) large-scale pretrained autoencoders are sufficient
for medical synthesis without domain fine-tuning, as the bottleneck lies in latent
space structure rather than domain specificity; (ii) latent-space classifiers are
fast and useful but require careful training via distillation and noise condition-
ing; and (iii) the persistent learnability gap identifies latent space restructuring
as the critical open problem for advancing synthetic medical data augmentation.
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