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Abstract

We study whether conformal uncertainty can guide adaptive batch size selection during
neural network training. We propose ConfBatch that periodically computes conformal
prediction sets on held-out data, using their size as an uncertainty score to adjust batch size.
On CIFAR-10, the opposite-direction ConfBatch variants achieve the highest accuracies,
while standard ConfBatch has the lowest wall time among adaptive batch-size methods.
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1. Idea

Batch size affects both training speed and the noise of stochastic-gradient estimates. Small
batches produce noisier updates, whereas large batches are more stable but may use more
computation than necessary. The gradient-noise scale can guide batch-size selection (Mc-
Candlish et al., 2018), but it relies on gradient statistics.

ConfBatch instead uses conformal prediction sets as an uncertainty signal. At selected
epochs, it computes sets Ct(xi) on held-out data: large sets indicate that several classes
remain plausible, whereas singleton sets indicate confident predictions in a classification
task. Let st be the fraction of singleton sets and K the number of classes. We define

Ut =
1

2

n−1
∑n

i=1 log2 |Ct(xi)|
log2K

+
1

2
(1− st).

The first term increases with the average set size, while the logarithm prevents very large
sets from dominating. Dividing by log2K normalizes it to the number of classes. The
second term is small when most predictions are singletons and large when non-singleton
sets are common. Thus, larger Ut means greater predictive uncertainty.

Standard ConfBatch compares the current uncertainty Ut with its initial value U0:

B⋆
t = clip

(
Bmin2

η[U0−Ut]+ , Bmin, Bmax

)
.

When uncertainty has not decreased, [U0 − Ut]+ = 0 and the target remains Bmin. As the
model becomes more confident, the exponent grows and the controller gradually assigns
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Table 1: Results on CIFAR-10 with ResNet-18. Values are mean±standard deviation over
N = 5 seeds. E99 and t99 denote the first epoch and corresponding wall-clock time
at which 99% of the best validation accuracy is reached.

Method N Test Acc. (%) Macro-F1 (%) Coverage (%) E99 t99 (min) Wall (min) FLOPs (PF) Mean B Updates (k)

Fixed-small 5 93.97± 0.16 93.96± 0.16 93.97± 0.16 153.6± 2.6 39.29± 3.10 51.39± 4.32 9.50± 0.00 64.0± 0.0 125.0± 0.0
Fixed-large 5 92.40± 0.69 92.39± 0.69 92.40± 0.69 103.4± 1.5 22.62± 2.13 44.09± 4.79 9.50± 0.00 1000.0± 0.0 8.0± 0.0
AdaBatch 5 91.67± 0.47 91.67± 0.46 91.67± 0.47 151.2± 0.8 38.62± 4.21 49.19± 5.03 9.50± 0.00 93.5± 0.0 85.5± 0.0
Smith 5 93.53± 0.23 93.53± 0.23 93.53± 0.23 151.2± 0.4 36.47± 3.11 47.06± 4.15 9.50± 0.00 115.3± 0.0 69.4± 0.0
CABS 5 88.50± 0.19 88.48± 0.19 89.67± 0.48 44.6± 5.9 35.65± 6.82 163.31± 10.12 9.48± 0.00 254.0± 5.2 31.51± 0.65
SimiGrad 5 93.76± 0.27 93.75± 0.27 93.76± 0.27 106.0± 2.5 32.23± 2.30 53.32± 4.04 9.50± 0.00 713.6± 40.7 11.24± 0.66

ConfBatch 5 94.16± 0.30 94.16± 0.30 94.16± 0.30 120.6± 22.3 27.94± 5.19 45.85± 0.96 10.06± 0.00 135.7± 23.1 60.27± 9.85
ConfBatch-opposite 5 94.38± 0.26 94.38± 0.26 94.38± 0.26 117.2± 20.6 27.43± 5.10 47.25± 4.27 10.06± 0.00 137.4± 5.4 58.28± 2.17
ConfBatch-aggressive 5 93.13± 0.59 93.13± 0.57 93.13± 0.59 141.0± 1.6 44.64± 7.81 60.25± 7.91 10.05± 0.00 1906.1± 274.2 4.27± 0.60
ConfBatch-opposite-aggressive 5 94.40± 0.30 94.40± 0.30 94.40± 0.30 175.4± 2.3 43.21± 1.13 49.51± 0.82 10.05± 0.00 66.2± 0.4 120.81± 0.73

larger batches. The parameter η controls the size of the batch adjustment, while clipping
keeps it within [Bmin, Bmax]. We also evaluate the opposite-direction controller:

B⋆
t,opp = clip

(
Ba2

η(Ut−U0), Bmin, Bmax

)
,

which increases the target batch size when uncertainty is higher than the reference level,
decreasing it when it is lower. Both smooth and limit batch-size changes, while a coverage
safeguard prevents increases when empirical conformal coverage may be below target.

2. Results and Discussion

Evaluation. We train ResNet-18 on CIFAR-10 for 200 epochs and report the mean and
st. deviation over five seeds. We compare ConfBatch with fixed-batch training, AdaBatch
(Devarakonda et al., 2017), Smith’s schedule (Smith et al., 2017), CABS (Balles et al.,
2016), and SimiGrad (Qin et al., 2021). Besides predictive performance and coverage, we
measure wall time, estimated FLOPs, mean batch size, and optimizer updates. E99 and t99
are the first epoch and corresponding wall-clock time at which 99% of the best validation
accuracy is reached, measuring how quickly each method approaches its best performance.
We use α = 0.1, corresponding to 90% coverage.

Results and Future Work. The two opposite-direction ConfBatch variants achieve the
highest test accuracies; ConfBatch-opposite-aggressive performs best at 94.40± 0.30%, fol-
lowed by ConfBatch-opposite at 94.38 ± 0.26%. Standard ConfBatch remains competitive
at 94.16±0.30% and has the second-fastest total wall time among all methods (45.85±0.96
minutes), after fixed-large, making it the fastest adaptive batch-size method. ConfBatch-
opposite similarly obtains the second-lowest t99 overall (27.43 ± 5.10 minutes) and the
lowest among adaptive methods. Although fixed-large is faster, its test accuracy falls to
92.40 ± 0.69%. Future work will evaluate ConfBatch on additional datasets and neural-
network architectures.
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