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Abstract

Self-supervised learning (SSL) methods have emerged as
strong visual representation learners by training an image
encoder to maximize similarity between features of different
views of the same image. To perform this view-invariance
task, current SSL algorithms rely on hand-crafted augmen-
tations, such as random cropping and color jittering, to cre-
ate multiple views of an image. Recently, generative dif-
fusion models were shown to improve SSL by providing a
wider range of data augmentations. However, these dif-
fusion models usually require pre-training on large-scale
image-text datasets, which might not be available for many
specialized domains like histopathology. In this work, we
introduce Gen-SIS, a diffusion-based augmentation tech-
nique trained exclusively on unlabeled image data, elimi-
nating any reliance on external sources of supervision such
as text captions. We first train a vanilla SSL encoder on a
dataset using only hand-crafted augmentations. We then
train a diffusion model conditioned on embeddings from
that SSL encoder. Once trained, this diffusion model can
synthesize diverse views of a source image when condi-
tioned on its embedding. Leveraging the ability to inter-
polate in the encoder latent space, we introduce a novel
pretext task: disentangling the two source images from an
interpolated synthetic image. We show that these ‘self-
augmentations’, i.e., generative augmentations based on
the vanilla SSL encoder embeddings, paired with our dis-
entanglement pretext task, facilitate the training of stronger
SSL encoders. We validate Gen-SIS by demonstrating per-
formance gains across various downstream tasks in natu-
ral images, which are generally object-centric, and digital
histopathology images, which are typically context-based.
Furthermore, we show Gen-SIS’s effectiveness across mul-
tiple SSL methods and encoder variants, highlighting its
broad applicability.
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Figure 1. (a) Vanilla augmentations used in SSL, such as random

cropping and color jittering. (b) Generative augmentations (ours)

conditioned on a single source image. (c) Interpolated augmen-

tations (ours) conditioned on a pair of images. In the Gen-SIS

framework, we use (b) for view augmentation and (c) for the dis-

entanglement pretext task, both in conjunction with (a).

1. Introduction

In recent years, self-supervised learning (SSL) [1, 7, 11,

19, 22, 24, 40, 51] has emerged as a standard approach for

learning robust visual representations that excel across var-

ious downstream tasks. By optimizing the model weights

on pretext tasks, like self-prediction or view invariance,

SSL enables models to learn discriminative features with-

out requiring labeled data. Specifically, approaches such as

DINO [7], BYOL [19], and SimCLR [11] have achieved no-

table success, producing high-quality features that transfer

effectively to diverse downstream applications. This suc-
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cess stems from view-invariance tasks, which encourage

models to learn high-level discriminative features from the

image. Formulating view-invariant tasks relies heavily on

hand-crafted augmentations, such as cropping and color jit-

tering, to create multiple views of an image. Stronger aug-
mentations typically lead to more robust features, as they
increase the difficulty of the invariance task [19].

In parallel, diffusion models have achieved impressive

results in image generation [41, 48]. This success has led

to an interest in using diffusion models, especially large

foundation models like Stable Diffusion, for data augmen-

tation [55, 56]. Given SSL’s reliance on augmentations, dif-

fusion models can significantly improve SSL by generat-

ing images with non-trivial variations in background, shape,

and position of objects, while preserving the original high-

level semantics (Fig. 1 (b))

Recent work by Tian et al. [55] has investigated us-

ing synthetic data generated from Stable Diffusion (SD) as

multiple views for SSL. However, employing SD as an SSL

augmenter has drawbacks: (1) It is challenging to adapt SD

in domains underrepresented in its training data: LAION-

5B [50]. Since SD is a general image foundation model,

it often fails to generate high-quality images from special-

ized domains such as histopathology, rendering them in-

effective for SSL training (see Supplementary Fig. 10 ).

(2) SD-scale foundation models are usually not available

for other domains outside natural images, and training them

from scratch is a task beyond the scope of improving an

SSL encoder. (3) Besides synthesizing variations of an im-

age, it is not straightforward to perform other kinds of aug-

mentations by controlling the conditioning in text-to-image

models. For instance, interpolating between two images

would require using a language model to first ‘interpolate’

the two captions and synthesize a new image. (4) As a text-

conditioned model, SD is trained on paired image-text data,

which can be seen as conflicting with the SSL principle of

training on unlabeled data.

To address these limitations, we introduce Gen-SIS, a

self-contained framework that trains the diffusion model

on the same unlabeled data as an SSL encoder, using the

former as an effective data augmenter for SSL without re-

quiring additional supervision (e.g., text or class labels).

We adopt the term self-augmentation to emphasize the dis-

tinction between our fully self-supervised approach and

generative augmentations that rely on external supervision

[54, 55].

Our approach begins by pre-training an SSL encoder on

real images from the training dataset, using standard hand-

crafted augmentations. Next, we train a latent diffusion

model [48] (LDM) conditioned on image embeddings ex-

tracted from the initial SSL encoder. Once trained, the

LDM synthesizes novel images, which are then used to train

stronger, enhanced SSL encoders. Gen-SIS expands the

data augmentation using self-augmentations from the dif-

fusion model, moving beyond traditional hand-crafted aug-

mentations. In a view-invariant setting, a pair of real and

synthetic images from our diffusion model can act as differ-

ent views of the same image, strengthening the augmenta-

tion process (Fig. 1 (b)).

Furthermore, we utilize the generative model’s ability to

interpolate between images and propose a novel pretext task

that complements the base SSL objective. Our trained LDM

can generate interpolated images by blending the embed-

dings of the two source images provided as conditioning

inputs, resulting in synthetic images that semantically fuse

concepts from both sources (Fig. 1 (c)). We then task the

visual encoder to identify features from the original pair of

images used to generate the interpolated image. This addi-

tional pretext task (termed as disentanglement pretext task)

forces the model to learn and distinguish various object, tex-

ture, and shape-level features. Solving this task presents a

more significant challenge to the encoder, significantly en-

hancing its performance on downstream tasks.

We validate the effectiveness of our approach by com-

paring vanilla SSL encoders against image encoders trained

using the proposed self-augmentation methods. We bench-

mark the DINO [7] encoder on ImageNet classification and

multiple natural image downstream tasks. We validate the

broad applicability of our method by extending Gen-SIS to

multiple SSL algorithms: DinoV2 [40], SimCLR [11], and

I-BOT [62]. We also show that Gen-SIS can be applied to

the digital histopathology domain, where there are no foun-

dation generative models to provide large-scale generative

image augmentations.

In summary, our contributions are:

(1) We introduce Gen-SIS, a generative diffusion-enhanced

SSL approach that only requires unlabeled data and is ef-

fective across a wide range of SSL algorithms.

(2) We propose a novel disentanglement task as an addi-

tional pretext task in self-augmentation enhanced SSL train-

ing.

(3) We extensively evaluate our method by pretraining on

ImageNet-1K and benchmark the Gen-SIS pretrained en-

coder across a range of downstream tasks such as classi-

fication, retrieval, copy detection, and video segmentation,

achieving notable performance gains over vanilla SSL.

(4) We extend Gen-SIS to histopathology images, a do-

main with no text-to-image foundation generative models,

demonstrating the effectiveness of our self-contained ap-

proach.

We acknowledge that the computational cost associated

with training the diffusion model and generating synthetic

samples is non-trivial. We discuss this limitation in Sec. 6.
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Figure 2. Overview of the Gen-SIS-framework: It contains two key steps: 1) Self-Augmentation using Embedding conditioned LDM

(E-LDM), 2) SSL training with augmentations from E-LDM. T - vanilla augmentations, Ts - generative augmentation from single image,

and Ti - interpolated augmentation from two images. Note that in conjunction with Ts and Ti, we applied vanilla augmentation. Pull
represents the vanilla SSL pretext task, and Disentangle represents our proposed pretext task with interpolated augmentation.

2. Related work
Self-supervised Learning: Self-supervised learning [16]

aims at learning generic representations from large-scale

unlabeled data through a pretext task. Pretext tasks can be

mainly classified into self-prediction and view-invariance

tasks. Self-prediction methods (MAE [23], MaskFeat [59])

involve masking parts of an image and then training the

model to reconstruct the missing information based on the

remaining context. View-invariant methods task the model

to output similar features for two augmented views of the

same image. This involves contrastive methods like Sim-

CLR [10], MoCo [21], NNCLR [14] and self-distillation

methods like BYOL [20], DINO [7], iBOT [62], and DI-

NOv2 [40]. View-invariant methods typically rely on hand-

crafted augmentations to derive multiple views of the same

image for pretext tasks.

Diffusion Models : Diffusion models were first intro-

duced in the seminal work of Ho et al. [29]. Subse-

quent advancements included class-conditioning and guid-

ance techniques for more controlled generation [28, 46],

and accelerated sampling techniques [52]. Latent diffu-

sion models [8, 41, 49] enable high-resolution image gen-

eration by applying the diffusion process in a smaller la-

tent space. In specialized domains, such as histopathology,

where labeled image-text data is limited, prior works have

adopted image embedding-conditioned diffusion models

(E-LDM) [18, 35] to overcome these constraints. RCG [36]

explored embedding-conditioned diffusion for natural im-

age datasets. We use the E-LDM architecture from [18] in

all our experiments.

Data augmentation with Diffusion models: Diffusion

models have been extensively utilized for data augmen-

tation, particularly in supervised settings [3, 17, 18, 56].

For self-supervision, recent works have explored the idea

of training small-scale models [61] or using existing large-

scale models (SD) to generate synthetic augmentations for

SSL training [2]. The works most closely related to our

method are Stable-rep [55] and SynCLR [54]. Stable-rep

leverages captions from the CC-12M dataset to generate

synthetic samples from Stable Diffusion [48] (SD), using

them as multiple positive pairs in the SSL training. Syn-

CLR, following a similar approach to Stable-Rep, uses Im-

ageNet object categories to construct text prompts. How-

ever, SD-scale text-to-image models are usually unavailable

in domains beyond natural images.

Moreover, models trained on large-scale internet

datasets, like LAION, may accidentally contain examples

from common benchmarks such as ImageNet. Previous

works [6, 56] have shown that pretrained diffusion models

can leak training data, thus potentially inflating SSL perfor-

mance.

3. Preliminary

DINO: We use DINO [7] as the representative SSL method

on which we develop our approach. In Section 5.5 we show

that the ideas developed for DINO can be easily transferred

to other SSL algorithms. DINO (self-distillation with no
labels) is a teacher-student framework in which two aug-

mented views of an image, I ′ and I ′′, are processed sepa-

rately by the student gθs and teacher gφt networks. The two

augmented views are generated using standard augmenta-

tions, including cropping, color jittering, Gaussian blur, and

solarization. Both teacher and student share the same archi-

tecture, with a backbone encoder and a projection head, and

output a probability distributions P over K dimensions.

The student’s output (logits Ls) is sharpened using a
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low-temperature τs softmax (Eq. 1), while the teacher’s out-

put (logits Lt) undergoes centering with a moving average

of the teacher outputs c and softmax sharpening with τt to

prevent collapse during training (Eq. 2). The student net-

work is optimized to match the teacher’s probability distri-

bution using a cross-entropy loss H (Eq. 3). The teacher

network is updated as exponential moving average (EMA)

of the student network’s weights.

Ls = gθs(I
′), P k

s =
exp(Lk

s/τs)
∑K

j=1 exp(L
j
s/τs)

, (1)

Lt = gφt
(I ′′), P k

t =
exp((Lk

t − ck)/τt)
∑K

j=1 exp((L
j
t − cj)/τt)

, (2)

H(Pt, Ps) = −Pt log(Ps), θs ← Optimizer(H, θs) (3)

Latent Diffusion Models: Latent Diffusion Models

(LDMs) [48] synthesize images efficiently in a compressed

image latent space instead of operating directly on pixels.

This latent space is defined by a learned Variational Au-

toencoder (VAE) that maps images from pixels to latents

and back. To control the generated images, the denoiser is

usually conditioned on additional information about the im-

ages, such as class labels or text prompts. LDMs utilize

a cross-attention mechanism between embeddings of the

conditioning information and the denoiser features to guide

the image synthesis, rendering the conditioning framework

flexible to the choice of conditioning signals.

4. Method

In this section, we introduce Gen-SIS (see Fig. 2), a frame-

work that leverages unlabeled data to train a diffusion model

and subsequently enhances self-supervised learning (SSL)

through novel self-augmentations using this learned diffu-

sion model. First, in Sec. 4.1, we describe the embedding-

conditioned Latent Diffusion Model (E-LDM), which gen-

erates synthetic images based on the embeddings of source

images. Then in Sec. 4.2, we detail how synthetic images

(self-augmentations) generated by the E-LDM can be inte-

grated into SSL to improve it. We focus on two types of

self-augmentations: (1) Generative augmentations, where

augmentations are created from a single source image, and

(2) Interpolated augmentations, where an interpolated im-

age is generated from two source images and used in train-

ing for a novel disentanglement pretext task.

4.1. Embedding conditioned LDM
We follow the LDM [48] framework for synthetic image

generation, conditioning the LDM with the embedding ex-

tracted from an image, and refer to this setup as E-LDM

(embedding-conditioned LDM). Following the approach of

prior work [18], we first train an image encoder on unla-

beled real images using a standard SSL algorithm (DINO),

and then use this encoder as the conditioning network to

guide the diffusion model. This design allows our E-

LDM to be trained in a fully self-supervised manner, with-

out relying on any auxiliary information about the images.

We call the synthetic images generated from E-LDM self-
augmentations. As conditioning, we choose the output of

the DINO backbone, which is a D-dimensional vector e
(embedding). Once trained, we prompt the E-LDM by giv-

ing it an embedding of a real image e; it will synthesize

a variation Is = E-LDM(z, e), where z ∼ N (0, I) is an

initial Gaussian noise used in sampling. We use the deter-

ministic DDIM [52] sampling algorithm, which maps every

(z, e) pair to an image Is.

4.2. Enhancing SSL using self-augmentations

With real images as sources for E-LDM conditioning, we

use two types of self-augmentations: 1) Generative Aug-

mentations, 2) Interpolated Augmentations.

Generative Augmentations: In the generative augmenta-

tion setting, a synthetic image is generated using a single

real image as the source. This involves first extracting an

embedding e from the source image using the conditioning-

encoder, and then guiding the image generation process

with that embedding to create a synthetic image Is =
E-LDM(z, e). As illustrated in Fig. 1 (b), generative aug-

mentations introduce novel variations in the shape, size, and

position of objects, as well as changes in the background,

while preserving the semantic content of the objects in the

image. As shown in Fig. 2, to integrate generative augmen-

tations into SSL, we use the real image and a corresponding

synthetic image as an input pair for the SSL pretext task.

We also apply hand-crafted augmentations to both real and

synthetic images.

Interpolated Augmentations: An interesting property of

diffusion models is their ability to generate an image that

partially resembles each source image when conditioned

on embeddings interpolated from two sources, as demon-

strated in prior works [18, 31, 57]. We leverage this prop-

erty to produce an interpolated synthetic image from two

real source images, which we use to perform a new pre-

text task during the SSL training. With embeddings e1
and e2 representing the two source images (I1, I2), and an

interpolation ratio α, we compute an interpolated embed-

ding eint using spherical linear interpolation (SLERP) [57]

eint = SLERP(e1, e2, α). We choose SLERP over linear in-

terpolation since high-dimensional vectors are concentrated

near the surface of the unit sphere. This interpolated em-

bedding serves as the conditioning to generate the synthetic

interpolated image, Iint = E-LDM(z, eint).

Since the interpolated image contains components of

both source images, we propose a disentanglement task
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where the network learns to separate the distinct features

of each source image used in the interpolation. Specifi-

cally, given two source images (I1, I2), an interpolating ra-

tio (α), and the interpolated synthetic image (Iint), we pass

Iint through the student network, to obtain the student prob-

ability Pint.

Lint = gθs(Iint), P k
int =

exp(Lk
int/τs)

∑K
j=1 exp(L

j
int/τs)

(4)

To derive a target teacher output for the disentanglement

task, we pass I1, I2 to the teacher network individually, and

interpolate the teacher head output (logits Lent) using α:

Lent = αgφt
(I1) + (1− α)gφt

(I2). (5)

This is then passed through the centering and sharpening

operation to get the probability over the K dimensions

P k
ent =

exp((Lk
ent − ck)/τt)

∑K
j=1 exp((L

j
ent − ck)/τt)

(6)

Finally, we compute the disentanglement loss (Eq.7) using

the cross-entropy between the student and teacher predic-

tions.

Ldisentangle = −Pent log(Pint) (7)

To optimize for this loss, the student must implicitly dis-

entangle components of the pair of source images within

the interpolated image, leading us to call this a disentangle-
ment pretext task. This task is more challenging and can

yield better representation learning than optimizing solely

for single-source augmentations. With single-source im-

ages, the student only needs to extract features for a single

dominant component to minimize the loss, whereas disen-

tangling multiple components in an interpolated image can

help the model learn more discriminative features.

In Gen-SIS, we use both types of self-augmentations,

generative augmentation with vanilla dino loss and interpo-

lated augmentation with Ldisentangle. We provide the pseudo

code in the Supplementary.

5. Experiments
5.1. ImageNet-1K
In this section, we apply the Gen-SIS framework in the nat-

ural image domain. Our experiments empirically demon-

strate improvements in encoder pre-training using Gen-SIS

compared to the vanilla SSL methods on ImageNet-1K [12].

E-LDM and Self Augmentations: The first step involves

creating self-augmentations. This begins with training a

conditioning encoder: a ViT-S/16 model using the DINO

framework trained for 100 epochs on ImageNet-1K. We

Table 1. Top-1% accuracy on ImageNet-1K of DINO and Gen-

DINO pre-trained for 100 epochs and evaluated using k-NN (train-

ing free) and linear probing (LP) evaluation.

Method Network k-NN LP

DINO ViT-S 69.4 74.0

Gen-DINO ViT-S 70.93 (± 0.04) 74.5

DINO ViT-T 59.1 65.0

Gen-DINO ViT-T 64.8 67.9

Table 2. Performance of DINO and Gen-DINO on PANDA (6-

class classification) and BRIGHT (3-class classification) datasets.

For PANDA, we report the mean Top-1% accuracy over 5-fold

cross-validation, and for BRIGHT, we report the mean Top-1%

accuracy over three seeds.

Dataset

Method PANDA BRIGHT

DINO 47.6 64.6

Gen-DINO 50.8 66.3
UNI [9] 49.4 63.3

then train the embedding-conditioned LDM (E-LDM) for

100k iterations using embeddings from this DINO ViT-S/16

encoder as condition, following [18]. We generate self-

augmentations (both generative and interpolated) using E-

LDM in an offline manner, and load them from the disk

during the Gen-SIS SSL training. More implementation de-

tails are provided in Supplementary 9.5.

Evaluation: We employ standard protocols used in

DINO [7], such as the training-free k-nearest neighbor clas-

sifier (k-NN) and training a linear classifier (linear-probing)

on frozen features. As highlighted in the DINO paper, lin-

ear probing is sensitive to the hyperparameters, and hence

we consider k-NN to be the preferred choice for evaluation

given its robustness.

Comparing with DINO on ImageNet-1K: In Tab. 1, we

compare the performance of ViT-S (patch size of 16) pre-

trained using our Gen-DINO method against the vanilla

DINO method with a 100-epoch schedule on the ImageNet-

1K validation set. We observe that, compared to DINO, our

method performs significantly better on k-NN evaluation,

with an improvement of 1.5% in Top-1% accuracy. We re-

port mean/std of k-NN over 3 pre-training seeds of Gen-

DINO. The linear probing evaluation shows an improve-

ment of 0.5%. This evaluation indicates that Gen-DINO

enhances representation learning through generative and in-

terpolated augmentations, particularly by learning to solve

the more challenging pretext task of disentangling two ob-

jects in the object-centric images of ImageNet-1K. We dis-

cuss the importance of individual components in Sec. 5.4.

Using the same E-LDM as in the ViT-S training, we

also apply Gen-DINO to train a ViT-T model on which

we observe larger performance improvement. This demon-
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strates that the proposed framework is applicable on differ-

ent model sizes and can greatly benefit smaller ViT models.

5.2. Histopathology Imaging
Previously, we evaluated Gen-SIS in the natural image do-

main using ImageNet-1K. In this section, we explore its ex-

tension to histopathology, which is non-object-centric and

instead involves a complex spatial layout of various tissue

structures and nuclei types [9, 33]. Given the lack of large-

scale (text-to-image or other) foundation diffusion models

in histopathology, self-augmentations using our Gen-SIS

framework have significant potential to improve SSL in this

domain.

Setup: We validate Gen-SIS on two challenging

histopathology datasets: the PANDA prostate cancer

dataset [5] ( 10K Whole Slide Images (WSIs) for 6-class

ISUP grading, with Karolinska slides for training and

Radboud for evaluation) and the BRIGHT breast cancer

dataset [4] (703 WSIs for 3-class classification). After

tiling the WSIs into 256×256 pixel crops, we pre-trained

ViT-S encoders using both vanilla DINO and Gen-SIS

framework (Gen-DINO). We then extract frozen features

from these encoders and trained an ABMIL model [32] for

slide-level classification. We ensure robust evaluation by

reporting mean performance from 5-fold cross-validation

for PANDA and averaging results over 3 random seeds for

BRIGHT. For more details, see Supplementary 9.5.6.

Results: As observed in Table 2, MIL trained with fea-

tures extracted from the Gen-DINO pre-trained encoder

outperforms those from the DINO pre-trained encoder

across both datasets. In the PANDA dataset, our method

improves performance by more than 3% in accuracy. In

the BRIGHT dataset, we observe an improvement of 1.7%
in accuracy. In Table 2, we also report the performance of

UNI [9], a SoTA pathology foundation model. Gen-DINO

outperforms UNI on both datasets despite being pre-trained

only on ∼2M images instead of 100M images used in UNI.

While we focus on improving a vanilla DINO ViT-S en-

coder when trained on an ImageNet-scale dataset (∼1M),

we believe that incorporating Gen-SIS into large-scale

(>100M) SSL foundation model training can be beneficial.

Since UNI and other foundation models [15, 38, 63] use

DINO as the underlying algorithm, Gen-SIS can be easily

integrated in their training pipeline.

5.3. ImageNet-1K downstream tasks
Having validated the effectiveness of Gen-SIS by improving

k-NN classification accuracy (Sec.5.1) on ImageNet-1K,

we probe the ViT-S Gen-DINO encoder on related down-

stream tasks. We perform copy detection, image retrieval,

and video segmentation, closely following the settings de-

scribed in DINO [7]. For further evaluation details, please

refer to Sec. 9.5.5.

As shown in Tables 3, 4 and 5, Gen-DINO features out-

perform vanilla DINO across all downstream tasks. For

video segmentation, we also evaluated Gen-DINO without

the disentanglement task, i.e., DINO with generative aug-

mentations only, and found that it performed worse than

Gen-DINO. This is additional evidence that the disentan-

glement pretext task improves the model’s understanding

of object details.

Figure 3. [CLS] token attention map of DINO and Gen-DINO av-

eraged across all heads and overlayed on real and interpolated im-

age. Gen-DINO’s attention covers higher portion of object patches

than DINO.

In Fig. 3, we visualize the self-attention of the [CLS] to-

ken overlayed on a sample real image and on a sample inter-

polated image using pre-trained ViT-S using DINO and our

Gen-DINO model. Consistently, for both real and gener-

ated images, Gen-DINO’s attention map covers the object

patches (16×16 regions) better compared to DINO. This

was also reflected in the significantly improved mean region

similarity Jm in Tab 5. We posit that by training on gen-

erative and interpolated augmentations of images the SSL

encoder learns to focus more on the objects of interest (e.g.

animals in the image) as we are mostly introducing vari-

ations to the background and location of the object. This

leads to the improvement in downstream performance.

5.4. Ablations
Here, we study the effect of the various components of

Gen-DINO that are crucial for enhancing the performance

of the encoder compared to vanilla DINO. All ablations

are conducted using ViT-S pre-trained for 100 epochs on

ImageNet-1K and evaluated on its validation set. Top-1%

k-NN classifier accuracy is reported.

Importance of Disentanglement pretext task: In Tab. 6,

we investigate the effect of only using generative augmen-

tations, without the proposed disentanglement pretext task

and interpolated augmentations (No disent.). We compare

it to the vanilla DINO (DINO) and proposed Gen-DINO
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Table 3. Copy Detection: mAP on Copy-

days [13] “strong” subset.

Method Dim mAP

DINO 768 80.2

Gen-DINO 768 82.5

Table 4. Image retrieval. We com-

pare the mAP on the Oxford (ROx)

and Paris (RPar) datasets using frozen

features from ViT-S pre-trained with

DINO and Gen-DINO on ImageNet-

1K.

Method ROx RPar
M H M H

DINO 30.7 10.8 55.6 26.1

Gen-DINO 33.3 11.2 57.2 26.9

Table 5. DAVIS 2017 Video Object Segmentation. We

compared the performance of frozen features from ViT-S pre-

trained (100 epochs) with DINO and Gen-DINO on ImageNet-

1K for the task of video instance tracking. Mean region sim-

ilarity (Jm) and mean contour-based accuracy (Fm) metrics

are reported. We use an image resolution of 480p.

Method (J&F)m Jm Fm

DINO 61.45 59.67 63.23

Gen-DINO w/o disent. 61.66 59.87 63.45

Gen-DINO 62.07 60.52 63.62

Table 6. Effect of disentangle-

ment pretext task and its posi-

tion.

Method k-NN

DINO 69.4

Gen-DINO

- No disent. 69.9 (+0.5)

- Before proj. 69.6 (+0.2)

- After proj. 70.9 (+1.5)

Table 7. Effect of interpola-

tion ratio α.

α k-NN

0.2, 0.4, 0.6, 0.8 70.0

0.4, 0.6 70.1

0.5 70.9

encoders (After proj.). We observe that generative aug-

mentations alone provide a 0.5% improvement over vanilla

DINO, significantly less than the 1.5% improvement of

Gen-DINO. This emphasizes that, beyond simple data aug-

mentation, generative models can enhance the SSL frame-

work in different ways – in our case the interpolation aug-

mentation and disentanglement pretext task.

Effect of teacher entanglement position: In Tab. 6, we

experiment with the entanglement position of teacher out-

puts used in the disentanglement pretext task. By default,

we entangle the teacher head logits (after the projection

head) of two source images as per Eq.5. We try perform-

ing the entanglement after the teacher backbone (before the

projection head) and then passing the entangled embed-

ding into the teacher head. Tab. 6 indicates that entan-

gling before the projection head leads to a significant de-

crease in performance. This can be attributed to the low-

dimensional teacher backbone output (384 in ViT-S), which

allows less flexibility in feature entanglement within the

low-dimensional space compared to the teacher projection

head output, which is much higher-dim (typically 65K).

Effect of Interpolation Ratio: In Tab. 7, we explore the

effect of interpolation ratio (α) in our framework. By de-

fault, in the ImageNet experiments, we use α = 0.5 for in-

terpolated image generation. Since any value can be used

in the disentanglement pretext task, we experiment with

α = {0.2, 0.4, 0.6, 0.8} and α = {0.4, 0.6}.

Using multiple α values may seem optimal due to in-

creased variation, but we found that using α = 0.5 yields

the best results. To understand this, in Fig. 4, we visual-

ize the generated images with different α values. We ob-

serve that for values close to the boundaries (0.2 and 0.8),

the effect of the interpolation is barely visible, with the im-

age mostly gravitating toward the dominant side, making

the pretext task noisy. Additionally, the images synthesized

with values 0.4 and 0.6 are very similar, making it harder for

the model to distinguish the exact α used in interpolation.

We hypothesize that the training becomes noisy when the

interpolated images do not precisely reflect the interpolation

ratio used. This limitation stems from the generative capa-

bilities of the diffusion model, particularly in highly diverse

datasets like ImageNet-1K [57], where generating images

with the exact interpolation is difficult. Hence, both intu-

itively and empirically, using α = 0.5 proves optimal, as

the SSL encoder only needs to understand that the interpo-

lated image is a combination of two others rather than esti-

mating the exact interpolation ratio. In the histopathology

domain, where the generative model can accurately capture

variations across different α values (Supplementary Fig. 12

and Fig. 13), we opted to use multiple interpolation ratios -

α = {0.2, 0.4, 0.6, 0.8}.

5.5. Extension to other SSL methods and ViT model
sizes

To demonstrate the broad applicability of Gen-SIS, we ex-

tend it to multiple SSL frameworks — I-BOT [62], DI-

NOv2 [40], and SimCLR [11] — across ViT-Tiny (ViT-

T), ViT-Small (ViT-S), and ViT-Base (ViT-B) model sizes

on ImageNet-1K. I-BOT extends DINO with an additional

masked image modeling pretext task. DINOv2 builds on

DINO with additional losses like ibot loss and koleo loss.

SimCLR is a contrastive learning based SSL approach. All

models are trained for 100 epochs.

As shown in Tab. 8, Gen-SIS consistently improves

k−NN accuracy across all settings. Notably, for SimCLR,

we observe an improvement of 10.6%. For completeness,

we also report the performance of StableRep [55] and Syn-

CLR [54], which train SimCLR-like SSL algorithms on

synthetic data generated from Stable Diffusion. As ex-

pected, they outperform Gen-SimCLR since they leverage

large-scale text-conditioned diffusion models.

For training Gen-I-BOT, Gen-DINOv2, and Gen-

SimCLR, we use the same synthetic data generated for Gen-

DINO ViT-S in Sec. 5.1. This illustrates that a single dif-

fusion model (E-LDM), trained with embeddings from a

vanilla SSL encoder (DINO ViT-S in our case) as condi-
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Figure 4. Interpolated augmentations (α = {0.2, 0.4, 0.6, 0.8}) generated from 2 real images (α=0 and α=1). An example of interpolation

between dog and stone image from ImageNet dataset is illustrated.

tioning, can generate augmentations once and be reused to

train various SSL methods and ViT model sizes.

Table 8. k-NN acc. on ImageNet-1K using SSL methods DINOv2,

I-BOT, and SimCLR and their Gen-SIS versions (Gen-DINOv2, ..)

SSL Method Network k-NN

DINOv2 ViT-S 69.4

Gen-DINOv2 ViT-S 70.9

I-BOT ViT-T 58.6

Gen-I-BOT ViT-T 64.1

I-BOT ViT-S 69.8

Gen-I-BOT ViT-S 70.8

SimCLR ViT-B 52.3

Gen-SimCLR ViT-B 62.9

StableRep ViT-B 69.0

SynCLR ViT-B 76.1

6. Limitations and Trade-offs
A potential limitation of Gen-SIS is the computational over-

head associated with training the E-LDM and generating

self-augmentations. In Table 9, we present the total train-

ing cost for Gen-SIS, which includes pretraining the vanilla

SSL encoder, training the E-LDM, generating synthetic

augmentations and training the final SSL encoder. We em-

phasize that this is a one-time expenditure per pretraining

dataset. The ImageNet results presented in Section 5.5 use

the same set of synthetic samples for Gen-SIS enhanced

training across all SSL frameworks and ViT architectures.

This reusability significantly amortizes the initial compu-

tational investment. We plan to release the generated syn-

thetic data for all the datasets used in this paper, allowing

future research to readily benefit from this investment.

Furthermore, recent works like RCG [36] have trained

large E-LDMs on ImageNet. Using such models allows

us to bypass the vanilla SSL and diffusion model training

stages. We demonstrate this by re-runing Gen-SIS with

RCG, reducing our incurred cost to only that of generat-

ing augmentations and training the final SSL encoder. This

approach reduces our total compute time from 6.5 to 4.75

days (Table 9) while maintaining comparable k-NN accu-

racy. See Supplementary 9.2 for more details.

Table 9. Training cost in number of days on a single node with 8

A100 GPUs. We highlight in blue the costs that are incurred by

Gen-SIS (or StableRep) training.

Vanilla Diffusion Aug Gen k-nn
Method SSL Training Gen SSL Acc

Gen-SIS 1 2 (E-LDM) 2.5 1 70.9

Gen-SIS – 32 (RCG) 3.75 1 70.7

StableRep [55] – 768 (SD 1.5) 34.5 3.4 69.0

Most importantly, our E-LDM training cost is consid-

erably less than the resources involved to train an SD-

scale foundation model. While methods like StableRep[55],

which rely on SD, do not incur this training cost, their aug-

mentation generation (34.5 vs 2.5 days) is still more expen-

sive. Gen-SIS provides a more computationally efficient

way to generate self-augmentations, particularly when large

generative models are unavailable (histopathology).

7. Conclusion

We presented Gen-SIS, a self-augmentation technique to

enhance self-supervised learning. Self-augmentations are

generated from a diffusion model that does not rely on

auxiliary information (text or class labels), ensuring a

self-contained approach. Our Gen-SIS models, trained

with generative and interpolated augmentations alongside

the proposed disentanglement pretext task, outperform the

vanilla SSL algorithms and show improved performance on

downstream tasks. We demonstrated the effectiveness of

Gen-SIS across multiple SSL methods and encoder vari-

ants, highlighting its broad applicability. Finally, we ex-

tended our framework to the non-object-centric histopathol-

ogy domain, showing consistent improvement across com-

plex cancer grading tasks. While Gen-SIS involves an

up-front computational investment for the diffusion model,

this is a one-time expenditure per pretraining dataset. We

believe that synthetic data augmentations hold immense

potential for self-supervised learning, and our framework

could benefit large-scale foundation model training in both

natural image and histopathology domains.
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Tallec, Pierre Richemond, Elena Buchatskaya, Carl Doersch,

Bernardo Avila Pires, Zhaohan Guo, Mohammad Ghesh-

laghi Azar, et al. Bootstrap your own latent-a new approach

to self-supervised learning. Advances in neural information
processing systems, 33:21271–21284, 2020. 1, 2

[20] Jean-Bastien Grill, Florian Strub, Florent Altché, Corentin
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