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Introduction
Training large vision models is dominated by the cost of passing every image
through the network at every epoch, even though most examples stop
contributing useful gradient early.
▶ Problem: uniform sampling wastes 40–60 % of compute on examples the

model already fits.
▶ Idea: score examples online with a cheap proxy and sample proportionally

to their estimated learning value.
▶ Result: same accuracy in 0.55× the wall-clock time on three benchmarks,

with no change to the architecture.

Method
Each example i receives a score si from an exponential moving average of its
recent loss, and the sampling distribution is

pi = (1− ε) sα
i

∑
j sα

j
+ ε

N , (1)

where α controls sharpness and ε guarantees that every example is still visited.
Gradients are importance-weighted by 1/(Npi) so the estimator stays unbiased.

Dataset
N examples

Score
si ← EMA(loss)

Sample
pi ∝ sα

i

Train
weighted SGD

The scorer runs on the forward pass that training performs anyway, so the overhead is below
2 % of an epoch.

Results
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Figure 1: Wall-clock time to reach the baseline accuracy on ImageNet-1k (ResNet-50). Lower is

better.

Method CIFAR-100 ImageNet-1k Places365
Uniform sampling 80.1 76.3 54.7
Random drop (50%) 77.9 73.8 52.1
Loss-ranked 80.0 76.0 54.4
Ours 80.4 76.5 54.9

Table 1: Top-1 accuracy (%) at a fixed compute budget of 0.55× the uniform baseline.

Ablation
▶ Sharpness α ∈ [0.5, 1.0] is robust; α > 2 overfits hard examples.
▶ Removing the ε floor costs 0.8 points of accuracy.
▶ EMA half-life of 3 epochs works across all three datasets.

Key findings
▶ 1.8× faster training to target accuracy.
▶ No accuracy loss on three datasets and two architectures.
▶ Drop-in: a data loader change only, no new hyperparameters beyond α

and ε.

Conclusion
Adaptive sampling turns the loss signal the model already produces into a free
curriculum. Because the estimator is unbiased, standard convergence guarantees
still apply, and the practical speed-up grows with dataset redundancy.
Future work: extend the scorer to multimodal pre-training, study interactions
with data augmentation, and release a framework-agnostic loader.
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