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Abstract

Imagination — the capacity to simulate plausible unseen varia-
tions of the world — is a fundamental mechanism of biological
adaptation. In data-scarce environments, organisms that can
mentally rehearse novel scenarios gain decisive advantages
over those limited to direct experience. We argue that adap-
tive imagination requires two components: a generative world
model capable of generating plausible novel scenarios, and
a selection process that keeps those scenarios grounded and
relevant. Neither alone is sufficient. The most straightforward
form of imagination is visual: picturing objects and scenes
in ways we have not previously seen them. Thus, to test this
hypothesis, we consider a few-shot computer vision setting.
We present EvoAug, a computational model of this principle:
an automated pipeline that uses generative models to synthe-
size task-relevant visual variations, and evolutionary search
to ensure those simulations remain grounded and adaptive.
Without evolutionary selection, unconstrained generative aug-
mentation degrades performance — the computational analog
of maladaptive fantasy. With it, the system discovers augmen-
tation strategies that recover domain structure without explicit
supervision, even from a single example per class. Results
across six fine-grained classification datasets demonstrate that
combining a generative world model with evolutionary ground-
ing outperforms classical augmentation strategies, with gains
largest precisely where data is scarcest — the conditions under
which imagination matters most. We discuss implications for
understanding imagination as a key adaptive mechanism in
biological and artificial systems.

Data/Code available at: https://github.com/
Jgoldfeder/artificial_imagination

Introduction
Imagination — the capacity to simulate plausible unseen vari-
ations of the world — is a fundamental mechanism of biolog-
ical adaptation and planningHassabis et al. (2017). Ha and
Schmidhuber termed the generative model that governs the
realm of imagination a ”world model”Ha and Schmidhuber
(2018), a term that has since gained major traction in the AI
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community under various interpretationsHuang et al. (2026);
LeCun et al. (2022). Yet the discussion has drifted away
from the initial connection with imagination, and the role of
mental world models and imagination from the perspective
of artificial life remains largely unexplored, especially as it
relates to adaptation, a key hallmark of intelligence Goldfeder
et al. (2026).

We examine the role of imagination in adaptation through
the lens of few-shot visual classification, which serves as
an ideal testbed for several reasons. First, visual simula-
tion is one of the most natural and direct forms of imagina-
tionPearson (2019). Second, the low-data regime is precisely
where imagination matters most: when direct experience
is scarce, the ability to mentally rehearse unseen variations
becomes a critical adaptive advantage. Third, the setting
is sufficiently challenging that unconstrained imagination is
actively harmful, as a world model that drifts too far from
reality reinforces errors rather than correcting them. Finally,
generative AI has now advanced to the point where visually
convincing imaginative scenarios can be synthesized from
minimal input.

A key challenge in leveraging synthetic data is the syn-to-
real gap—the discrepancy between generated and real-world
data. Poorly matched synthetic augmentations degrade per-
formance rather than enhance it. For example, diffusion
models still struggle with fine details such as realistic fingers
(Narasimhaswamy et al., 2024). Thus, a model trained on
data augmented by flawed synthetic images may reinforce
errors. Similarly, a language model could amplify its own
biases by training on text that it generated itself. This issue
is particularly critical in tasks requiring fine-grained distinc-
tions, such as image classification, or in low-data settings
like few-shot learning. Addressing this gap is essential for
generative augmentations to contribute meaningfully to AI
training.

Thus, we argue that imagination never exists without con-
straint and grounding. We do not simply imagine the future;
we also take note of how likely or realistic we deem a sce-
nario, and update these priors based on our experience. This
is why imagination is so useful for adaptation: it allows to
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separate, as Aristotle would put it, essential from accidental
propertiesRobertson Ishii and Atkins (2008). To illustrate this
with an example: we can imagine a chair as purple or blue
or brown or black. However, we struggle to imagine a chair
without legs, or without a seat. This is because ”color” is an
accidental property of chairs, whereas ”possessing a seat” is
essential. Our world model is built from experience: we have
encountered many chairs of various colors and shapes, but all
of them have had legs and seats in some form. This allows
for adaptation: we can now easily recognize new chairs, even
if they are not in a color or shape we have seen before.

Motivated by this, we designed EvoAug, a computer vi-
sion system inspired by the role of imagination in biological
cognition. The imagination ”world model” consists of sev-
eral powerful generative diffusion and NeRF models, that
can be composed and constrained in a variety of ways. For
each dataset, we learn an augmentation tree—a binary tree
that applies a series of augmentation operators in accordance
with learned branching probabilities. This is the ground-
ing process described above: we discover via trial and error
which types of synthetic data are useful for each specific task.
Our approach provides promising results on fine-grained and
few-shot classification tasks across multiple datasets.

Related Work
Data augmentation reduces model overfitting by applying
image transformations that preserve the original semantics
while introducing controlled diversity into the training set.
Traditional augmentations include rotations, random crop-
ping, mirroring, scaling, and other basic transformations.
These straightforward techniques remain fundamental in
state-of-the-art image augmentation pipelines. More ad-
vanced methods—such as erasing (Zhong et al., 2020; Chen
et al., 2020; Li et al., 2020; DeVries and Taylor, 2017), copy-
pasting (Ghiasi et al., 2021), image mixing (Zhang et al.,
2017; Yun et al., 2019), and data-driven augmentations like
AutoAugment (Cubuk et al., 2018) and its simplified vari-
ant RandAugment (Cubuk et al., 2020)—have expanded the
augmentation toolbox.

Another approach involves generating synthetic data us-
ing generative models (Figueira and Vaz, 2022). Early work
explored GANs (Besnier et al., 2020; Jahanian et al., 2021;
Brock et al., 2018), VAEs (Razavi et al., 2019), and CLIP
(Ramesh et al., 2022), achieving strong results (Engelsma
et al., 2022; Skandarani et al., 2023). Recently, diffusion
models, particularly for text-to-image synthesis, have sur-
passed GANs in producing photorealistic images (Nichol
et al., 2021; Ramesh et al., 2022; Saharia et al., 2022b; Yang
et al., 2025). Trained on large-scale internet data (Schuhmann
et al., 2022), diffusion models have been used for augmenta-
tion (Azizi et al., 2023; Sarıyıldız et al., 2023; He et al., 2022;
Shipard et al., 2023; Rombach et al., 2022; Islam et al., 2025,
2024), often relying on class names or simple class agnostics
prompts to guide generation. Despite promising initial re-

sults, synthetic data remains inferior to real data, highlighting
the persistent domain gap between the two (Yamaguchi and
Fukuda, 2023).

To address this gap, recent approaches have incorporated
conditioning the generative process on real data. Some pop-
ular methods involve projecting the original images to the
diffusion latent space (Zhou et al., 2023), fine-tuning dif-
fusion models on real data (Azizi et al., 2023), leveraging
multi-modal LLMs to obtain detailed, custom image captions
for high-quality text prompting(Yu et al., 2023), and em-
ploying image-to-image diffusion models that enable direct
conditioning on a specific image (Saharia et al., 2022a; Meng
et al., 2021; Zhang et al., 2023; He et al., 2022; Trabucco
et al., 2025). Controlled diffusion, a subset of these methods,
introduces a more powerful paradigm, furthering the efficient
use of both text and image priors (Fang et al., 2024; Islam
and Akhtar, 2025) with applications in segmentation (Tra-
bucco et al., 2023) and classification (Goldfeder et al., 2024b)
problems.

Given such a wide range of augmentation operators, an
important problem is knowing which augmentations to use
for a specific task, without the use of domain knowledge.
This task, of automatically learning augmentation policies,
falls under the class of meta learning and bi-level optimiza-
tion problems, where we seek to learn a component of the
learning algorithm itself (Hospedales et al., 2021). These
algorithms generally fall under one of the following cate-
gories: gradient-based optimization, RL-based optimization,
Bayesian optimization, and evolution-based optimization.

In the context of learning augmentation policies, all these
methods have seen success (Yang et al., 2023). Differentiable
methods often train a neural network to produce augmenta-
tions (Lemley et al., 2017), sometimes in a generative adver-
sarial setup (Shrivastava et al., 2017; Tran et al., 2017). By far
the most notable method, AutoAugment (Cubuk et al., 2018),
employs reinforcement learning. While RL is traditionally
sample inefficient, improvements upon vanilla RL strategies
have leveraged Bayesian methods (Lim et al., 2019), evo-
lutionary strategies (Ho et al., 2019; Wang et al., 2023), or
approximate gradient estimation for first-order optimization
(Hataya et al., 2020).

Learning augmentation policies is especially challenging
in low data settings, as full data policies are usually not
transferable to the few-shot case. Various approaches have
been considered, including proposing K-fold validation as
a method of retaining the data while still performing val-
idation (Naghizadeh et al., 2021). However, this method
does not scale to one-shot settings. Utilizing clustering as a
label-efficient evaluation method, where augmentations are
designed to stay within their corresponding class cluster, can
address this limitation (Abavisani et al., 2020).
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Figure 1: Example image augmentations using our pipeline.
Classical augmentations include color jitter, rotation, and
random cropping. Canny, color, depth, and segment use exist-
ing image information to steer a ControlNet diffusion model.
NeRF uses a zero-shot NeRF to perform a 3D rotation.

Methods
Augmentation Operators
The generative augmentation operators are based on both
diffusion and NeRFs. For diffusion-based operators, we use
ControlNet (Zhang et al., 2023), an architecture which allows
rapid customization of diffusion models without fine-tuning.
To condition the model, we extract edges using Canny edge
detection (Canny, 1986), segmentations using Segment Any-
thing (Kirillov et al., 2023), depth maps using MiDaS (Ranftl
et al., 2020), and color palettes by simply downsampling the
image. This gives four diffusion-based augmentation opera-
tors, termed ”Canny”, ”Segment”, ”Depth” and ”Color”. We
use Zero123 (Liu et al., 2023b) for NeRF-based augmenta-
tion. This model creates a 3D reconstruction of an image
from a single shot, allowing for 3D rotation. We then rotate
15 degrees left or right when performing an augmentation
using this model. We term this operator ”NeRF”. Next, we
include another augmentation operator, termed ”Classical.”
This includes the full set of traditional augmentations: ran-
dom crop, translation, scale, rotation, color jitter, and flip.
This operator allows the evolution process to decide whether
to include and build on the traditional classical augmentation
pipeline or exclude it. Sometimes, all augmentations can be
harmful, so we also included a ”NoOp” operator that simply
duplicates the existing image. Figure 1 gives examples of
these operators.

Evolutionary Strategy
For our augmentation policy learning pipeline, we choose an
evolutionary approach. This choice is motivated by practi-
cal considerations: diffusion and NeRF based augmentation
is considerably more expensive to evaluate than traditional
augmentations, so pipeline efficiency is crucial. Population-
based evolutionary strategies have been shown to be as ef-

fective as RL approaches, with less than one percent of the
computational effort (Ho et al., 2019). While gradient approx-
imation methods have been shown to be even more efficient
in some cases(Hataya et al., 2020), those results are for ap-
proximating gradients of simpler transformations, and do not
translate to our pipeline, which can handle arbitrary genera-
tive modules. Further, recent work has shown evolution to be
effective for searching for augmentation polices even in very
complex augmentation spaces (Wang et al., 2023).

We define an augmentation tree as a binary tree, where
each node represents an augmentation operator. The edges
of our tree represent transition probabilities to each child
node, summing to 1. This structure is chosen as it serves as a
common genome for evolutionary algorithms.

Mutation Illustrated in Figure 2, mutation can occur at
either the node level or the edge level. An edge mutation
reassigns the probabilities of a transition between two child
nodes. A node mutation switches the augmentation operator
of that node (eg. Depth node becomes a Canny node).

Crossover Also illustrated in Figure 2, crossover is the
other basic evolutionary operator. Two parents are selected,
a child is created by splicing the branches of the parents
together.

We thus define a population P of size n, of initial trees. In
each generation, we use mutation and crossover to generate c
children Pnew, that are appended to P . Finally, the popula-
tion is evaluated with a fitness function f , and the top n are
kept for the next generation. Mutation and crossover probabil-
ity are parameterized by pm and pc respectively. Algorithm
1 describes this process.

Fitness Functions
The goal of our augmentation strategy is to improve down-
stream model robustness, and thus the fitness function we
choose to evaluate augmentation trees should either directly
reflect what we seek to achieve or be a strong proxy. Note
that in a full data setting, training data can be split into a train
and validation. An augmentation tree can be evaluated by
simply training a model with generated augmentations on the
training data and measuring performance on the previously
unseen evaluation data. We divide our discussion into two,
more difficult, settings.

Low Data Setting In the low-data and few-shot case, the
challenge becomes managing the noise of the evaluation
function. We can no longer rely on a single train/val split
to accurately measure the performance of a tree as low-data
settings introduce high variability in splits. Thus, we use
K-fold cross-validation.

In addition, directly using accuracy as our metric is
no longer appropriate, as our validation set remains small
enough that accuracy becomes coarse-grained and unstable.
As a result, to align with the convention of higher fitness
values corresponding to better candidates in the population,
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Figure 2: Mutation and Crossover for Augmentation Trees

we use the negative validation loss as the fitness function
in these settings. Algorithm 2 describes this process. The
pipeline can be seen in Figure 3a.

Algorithm 1 Evolutionary Search for Augmentation Trees

Require: Population size p, number of generations g, fitness
function f , number of children c, mutation probability
pm, crossover probability pc

1: P ← InitializePopulation(p)
2: for i = 1 to g do
3: Pnew ← MutateAndCrossover(P, c, pm, pc)
4: P ← P ∪ Pnew
5: Evaluate fitness f(T ) for each tree T ∈ P
6: P ← SelectBest(P, p) {Keep top p trees}
7: end for
8: Tbest ← BestTree(P )
9: return Tbest

One-Shot Setting In the most extreme case, we only have
one image per class. Thus, proposed methods involving K-
fold validation will not be able to span the full class range
of the dataset (Naghizadeh et al., 2021). To address this
problem, we devised the following strategies:

Label-Efficient Clustering Our goal is to find augmen-
tations that preserve important class-specific characteristics
while still providing novel data. Thus, when evaluating on a
validation set is not possible, we can switch to a clustering
approach. To find these novel, true-to-class augmentations,
our intuition is to search for clusters that are wide, but still
distinct from each other. Abavisani et al. proposed using
this type of evaluation for augmentation pipelines in low-data

Algorithm 2 K-Fold Cross Validation Tree Fitness Function

Require: Dataset D, augmentation tree T , number of folds
k

1: Split D into k folds: D1, D2, . . . , Dk

2: Initialize M ← 0
3: for i = 1 to k do
4: Dval ← Di

5: Dtrain ← D \Di

6: Daug ← ApplyAugmentationTree(T,Dtrain)
7: Train model Mi on Daug
8: mi ← Evaluate(Mi, Dval)
9: M ←M +mi

10: end for
11: m̄← M

k
12: return m̄

and one-shot settings (Abavisani et al., 2020). They adopted
Deep Subspace Clustering (Ji et al., 2017) and optimized the
Silhouette coefficient as a measure of cluster quality. We
improve upon this work in three ways:

1. We simplify the clustering process by using a pre-trained
network to generate image embeddings which we then
cluster, thus eliminating the need for a Deep Subspace
Clustering network and requiring no training.

2. Prior work employed k-means to form clusters (Douzas
et al., 2018), adding computational complexity. We sim-
plify this by directly using known class labels as clusters.
This allows us to evaluate explicitly whether augmenta-
tions form meaningful, class-based clusters rather than
merely measuring separability.
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Figure 3: Tree Learning Pipelines. (a) K-Fold applies when there is more than one example per class. (b) We can measure cluster
quality for the 1-shot case. (c) We can duplicate the image and assume the problem to be 2-shot instead of 1-shot (d) We can
simply use training loss, though it is risky to assume that lower train loss equates to better performance.

3. When evaluating augmentation quality via clustering, tra-
ditional metrics like the Silhouette coefficient reward cohe-
sion but do not penalize small or redundant clusters. This
can cause the evolutionary algorithm to favor augmenta-
tion trees that produce minimal or trivial variations, which
lack diversity and generalization potential. To avoid this
pitfall, we introduce an additional penalty term based on
average cluster radius, balancing cohesion with cluster size
and separability. This modified metric thus encourages the
formation of clusters that are both cohesive and sufficiently
distinct, promoting better generalization.

This process is given in Algorithm 3. The pipeline can be
seen in Figure 3b.

Double Augmentation This strategy is simple yet effec-
tive. We apply classical augmentations—which reliably intro-
duce meaningful variations—to expand the original one-shot
dataset. The augmented dataset is then divided into k splits,
and the negative validation losses are averaged across splits,
as detailed in Algorithm 4 and illustrated in Figure 3c. This
approach allows us to increase augmentations while minimiz-
ing the risk of degrading dataset quality or relevance through
unintended variations introduced by generative models.

Algorithm 4 1-Shot Double Augmentation Fitness Function

Require: One-shot dataset D, augmentation tree T , number
of folds k

1: D′ ← ∅
2: for each image x ∈ D do
3: A(x) = {ClassicAug(x)1, . . . ,ClassicAug(x)k}
4: D′ ← D′ ∪A(x)
5: end for
6: return KFoldFitness(D′, T , k) {Refer to Alg. 2}

Training Loss We can also simply use training loss as a
proxy in the one-shot case. We augment all the images, and

Algorithm 3 1-Shot Clustering Fitness Function

Require: Image dataset D, augmentation tree T , embedding
model E

1: Daug ← ApplyAugmentationTree(T,D)
2: Initialize embedding list L← ∅
3: for each image x ∈ Daug do
4: e← E(x)
5: Append e to L
6: end for
7: C ← Cluster(L)
8: S ← ComputeSilhouetteScore(C)
9: d← ComputeMeanClusterDistance(C)

10: s← αS − 1−α
d

11: return s

train a model. We then evaluate trees based on how low the
training loss is after a fixed number of epochs. While this
should encourage minor augmentations, and also makes use
of train loss to estimate eval loss, a very erroneous assump-
tion, it still works well in practice. The pipeline can be seen
in Figure 3d.

Results
Experiment Setup
We perform our experiments on six datasets: Caltech256
(Griffin et al., 2007), Oxford IIIT-Pets (Parkhi et al., 2012),
Oxford 102 Flowers (Nilsback and Zisserman, 2008), Stan-
ford Cars (Krause et al., 2013), Stanford Dogs (Khosla et al.,
2011), and Food101 (Bossard et al., 2014). To highlight how
powerful our method is, even in few-shot settings when the
fine-grained semantic distinctions are minor, we deliberately
searched for few-shot images and classes that were the most
challenging.

For an n-way k-shot classification task, we do this as
follows. First, we randomly select n classes from the original
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Table 1: 5-way, 2-shot classification accuracy (%) with standard deviation across 6 datasets and 3 downstream image classification
architectures. Bolded values indicate the best performance per row.

Dataset Model Naive Baseline Random Tree RandAugment AutoAugment Learned

Caltech256
ResNet50 79.78 ± 0.73 81.42 ± 7.64 84.71 ± 0.01 86.78 ± 0.00 88.28 ± 1.75
MobileNet 80.95 ± 1.08 - 86.04 ± 0.01 84.45 ± 0.01 84.18 ± 0.75
ViT-Small 73.30 ± 6.61 - 81.85 ± 0.01 81.74 ± 0.02 79.83 ± 9.90

Flowers102
ResNet50 70.49 ± 1.08 78.59 ± 2.11 83.65 ± 0.00 86.60 ± 0.00 73.73 ± 3.70
MobileNet 77.00 ± 1.83 - 79.54 ± 0.01 81.75 ± 0.01 73.21 ± 4.75
ViT-Small 97.89 ± 1.43 - 99.37 ± 0.00 98.63 ± 0.00 94.30 ± 3.85

Stanford Dogs
ResNet50 78.44 ± 0.13 83.76 ± 6.42 80.76 ± 0.01 82.23 ± 0.00 85.15 ± 2.73
MobileNet 75.34 ± 0.99 - 73.72 ± 0.02 75.26 ± 0.00 77.51 ± 0.63
ViT-Small 83.67 ± 1.38 - 86.95 ± 0.02 83.97 ± 0.02 80.61 ± 2.01

Stanford Cars
ResNet50 30.90 ± 1.68 36.94 ± 6.48 37.20 ± 0.01 34.68 ± 0.01 40.40 ± 3.07
MobileNet 35.35 ± 1.05 - 36.30 ± 0.01 36.95 ± 0.01 37.36 ± 0.15
ViT-Small 40.64 ± 5.43 - 43.83 ± 0.01 42.74 ± 0.02 46.32 ± 1.43

Oxford-IIIT Pet
ResNet50 86.57 ± 0.60 84.97 ± 3.08 85.25 ± 0.01 86.57 ± 0.00 88.34 ± 1.72
MobileNet 84.41 ± 0.53 - 87.27 ± 0.01 86.08 ± 0.00 89.21 ± 2.93
ViT-Small 88.52 ± 0.55 - 91.28 ± 0.01 90.60 ± 0.01 91.44 ± 2.06

Food101
ResNet50 47.82 ± 0.57 42.61 ± 4.56 46.23 ± 0.00 51.32 ± 0.00 49.78 ± 4.21
MobileNet 39.93 ± 1.46 - 43.49 ± 0.00 44.82 ± 0.00 42.97 ± 2.61
ViT-Small 55.66 ± 3.22 - 62.20 ± 0.02 64.14 ± 0.02 64.18 ± 2.13

dataset. Then we randomly selected k images from each
class. We fine-tune a pretrained Resnet50 model (He et al.,
2016) on these images and record the accuracy. We repeat
this procedure 10 times, gathering 10 different subsets of the
classes with different images for each dataset. Afterwards,
we note which subset of classes from the dataset had the
lowest baseline test accuracy, and we choose this subset as
the setting for our augmentation benchmarks.

For our genetic algorithm, we initialize a population of
14. For each of the seven augmentation operators, we initial-
ize two trees whose root nodes use that operator, creating a
balanced population. This broadens the solution space ex-
ploration and avoids the pitfalls of random initialization on
a small population. We set the mutation probability to 10%
and include 6 crossovers per generation. We restrict tree
depth to 2, allowing the composition of at most 2 operations
per augmentation. For each of the 10 generations, we gen-
erate 8 children. In the 2 and 5-shot cases, we use K-fold
fitness, choosing folds such that the classes remained bal-
anced. To evaluate augmentation trees, we train the models
for 20 epochs and observe the corresponding loss. In the
one-shot case, we examine the three other fitness functions
(double augmentation, training loss, and clustering) proposed
above.

Once the best tree is chosen, we generate augmentations
and evaluate the downstream classification accuracy against
several baselines:

1. Naive Baseline: We randomly apply classical augmen-
tations (cropping, scaling, translation, horizontal/vertical

flipping, color jitter, rotation)

2. RandAugment: We perform a grid search over the num-
ber of operations (num ops) and magnitude parameters,
selecting the configuration with the lowest validation loss
using cross-validation on a train/validation split; this best-
performing configuration is then evaluated on the full test
set.

3. AutoAugment: We apply the ImageNet-learned AutoAug-
ment policy to our datasets.

In all downstream classification tasks, training proceeds
for 200 epochs. In the 1-shot setting, we augment each
image in the original dataset 2 times, in the 2-shot setting
5 times, and in the 5-shot setting 2 times. We also evaluate
our methods and baselines against augmentations generated
from random trees in the ResNet experiments to ensure that
our evolutionary search was an important part of creating
true-to-class augmentations. Each experiment is performed
at least three times with varying seeds, and the average and
standard deviation are reported. We evaluate using a pre-
trained ResNet50, ViT-Small (Dosovitskiy et al., 2021), or
MobileNetV2 (Sandler et al., 2019) model. Models are fine-
tuned using Adam (Kingma and Ba, 2017), with a learning
rate of 1e-3. We use NVIDIA GeForce RTX 4090 chips with
24 GB of memory. Each experiment took between 2 and 24
hours to complete, depending on the number of ways and
shots.
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Table 2: 5-way, 5-shot classification accuracy (%) with standard deviation across 6 datasets and 3 downstream image classification
architectures. Bolded values indicate the best performance per row.

Dataset Model Naive Baseline Random Tree RandAugment AutoAugment Learned

Caltech256
ResNet50 88.15 ± 0.25 92.22 ± 0.93 92.55 ± 0.00 93.31 ± 0.00 91.48 ± 1.11
MobileNet 88.80 ± 0.19 - 89.51 ± 0.00 91.41 ± 0.00 90.05 ± 0.98
ViT-Small 85.75 ± 1.04 - 90.32 ± 0.01 90.70 ± 0.01 92.33 ± 1.27

Flowers102
ResNet50 82.61 ± 0.96 79.51 ± 2.69 89.04 ± 0.01 89.92 ± 0.01 84.95 ± 1.15
MobileNet 88.82 ± 0.69 - 91.47 ± 0.00 89.26 ± 0.01 86.60 ± 1.07
ViT-Small 99.78 ± 0.19 - 99.89 ± 0.00 99.89 ± 0.00 99.34 ± 0.33

Stanford Dogs
ResNet50 88.69 ± 0.65 90.81 ± 1.08 89.21 ± 0.00 91.24 ± 0.00 91.35 ± 0.72
MobileNet 82.88 ± 0.72 - 81.49 ± 0.00 83.10 ± 0.00 83.40 ± 0.27
ViT-Small 88.73 ± 0.46 - 89.73 ± 0.00 87.99 ± 0.00 84.66 ± 0.85

Stanford Cars
ResNet50 52.97 ± 0.80 53.75 ± 1.44 54.63 ± 0.00 51.48 ± 0.01 57.98 ± 3.20
MobileNet 50.79 ± 1.39 - 55.41 ± 0.01 55.93 ± 0.01 48.87 ± 1.71
ViT-Small 58.12 ± 2.73 - 63.00 ± 0.02 66.67 ± 0.01 59.25 ± 2.23

Oxford-IIIT Pet
ResNet50 92.07 ± 0.44 93.12 ± 0.74 92.91 ± 0.01 93.61 ± 0.00 93.63 ± 0.43
MobileNet 88.56 ± 0.85 - 90.32 ± 0.00 90.14 ± 0.00 90.53 ± 0.76
ViT-Small 94.95 ± 0.56 - 95.44 ± 0.01 95.37 ± 0.01 93.54 ± 0.53

Food101
ResNet50 54.09 ± 0.58 56.88 ± 2.60 56.72 ± 0.00 58.28 ± 0.00 58.75 ± 1.60
MobileNet 51.88 ± 0.59 - 52.00 ± 0.00 54.05 ± 0.00 54.19 ± 1.36
ViT-Small 75.40 ± 2.22 - 79.59 ± 0.00 78.25 ± 0.00 76.49 ± 0.75

Table 3: 5-way, 1-shot classification accuracy (%) with standard deviation across 6 datasets and 3 downstream image classification
architectures. Bolded values indicate the best performance per row.

Dataset Model Naive Baseline NoOp / Classical Tree Random Tree RandAugment AutoAugment Learned (Clustering)

Caltech256
ResNet50 65.77 ± 1.29 78.67 ± 2.00 81.57 ± 6.44 81.63 ± 0.01 82.92 ± 0.01 83.65 ± 4.92
MobileNet 67.28 ± 2.56 - - 71.97 ± 0.01 71.47 ± 0.01 80.09 ± 4.73
ViT-Small 66.72 ± 3.53 - - 75.60 ± 0.03 75.38 ± 0.03 82.12 ± 3.64

Flowers102
ResNet50 61.48 ± 0.78 66.15 ± 0.90 63.03 ± 3.95 63.97 ± 0.00 65.84 ± 0.01 66.75 ± 2.34
MobileNet 57.11 ± 1.30 - - 53.17 ± 0.01 58.46 ± 0.01 60.78 ± 2.58
ViT-Small 94.60 ± 1.88 - - 96.26 ± 0.03 93.98 ± 0.02 95.47 ± 2.19

Stanford Dogs
ResNet50 70.30 ± 0.58 75.79 ± 0.29 76.58 ± 3.84 75.86 ± 0.01 77.22 ± 0.02 78.86 ± 3.21
MobileNet 60.58 ± 2.66 - - 65.19 ± 0.02 67.73 ± 0.01 69.70 ± 2.37
ViT-Small 75.55 ± 1.61 - - 78.47 ± 0.01 77.83 ± 0.02 79.70 ± 3.12

Stanford Cars
ResNet50 21.31 ± 0.80 28.11 ± 0.43 29.77 ± 1.83 32.84 ± 0.01 31.84 ± 0.03 29.66 ± 2.62
MobileNet 30.43 ± 1.12 - - 30.18 ± 0.01 30.35 ± 0.02 29.05 ± 3.18
ViT-Small 31.10 ± 5.56 - - 36.15 ± 0.02 34.66 ± 0.01 37.35 ± 3.37

Oxford-IIIT Pet
ResNet50 79.68 ± 1.50 82.44 ± 0.55 81.47 ± 6.34 78.17 ± 0.01 82.71 ± 0.00 86.16 ± 1.19
MobileNet 72.18 ± 1.45 - - 76.31 ± 0.00 74.17 ± 0.01 80.43 ± 1.87
ViT-Small 76.10 ± 5.44 - - 83.88 ± 0.02 79.61 ± 0.04 84.58 ± 3.22

Food101
ResNet50 30.90 ± 0.57 30.06 ± 0.31 32.83 ± 2.42 30.38 ± 0.00 30.46 ± 0.00 34.28 ± 0.83
MobileNet 28.78 ± 0.63 - - 25.52 ± 0.01 26.15 ± 0.01 34.61 ± 1.74
ViT-Small 43.74 ± 2.51 - - 48.17 ± 0.02 45.44 ± 0.01 44.89 ± 2.30

Few-Shot Results

The few-shot results are shown in Tables 1 and 2. We measure
the accuracy on the test set for models trained using the base-
line strategies, random augmentation trees, and the augmen-
tation trees learned from our pipeline. While EvoAug con-
sistently outperforms the Naive Baseline, results are mixed
when evaluated against AutoAugment and RandAugment.
Notably, EvoAug is much better on the Stanford Dogs and
Oxford-IIIT Pets datasets, but marginally worse on Flow-
ers102.

One-Shot Results

Our 1-shot results are shown in Table 3. Here, we include our
clustering-based fitness function learning strategy. EvoAug
consistently outperforms the Naive Baseline, and often out-
performs RandAugment and AutoAugment, achieving strong
performance in scarce data settings. We also run our pipeline
restricting nodes to just classical or NoOp transformations
and find that these restricted trees perform worse than our
normal trees. This supports the conclusion that generative
augmentation operators are an important part of performance.
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Table 4: Accuracy on full datasets for various models

Dataset Setting RN50 RN101 VGG19 EN Visformer Swin MN DN

Caltech Baseline 72.37 73.62 67.40 71.79 68.83 63.95 66.48 75.74
Conditioned 76.49 77.64 70.82 73.85 73.15 69.55 68.33 78.10

Cars Baseline 86.78 88.16 87.22 86.75 83.37 75.43 80.80 91.08
Conditioned 91.02 90.95 89.61 88.56 87.40 82.32 82.70 92.20

Aircraft Baseline 75.23 75.91 88.80 81.25 72.61 60.88 70.24 80.53
Conditioned 82.33 81.10 88.20 81.76 74.67 71.74 74.17 83.29

Dogs Baseline 66.49 70.15 68.63 64.17 64.65 52.10 58.60 70.44
Conditioned 68.74 70.40 66.05 62.45 64.36 56.50 58.30 70.21

Pets Baseline 69.22 70.72 83.17 73.59 73.02 58.54 67.35 80.16
Conditioned 71.07 74.03 81.28 74.41 76.24 61.00 68.46 79.34

Full Dataset Results
While the main body of our work focuses on the few shot
setting, there are also experiments done which have indi-
cated that conditioned generation is beneficial in the full
dataset settingGoldfeder et al. (2024a). The method used in
these experiments employs LLaVa2 (Liu et al., 2023a) gener-
ated captions to condition the augmentation of images in the
dataset. We believe that with more intelligent conditioning
(by learning augmentation trees which match the dataset), we
can achieve better performance.

We reproduce the relevant summary statistics below in
Table 4 for completeness. The results show that conditioned
generation consistently achieves higher accuracy than a clas-
sically augmented baseline across six datasets: Caltech256
(Griffin et al., 2007), Stanford Cars (Krause et al., 2013),
FGVC Aircraft (Maji et al., 2013), Stanford Dogs (Khosla
et al., 2011), Oxford IIIT-Pets (Parkhi et al., 2012); and eight
model architectures: ResNet (He et al., 2016), VGG (Si-
monyan and Zisserman, 2014), EfficientNet (Tan and Le,
2019), Visformer (Chen et al., 2021), Swin Transformer (Liu
et al., 2021), MobileNet (Howard et al., 2017), DenseNet
(Iandola et al., 2014), and ViT (Dosovitskiy et al., 2021).

Conclusion
We have argued that imagination is a fundamental mechanism
of biological adaptation, and that its computational analog re-

quires two components: a generative world model and a selec-
tion process that keeps simulations grounded. EvoAug instan-
tiates this principle in the visual domain, pairing controlled
diffusion and NeRF operators with evolutionary search to dis-
cover task-specific augmentation strategies in few-shot and
one-shot settings. The results support the thesis. Generative
augmentation without evolutionary grounding is unreliable,
as random trees demonstrate: unguided imagination is as
likely to harm as to help. Evolutionary search alone, oper-
ating over classical augmentations only, produces weaker
results than the full pipeline. It is their combination that
consistently improves adaptation. Most tellingly, the system
recovers domain-relevant structure without supervision: in
the Flowers102 analysis, evolution discovers that color is
an essential property of flowers and viewpoint is acciden-
tal, a distinction that aligns with biological intuition but was
never explicitly provided. These findings suggest that the
imagination framing is not merely a rhetorical device but a
productive lens for understanding when and why generative
augmentation works. We hope this perspective encourages
the artificial life community to examine world models not
only as engineering tools but as computational models of a
capacity that has been central to biological adaptation for far
longer than AI has existed.
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