
DIET-CP: Lightweight and Data Efficient 
Self Supervised Continued Pretraining

DIET for continued pretraining

Continued pretraining (CP) is a promising method to 
adapt foundation models to new domains. However, 
current methods face two issues:

I. In niche applications, available datasets are often 
small, limiting the applicability of SSL methods 
developed for large-scale pretraining, and making 
hyperparameter search infeasible. 

II. Models are usually released as 
backbone-weights only, lacking important 
information to continue pretraining.  

We propose to bridge this gap with DIET-CP, a simple 
CP strategy, where any strong foundation model can be 
steered towards a data distribution of interest. 

Adapt any strong foundation model to your data distribution
… using only 1000 images and no labels!

Method
DIET: A super simple SSL method that excels 
on small datasets

● Requires only 1000 images and no labels

● Very simple objective: No more hyperparameters 
than supervised finetuning

● Stable across data modalities and backbones

● Provides a significant performance boost for 
SOTA models such as DINOv3

We propose adapting the representations of a 
foundation model in an SSL setting using cross entropy 
on the Datum IndEx as Target for Continual Pretraining 
(DIET-CP) [1]. The formulation for a backbone fθ is as 
follows:

where n is the one-hot encoded index of each data 
point in a dataset of size D. W represents a linear 
classification head for the DIET loss. This simple 
objective is an effective pretraining strategy for small 
datasets.
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DIET-CP Improves performance 
on out-of-domain datasets
On medical and galaxy morphology classification

● DINOv2, DINOv3 [6,7] improve by a clear 
margin on k-NN and linear probing performance

● MAE [8]: weaker baseline, but larger 
improvements
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● Fine-grained in-domain remains challenging: 
DINO models are already strong compared to 
MAE and deteriorate after CP.

● DIET-CP consistently improves models on 
Galaxy10-DECaLS, a non-medical out-of-domain 
dataset

Table 2: Linear probing and k-NN classification 
performance (F1) before and after DIET-CP for 
non-medical datasets. FGVC-Aircraft and Food101 
are considered in-domain fine-grained visual 
categorization tasks, while Galaxy 10-DECaLS is an 
out-of-domain optical telescope imaging task.

Fig. 1: DIET-CP is a label-free and efficient method for steering foundation models towards a data 
distribution of interest, improving class separability in the embedding space and leading to improved 
unsupervised and linear probing performance. t-SNE plots are generated from a PathMNIST subset.

Fig. 2: DIET[1] uses the datum index (n) as the class-target, effectively turning unsupervised learning into a 
supervised learning problem. A standard cross-entropy loss (X-Ent) is used, with no extra care needed to handle 
different datasets or architectures. As opposed to other SSL methods, we do not rely on a projector nor positive 
views, i.e. no changes are needed compared to any existing supervised pipeline.

Datasets
Out-of-domain and fine-grained in-domain

MedMNIST: A number of real-life medical classification 
datasets across different domains. These are 
out-of-domain for backbone foundation models [2].

Galaxy10-DECals: Out-of-domain optical telescope 
data for galaxy morphology classification [3].

FGVC-Aircraft, Food101: Fine-grained in-domain 
classification on natural images [4,5].

Fig. 3: Ablation study on the number of samples used 
for DIET-CP on a DINOv2 ViT-S. For training the k-NN 
and LP classifiers, the training set is kept constant with 
1000 labels.

Table 1: On average, DIET-CP improves DINOv3's 
linear probing (LP) by 4.43 abs. percent on F1, and 
on k-NN by 12.44 on MedMNIST. MAE is a weaker 
baseline, but benefits strongly from DIET-CP.


