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ABSTRACT

Current scaling laws suggest that maximizing unique data is key to superior pre-
training. For self-distillation models like iBOT, we show that data density (repe-
tition) and data diversity (as measured by Vendi score) can be as critical as data
size (the total number of unique samples). Wide range of experiments on a large
remote sensing dataset demonstrate that seeing a smaller, high-quality subset mul-
tiple times outperforms a single pass over a massive stream of unique samples un-
der equivalent compute. Based on these results, we propose a predictive scaling
law that models downstream performance as a joint function of unique data size,
data density and data diversity. We demonstrate the extrapolation power of the
proposed formula.

1 INTRODUCTION

The emergence of foundation models in computer vision has been heavily influenced by task-
agnostic representation learning in Natural Language Processing (NLP) (Radford et al., 2019; Raffel
et al., 2020; |Chowdhery et al., [2022; [Hoffmann et al., [2022). In the NLP domain, large-scale pre-
training on raw internet text has enabled models to achieve remarkable performance across a variety
of tasks in both zero-shot and few-shot settings (Brown et al.,2020). This success has motivated the
development of vision-based foundation models (Bommasani et al.,|2021)), which aim to learn trans-
ferable representations applicable to both image-level tasks, such as classification, and pixel-level
tasks, such as segmentation.

Established scaling laws in NLP (Kaplan et al., [2020; [Hoffmann et al.l 2022)) suggest that model
performance scales predictably with increased data volume. However, our findings challenge this
“more-is-better’” dogma within the context of self-distillation learning. We demonstrate that superior
performance can be achieved not by simply expanding the dataset, but by strategically removing
samples from the original pool to optimize its composition. To investigate this phenomenon, we
pose two fundamental questions:

* Is the initial Data Diversity sufficient to support high-quality representation learning?

* Is Data Density (redundancy) a necessary component for stability during self-distillation
learning?

In this work we have three concepts: 1. Data Size (U) - the total number of unique samples, 2. Data
Density (R) - repetition of each unique sample during pretraining, 3. Data Diversity (V) - quality
metric across unique samples which is measured by Vendi score (Friedman & Dieng}, 2023} |Pasarkar
& Diengl 2024).

We conduct our primary experiments on the Maxar satellite imagery dataset (MaxarTechnologies|
2022), which provides a unique empirical setting for studying data redundancy. Due to repeated
temporal imaging of the same geographic locations under varying seasonal and atmospheric condi-



Published as a conference paper at ICLR 2026

tions, the dataset contains substantial near-duplicate content. This high-density characteristic makes
Maxar ideal for investigating compute-data tradeoffs in self-supervised pretraining.

To construct curated subsets at various scales, we first extract representation vectors for the entire
collection using a pretrained DINOv2 model (Oquab et al, 2024). We then employ a clustering-
based curation method to form balanced subsets at multiple target sizes (Vo et al., [2024). The
impact of these filtered versions is evaluated through k-NN classification across four diverse remote
sensing benchmarks.

Our experimental results demonstrate that “more is not always better”: training on a strategically
pruned subset containing only 1.5% of the total data can improve average downstream k-NN perfor-
mance by approximately 3 percentage points relative to training on the full dataset.

Building upon these concepts, we propose two candidates of predictive scaling laws that attempt
to model the downstream performance of self-supervised models as a joint function of U, R, and V.
Surprisingly, the one inspired by data-constrained scaling laws did not fit well our data. Instead, a
more straightforward extension of Chinchilla law worked better. Our findings align with emerging
trends in large-scale pretraining; for instance, recent advancements in the DINO family (Siméoni
et al.,[2025) emphasize the necessity of data curation and the use of homogeneous batches.

2 RELATED WORK

Self-Supervised Pretraining: Following the significant achievements of self-supervised pretrain-
ing on large-scale, web-crawled data in natural language processing, similar paradigms (He et al.,
2022 Wang et al.|, 2023} Zhou et al., 2021} |(Oquab et al., 2024} |Siméoni et al., |2025) have gained
prominence for natural images. Masked Image Modeling (MIM) methods, such as MAE, learn
representations by reconstructing missing content from masked inputs (He et al., 2022). In paral-
lel, self-distillation approaches learn semantic invariances by matching a teacher network’s predic-
tions to a student’s, typically with the teacher updated via an Exponential Moving Average (EMA)
of the student weights (Zhou et al.| 2021} |Oquab et al.| [2024} |Siméoni et al., |2025). These self-
distillation-based algorithms have demonstrated superior performance on diverse downstream tasks;
notably, recent large-scale models such as DINOv2 and DINOv3 exhibit exceptional transferability
and retrieval-style capabilities without the need for task-specific fine-tuning.

In this work, we employ iBOT (Zhou et al.,2021) as our pretraining framework. iBOT is particularly
well-suited for our study as it unifies masked token prediction with self-distillation via an online
tokenizer and EMA teacher updates, consistently producing representations that are highly effective
for k-NN-based evaluation.

Data Curation: Constructing high-quality subsets from large, unlabeled image collections is a
significant challenge, particularly in the presence of extreme redundancy and long-tail distributions.
Modern pretraining pipelines increasingly rely on sophisticated curation to remove near-duplicates
and enhance dataset balance. For instance, the DINOv2 pipeline incorporates a dedicated copy-
detection stage to eliminate near-duplicate images during dataset construction (Oquab et al., [2024)).
Similarly, SemDeDup leverages pretrained embeddings to identify semantic duplicates, filtering
them to maximize data efficiency (Abbas et al., 2023)).

For balanced subset selection, |Vo et al.|(2024) proposed a clustering-based approach utilizing hier-
archical k-means followed by balanced sampling; this enables the construction of subsets at specific
target scales while preserving overall diversity. Alternatively, Van Assel & Balestriero| formulate
subset selection as a graph-matching problem over pairwise similarities, which provides an advan-
tage when clusters are not well-separated in the embedding space. Crucially, recent studies em-
phasize that curation should not be treated as compute-agnostic. The utility of any fixed subset is
inherently tied to its training duration (i.e., the number of repetitions), which motivates the need for
compute-aware filtering strategies (Tirumala et al., 2022). In this work, we adopt the hierarchical
clustering-based curation approach (Vo et al.,|2024) to construct balanced subsets of Maxar imagery
across multiple scales, allowing us to explicitly study the interplay between curation and repetition.

Scaling laws: In language modeling, empirical scaling laws characterize the functional relationship
between loss, model capacity, and training compute, providing a framework for compute-optimal
resource allocation (Kaplan et al.l 2020). Subsequent Chinchilla-style analyses revealed that many
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large language models (LLMs) were significantly under-trained relative to their parameter counts,
leading to revised compute-optimal tradeoffs between model size and data volume (Hoffmann et al.,
2022). Particularly relevant to redundancy-heavy domains is the study of data-constrained scaling,
which examines the impact of multi-epoch training (repeated data). This research demonstrates
that while additional compute yields diminishing returns as tokens are repeated, performance can
be explicitly modeled by accounting for repetition (Muennighoff et al.,[2023). Our work adapts this
compute—data perspective to self-supervised vision pretraining. By shifting the focus to redundancy-
heavy satellite imagery, we explicitly model the interaction between data Size (U) and Density (R),
while introducing Diversity (17) as a critical third variable to explain the efficiency of the learned
representations.

3 EXPERIMENTAL SETUP

All pretraining experiments are conducted using the Maxar satellite imagery dataset (MaxarTech-
nologies, |2022). As discussed in Sec.|l| the dataset is characterized by high redundancy; the same
geographic regions are frequently re-imaged over time, which yields substantial near-duplicate con-
tent upon tiling. The original images possess resolutions of approximately 17000 x 17000 pixels or
larger. We partition these high-resolution images into non-overlapping crops of 500 x 500 pixels,
resulting in a total of 51,197,237 tiles. During pretraining, these tiles are resized to the standard
model input resolution of 224 x 224 pixels, following the iBOT preprocessing pipeline.

Subset Selection: To construct filtered subsets across various scales, we employ a clustering-based
curation method (Vo et al [2024). This approach applies hierarchical k-means clustering to repre-
sentation vectors followed by a balanced sampling strategy to ensure that no single cluster dispropor-
tionately dominates the selected subset. Representation vectors for all tiles are computed using the
[CLS] embedding from a pretrained DINOv2 model (Oquab et al., | 2024)). Specifically, we perform
clustering across n = 4 hierarchical levels with k& € {50k, 10k, 5k, 1k} clusters per level, respec-
tively. By varying the target subset size, we generate multiple curated subsets spanning a broad
range of unique-data sizes U. To disentangle the benefits of curation from the effects of subset
size alone, we also include a random subsampling baseline for several target sizes as a comparative
control.

Model Pretraining: We pretrain iBOT with a ViT-B/16 backbone following the standard protocol
(Zhou et al., 2021)), employing the same multi-resolution augmentations as the original implementa-
tion. Optimization is performed using AdamW with a per-GPU batch size of 200 and a world size of
8, resulting in a global batch size of B = 1600. All runs are conducted in distributed mode utilizing
FlashAttention-2 for computational efficiency.

In this work, we define the pretraining compute budget C' as the total sample exposures (i.c.,
the cumulative number of images seen during training, rather than optimizer steps). We conduct
pretraining across all subset sizes for C € {10M, 20M, 30M, 40M, 50M}. For the full dataset and
the U = 750,000 subset, we extend the budget to C' € {100M, 200M, 300M, 400M}. Given a global
batch size B = 1600, the number of optimizer steps S is derived as S = C/B (e.g., 10M exposures
~ 6,250 steps; 50M exposures ~ 31,250 steps). For a subset of size U, the data density (repetitions)
isdefined as: R = % which corresponds to the number of training epochs. More pretraining detailes

are[Adl

We evaluate the quality of the pretrained representations by measuring k-NN classification accuracy
across four remote-sensing benchmarks. The details are in Appendix[A.2]

4 PROPOSED PREDICTIVE SCALING LAW

Each pretraining run produces a tuple (U, C, V,y), where U is the number of unique images in the
curated subset, C' is the total number of images processed during pretraining (Sec.[3), V' is the subset
diversity measured by the Vendi score, and y is downstream performance measured as the mean k-
NN accuracy averaged over downstream tasks (Sec. [3)). Since the backbone and optimization setup
are fixed, the dominant degrees of freedom are data and compute allocation.

We quantify subset diversity using the Vendi score V (Friedman & Dieng, 2023)). For each subset,
we uniformly sample m tiles (due to the O(m?) cost), compute L2-normalized DINOv2 [CLS]
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Figure 1: Visualization of the experimental design space and extrapolation split. Each point cor-
responds to one experiment with Vendi score V', number of unique images U (in millions), and
repetition count R (linked through the compute budget C' =~ U - R). We show pairwise projections
of these variables, using the third variable as color: (a) V' vs. R (color: U), (b) U vs. R (color:
V), and (c) V vs. U (color: R). Markers indicate whether a run belongs to the fit set (Train) or the
extrapolation set (Test); log scales are used for U and/or R where indicated.

embeddings, form the cosine-similarity Gram matrix K, normalize K = K /tr(K), and compute its
eigenvalues {\¢} (with ), A, = 1). We then define V'
computation 10 times with different random seeds, reporting the mean V' across subsets.

exp( — > o Aelog )\z), and repeat this
We fit and compare two functional forms that relate performance to U, R and V.

(L1) Effective-data law. Following (Muennighoff et al., 2023), which showed that training on
multiple epochs on the same data brings diminishing returns, we define an effective unique data

Us(U,R,V) = U + Ux (1—exp(—iv)), )

and model performance as

A
(Uer(U, R, V)"
(L2) Additive-power law. Motivated by compute—data scaling perspectives and power-law behavior

in language modeling (Hoffmann et al.l 2022), we also fit a simpler additive form with separate
contributions from unique data and diversity-weighted density:

A
(UR)~

n(U,RV) =1-F — 2)

B

72(U, R, V) GO

= 1-F — 3)

Fitting and evaluation. For each law, we fit parameters by bounded nonlinear least squares (with
multiple random restarts), enforcing F € [0, 1] and positive scales/exponents (4, B, z, a, 5,7 > 0).
We evaluate predictive accuracy (MSE) and rank correlation on both the fit split and a held-out
extrapolation split defined by R > R, or V > V, (Sec. E[), and report which law yields more stable
fits and better extrapolation. We fit the scaling-law parameters on configurations with at most 20
repetitions and Vendi score up to 80, and evaluate on the held-out configurations that exceed either
threshold (see Fig.[I). For a formal paper, you can use the following LaTeX snippet to describe your
methodology concisely:

Scaling law models are fitted using the Trust Region Reflective algorithm via
scipy.optimize.curve_fit, employing bounded nonlinear least-squares optimization.
The procedure utilizes model-specific initial estimates and parameter bounds defined in the model
registry, with a maximum of 10,000 function evaluations to ensure convergence.

5 RESULTS AND CONCLUSION

In Fig. [3|we show that high quality data subset matters and with the same compute we can get better
results with higher diversity subsets. This somewhat contradicts with |Goyal et al.| (2024), that long



Published as a conference paper at ICLR 2026

compute time can bring to higher performance in terms of infinite compute. Here we see that Maxar
training with the full data saturates after 30M views and drops after 200M views. As one can see in
Fig.[2]and Table[T] the Additive power law fits the data much better than the Effective data law. Note
that both scaling laws fail to fit runs with relatively small 10M budgets, whereas additive power
law shows almost perfect results on runs with higher compute budget. Therefore, the correlation
between the V' R term and U might have an additive nature. We also tried few other formulas that
failed to fit, particularly when V' and R were in separate terms. Breaking the symmetry of V' and R
by adding another parameter V' R? did not improve the fit.

We note that the scaling laws were fit on relatively irregular sets of experiments, and adding more
data points within the interpolation range might improve the fits.

Future work should focus on testing these ideas and laws on datasets from other domains, such as
natural imagery, autonomous driving images, scientific imaging (e.g., microscopy and astronomy).
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Figure 2: Predicted vs. actual downstream performance for two scaling-law parameterizations.
Each point is one training run; circles are runs used to fit the law (Train) and squares are held-out
extrapolation runs (Test). The dashed line denotes perfect prediction (y=x). Point color encodes
total compute budget (log scale in millions). Left: Effective-data law using an effective unique-data
term that saturates with repetitions. Right: Additive power-law baseline combining unique-data and
repetition/diversity terms additively.
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METRIC Effective-data  Additive

MSE (train) 0.000227 0.000108
Corr (train) 0.7516 0.8755
MSE (test) 0.000158 0.000041
Corr (test) 0.8233 0.9482

Accuracy
°
o
8

°
®
&

°
®
&

084 —@— Full data
! : = e Table 1: Comparison of the two proposed scal-
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the models used for fitting the scaling laws. Test
Figure 3: Average k-NN classification perfor-  indicates extrapolation results.
mance of iBOT models pretrained on the full

Maxar dataset and its best subset (750K).
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A APPENDIX

A.1 PRETRAINING DETAILES

Each sample processing requires approximately 241 GFLOPs, calculated per forward and backward
pass for a single 224 x 224 input.

We adopt the Warmup-Stable-Decay (WSD) scheduler (?) for the learning rate, weight decay, and
teacher momentum. Specifically, we utilize a linear warmup for the first 625 iterations, followed by
a stable phase, and a final linear decay over the terminal 10% of the training budget.

A.2 MODEL EVALUATION

We evaluate the quality of the pretrained representations by measuring k-NN classification accuracy
across four remote-sensing benchmarks: UC Merced Land Use (Yang & Newsam), [2010), NWPU-
RESISC45 (Cheng et al) |2017), EuroSAT (Helber et al.| 2019), and Brick Kiln (Lee et al., [2021).
For each downstream dataset, we extract [CLS] embeddings from the final transformer layer and
utilize cosine similarity as the nearest-neighbor metric. To ensure consistency, we determine the
optimal value of k for each dataset independently using the model pretrained on the full Maxar
dataset; these dataset-specific k£ values are then held fixed across all other pretraining runs to avoid
per-run hyperparameter tuning. Uncertainty is estimated using bootstrap resampling over the test
sets with 1, 000 iterations, yielding a mean accuracy m; and standard deviation o; for each dataset
i € {1,2,3,4}. Our primary performance metric is the unweighted average of the four dataset
means:



https://doi.org/10.48550/arXiv.2405.15613
https://doi.org/10.48550/arXiv.2405.15613
https://doi.org/10.1145/1869790.1869829
https://doi.org/10.1145/1869790.1869829
https://arxiv.org/abs/2111.07832
https://arxiv.org/abs/2111.07832

	Introduction
	Related Work
	Experimental Setup
	Proposed Predictive Scaling Law
	Results and Conclusion
	Appendix
	Pretraining Detailes
	Model Evaluation


