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Abstract

Synthetic medical data generation requires human-auditable
control. It is important that latent factors are able to separate
data-specific structures so clinicians can inspect, trust, and
responsibly reuse synthetic samples. Building on prior evolu-
tionary generator work, an Evolutionary HyperNet-InfoGAN
is developed in which Policy Gradients with Parameter-
Based Exploration (PGPE) optimizes a compact HyperNet-
work that emits the weights of a larger image generator, while
a discriminator/Q-network is trained with backpropagation.
This process creates a non-stationary adversarial setting in
which evolutionary search must continually adapt, but in a
far smaller and more structured parameter space than direct
evolution of the full generator.

This model is used to evaluate a shared baseline on the
MNIST dataset (28x28 grayscale, 10 classes) and then on a
grayscale-converted BloodMNIST dataset (28x28, 8 classes)
with a shared-z protocol in which groups of samples share
continuous noise while discrete codes vary. This setup en-
ables the direct measurement of feature-space code separa-
tion (7'sense) and within-code variation (7;,trq). When com-
pared to a previous PGPE baseline that searched directly over
a generator with more than 500k parameters, the HyperNet-
work formulation yielded cleaner code allocation, substan-
tially more stable late-stage training, and the ability to resolve
early duplicate modes to distinct digits for better mode cov-
erage.

When applied to MNIST, the baseline approached full digit
coverage with fewer duplicate-code failures than prior direct
search. For BloodMNIST, the preliminary baseline results
show partial disentanglement and class-consistent morphol-
ogy, suggesting that HyperNetworks provide a practical inter-
mediate step toward auditable, controllable synthetic medical
image generation. These baselines motivate the next stage of
this work that will employ a Cultural Algorithm meta-level
controller in order to support adaptive fitness weighting and
secondary search guidance within the PGPE framework.

Introduction
Generative Adversarial Networks (GANs) (Goodfellow,
Bengio, and Courville 2016) are difficult to train because
adversarial dynamics can lead to instability, mode collapse,
and brittle gradients. InfoGAN (Chen et al. 2016) is attrac-
tive in this setting because it encourages latent variables to

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

723

evolves O N !

HyperNetwor |

(~32k 1

Layer / i

Ciyunk params) !

Context 'generated 0 !
Split Latent

Zbase) Ccat, Ccont

Y . \
Generator ! Fa;l&e [ Shared D/Q
—>  (~225k Ve ! Backbone
params) “Real " >+ Heads

Figure 1: High-level baseline architecture. PGPE evolves a
compact HyperNetwork (~32k parameters) that generates
the full Generator parameter set (~225k parameters), reduc-
ing the dimensionality of evolutionary search.

capture disentangled, human-inspectable structure without
supervision. This is especially relevant in healthcare, where
synthetic data should be controllable and auditable rather
than merely realistic.

In prior work (Nuppnau, Kattan, and Reynolds 2025),
generator backpropagation was replaced with Policy Gra-
dients with Parameter-Based Exploration (PGPE) (Sehnke
et al. 2008), to evolve the generator against a moving
discriminator objective. While this avoided direct gradient
propagation through the generator, it still required evolu-
tionary search over a very large parameter space (more than
500k generator parameters), which often produced partial
mode coverage and duplicated latent-code assignments. In
the strongest MNIST runs, one class was typically missing
and one or more codes collapsed to repeated digits.

In this work, the PGPE search burden is reduced with a
HyperNetwork (Ha, Dai, and Le 2017). Rather than evolv-
ing the full generator directly, PGPE optimizes a com-
pact HyperNetwork that emits the weights of a larger im-
age generator conditioned on latent codes. However, the
discriminator/Q-network is still trained with backpropaga-
tion. This yields a smaller, more structured search space and
an architectural prior over generator weights. Stable baseline
results are presented on MNIST and grayscale-converted
BloodMNIST, that demonstrate improved mode coverage,
cleaner code allocation, and more stable late-stage train-
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(a) Direct encoding: duplicate ‘0’
modes persist from 21k (top) through
198k (bottom).
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(b) Direct encoding: duplicate ‘1’
modes persist from 21k (top) through
198k (bottom).
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(c) Indirect encoding: duplicate ‘1’
modes at 21k (top) resolve to distinct
digits by 198k (bottom).

Figure 2: Mode duplication under direct vs. indirect encoding. Each panel shows 10 discrete codes (columns) at iteration 21k
(top) and 198k (bottom). With direct encoding, PGPE searches over >500k generator parameters; duplicate modes that form
early become permanent attractors (a,b). With indirect encoding via a hypernetwork (~32k parameters), the same duplicate
modes appear early but are resolved during training, yielding full coverage of all 10 digit classes (c).

ing than direct parameter search. The baselines provide the
foundation for future work, which will add Cultural Algo-
rithm (CA) guidance (Reynolds 2021) and ablation analy-
ses.

Methodology

An ablation study was done to test the stability and perfor-
mance of HyperNet-InfoGAN on the MNIST hand-written
digit dataset by using hand-tuned fitness weights. This al-
lowed the exploration of various hyperparameters to find a
near-ideal training dynamic to set a baseline framework to
start work with the BloodMNIST dataset.

The HyperNetwork consists of ~32k parameters, and out-
puts a chunk of generator weights conditional upon the two
inputs to the HyperNetwork. The HyperNetwork takes as in-
put a chunk id and a geometric descriptor of which layer the
input chunk id belongs to (i.e., context). The HyperNetwork
takes the concatenated [chunk id, context] vector as input,
passes it through a small Multi-Layer Perceptron (MLP) and
outputs a flat tensor of shape (total chunks, chunk size). This
flat tensor is then passed through a reconstruction function
that generates the generator parameters from the flat tensor.
A high-level overview of this architecture is shown in Figure
1.

Disentanglement was evaluated with a shared-z proto-
col designed to isolate the effect of the discrete code.
For each sampled latent group, multiple samples share
the same continuous noise vector while only the dis-
crete code is changed. So, differences within the group
should reflect code-dependent structure rather than random
noise. Split latent variables condition the Generator directly,
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while real and generated images are evaluated by a shared
Discriminator/Q-network trained with backpropagation. Ad-
versarial and mutual-information objectives provided the fit-
ness signal used by PGPE.

Next, the inter-code separation in the discriminator fea-
ture space was measured with 7¢.,s., Which rewards code
centroids that move apart, and within-code variation with
Tintra,» Which tracks whether samples assigned to the same
code remain coherent without collapsing to a single proto-
type. In practice, these metrics are paired with direct in-
spection of fixed image grids and report mode coverage /
duplicate-code failures as the main qualitative indicators of
controllable generation.

Experimental Setup

The study used the same baseline architecture and train-
ing protocol across both datasets, changing only the num-
ber of discrete classes. The latent vector contains 62 noise
dimensions, a dataset-specific one-hot discrete code (10 for
MNIST and 8 for BloodMNIST), and 2 continuous codes.
A HyperNetwork generates the weights of the image gen-
erator, while PGPE updates the HyperNetwork parameters.
The discriminator/Q-network is optimized with backprop-
agation. The discriminator/Q-Network are updated every
other iteration for the first 1k iterations to allow the generator
to gain strength. The HyperNetwork (PGPE) step runs every
iteration, and the discriminator/Q-Network update runs ev-
ery iteration after the first 1k iterations. All images are gen-
erated at 28x28 resolution in grayscale, with BloodMNIST
converted from its original color representation to match the
baseline pipeline. To focus this paper on a stable reference



Iter. Covered Dups. mig,g Mimar Tsense Tintra Spread  RFL
21k 7/10 3 0.034 0.065 0.170 0913 0.0318 0.606
198k 10/10 0 0.091 0.094  0.138 0.892 0.0294 0.581

Table 1: Same-run MNIST baseline dynamics from early duplicate-mode occupancy to late near-complete code allocation.
Early training shows stronger raw separation pressure, but late training achieves much better code allocation and higher mutual-

information quality. RFL denotes real_fake_loss.

system the CA guidance component was disabled in order to
only report the HyperNetwork-PGPE baseline. All CA abla-
tions were then deferred to future work.

Results

The MNIST results support two main conclusions. First,
the HyperNet-InfoGAN setup yields a stable training dy-
namic between a backpropagation-trained discriminator and
a PGPE-optimized HyperNetwork that generates the gener-
ator weights. Second, and more importantly, searching the
smaller HyperNetwork parameter space allows PGPE to es-
cape duplicate-mode basins that remained persistent when
PGPE searched directly over the full generator parameter
space of roughly 500k parameters.

This behavior is illustrated in Figure 2. Under direct en-
coding, duplicate modes were common and tended to persist
throughout training. Figure 2a shows duplicate “0” modes
that remain unresolved, while Figure 2b shows the same be-
havior for duplicate “1” modes. In these cases, the optimiza-
tion process appears to favor simpler local optima, such as
a clean or slanted “1,” over more difficult transitions toward
other digits.

In contrast, indirect encoding through the HyperNetwork
compresses the search space to roughly 32k parameters,
making it easier for PGPE to produce coordinated parameter
changes that move the generator away from these early du-
plicate assignments. As shown in Figure 2c, duplicate modes
that appear early in training are later resolved, yielding full
digit coverage by the end of training.

Table 1 summarizes this progression. At 21k iterations,
the model covers 7 of the 10 digit classes, with 3 dupli-
cate code assignments. At this stage, the average mutual-
information score is still relatively low at 0.034, while
feature-space code separation is high at 0.170. By 198k iter-
ations, all 10 digit classes are represented with no duplicate
assignments, and the average mutual-information score rises
to 0.091. Over the same interval, 7., s decreases moder-
ately from 0.170 to 0.138, suggesting that later training em-
phasizes cleaner code allocation over raw separation magni-
tude alone. Throughout training, the real-fake loss remains
within a stable range of approximately 0.55-0.60. This in-
dicates a healthy adversarial balance between the generator
and discriminator.

On the other hand, BloodMNIST showed substantially
more complexity than MNIST. Several visual factors are
shared across classes, including the surrounding red blood
cells and the overall circular cell boundary. While other fac-
tors vary both across and within classes, such as nucleus
size, nucleus shape, and cytoplasmic thickness.
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Cell Type Morphological Description
Basophil Dark purple granules obscure nucleus
Eosinophil Orange/red granules, bilobed nucleus
Erythroblast Large nucleus, minimal cytoplasm

Imm. Granulocytes  Developing granulocytes, less segmented

nucleus

Lymphocyte Large round nucleus, thin cytoplasm ring
Monocyte Kidney-shaped nucleus, larger cell
Neutrophil Multi-lobed nucleus

Platelet Very small cell fragments

Table 2: Morphological characteristics of cell classes in
terms of cell body and nucleus.

The establishment of a baseline on BloodMNIST there-
fore helps reveal how HyperNet-InfoGAN allocates these
shared and class-varying factors across the discrete latent
codes. The BloodMNIST dataset consists of eight classes
as shown in Table 2.

Figure 3 illustrates the challenge of the dataset for just two
classes, the cell body and the nucleus. They vary in shape
and scale, while several coarse visual factors remain shared.
The primary discriminative signal is often concentrated in
the nucleus morphology rather than in the overall cell out-
line.

Figure 4 compares generated BloodMNIST images from
the same run at iterations 34k, 115k, and 289k across all
eight discrete codes.

At 34k (Figure 4a), the Generator already produces rec-
ognizable cell-like structures, but cell boundaries are still ir-
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Figure 3: Representative BloodMNIST images. Immature
granulocytes (a) exhibit a developing nucleus with limited
segmentation, whereas neutrophils (b) display darker, multi-
lobed connected nuclei.
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Figure 4: BloodMNIST same-run evaluation images at early, mid, and late checkpoints.

regular and the internal morphology is largely shared across
codes. Most columns contain a similar circular cell body
and a broadly similar nucleus pattern. This suggests that the
model has learned a generic leukocyte-like template before
establishing strong code-specific specialization.

By 115k (Figure 4b), two qualitative improvements are
visible. First, cell boundaries become rounder and more
sharply defined. Second, the nuclei begin to differentiate
across codes: some codes produce larger and darker nuclei,
while others produce smaller or lighter internal structure.
This corresponds to improved mutual-information quality
and stronger within-code consistency. This indicates the on-
set of partial latent disentanglement. By 289k (Figure 4c),
the cells exhibit richer internal texture and more complex
grayscale morphology than at either earlier checkpoint. The
images are smoother and more artifact-free, and several
codes show more varied nucleus fill and internal staining
patterns. However, this late-stage improvement is primarily
a refinement of a shared template family rather than a clean
separation into distinct hematologic morphologies. In other
words, the model continues to improve local realism and
within-code variation, but the discrete codes still do not map
cleanly onto the eight BloodMNIST classes. Late training
therefore improves biological plausibility more than biolog-
ical separation. Throughout training, the adversarial balance
remains stable (real_fake_loss ~ 0.56-0.59), with no
mode collapse or divergence observed. The model uses the
same architecture and phased fitness schedule as the MNIST
baseline, with the dataset adapted only through grayscale
BloodMNIST inputs. Table 3 summarizes the correspond-
ing training metrics.

Trust Relevance and Limitations

The architectural design of this HyperNet-InfoGAN is
aligned with a core requirement of trustworthy synthetic
medical imaging: latent control should be auditable, stable,
and interpretable. In clinical settings, a user should be able
to vary a generative factor in a controlled way and inspect
whether the resulting changes remain medically plausible.
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In this baseline, the combination of PGPE-based gener-
ator optimization, a backpropagation-trained discriminator,
and an information-theoretic Q-head yields a stable adver-
sarial training process for both the MNIST and BloodM-
NIST. On MNIST, the indirect encoding resolves duplicate-
mode attractors that persisted indefinitely under direct-
encoding, achieving full coverage of all ten digit classes.

On BloodMNIST, the same architecture and fitness sched-
ule transfer without dataset-specific tuning, produces real-
istic grayscale cell morphologies with partial code separa-
tion. In both cases, the model avoids the severe collapse and
artifact-heavy behavior observed in earlier direct-encoding
runs. This suggests that indirect evolutionary search can sup-
port more reliable training dynamics in medically relevant
image domains. At the same time, the BloodMNIST results
expose an important limitation.

Although the model achieves partial code separation, the
discrete codes are not yet mapped to fully separated hema-
tologic morphologies. The generator tends to express code
differences through low-cost geometric factors such as cell
size, nucleus position, and orientation within a narrow fam-
ily of leukocyte-like templates. This indicates that mutual-
information-driven disentanglement is not sufficient by itself
to produce clinically meaningful variation. In other words,
mathematical code separation does not necessarily imply bi-

Iteration  Miqug  Tsense  Tinwa  ProtoCorr  RFL
34k 0.077 0.170 0.560 0.681 0.523
115k 0.086 0.161 0.647 0.633 0.561
289k 0.092 0.155 0.910 0.701 0.584

Table 3: BloodMNIST training metrics for early, mid, and
late checkpoints. mig,, denotes mutual information be-
tween discrete codes and generated images. 'gense Mmeasures
feature-space separation between code clusters. 7iy, mea-
sures within-code variation. ProtoCorr denotes the average
correlation between code prototypes (lower is better separa-
tion). RFL denotes real_fake_loss.



ological separation. For clinical utility, future versions of the
method will likely require morphology-aware objectives or
priors, for example constraints such as nucleus-to-cytoplasm
structure, nucleus shape, or class-consistent texture. This in-
formation can allow the learned latent codes to align more
directly with medically-interpretable cell characteristics.

Conclusion

This work demonstrates that replacing direct parameter evo-
lution with a compact hypernetwork-based indirect encod-
ing fundamentally changes the trainability of evolution-
ary InfoGAN models. On MNIST, the reduced searchspace
(~32k vs. >500k parameters) enables PGPE to resolve
duplicate-mode attractors that were permanent failure states
under direct-encoding. The same architecture and diversity-
first fitness schedule transfer to BloodMNIST without mod-
ification, produced stable training and realistic cell mor-
phologies. That is a necessary first step toward control-
lable synthetic medical image generation. The BloodMNIST
baseline also reveals that static fitness functions, even with
mutual-information objectives, remain vulnerable to geo-
metric shortcuts in complex medical image distributions. Fu-
ture work will address this gap between mathematical dis-
entanglement and biological separation. The next step will
integrate a CA layer in order to adaptively re-weight the
evolutionary fitness landscape during training. This will sup-
port the use of morphology-aware priors to align latent codes
with clinically meaningful structure.
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