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Fig. 3. Left: classification error rate curves of PP-ASGD and ASGD on the ImageNet-
32 validation dataset. Right: plot of kwt+S0+1 � fS (wt)k2 for S = 0, 1, · · · , 13 with
measured staleness S0 = 7. Each point is an average of 100 measurements right after 1
epoch. CNN architecture: CPCPCCPCCPCCPCCF. We used 32 GPUs to train each model.

3.1 Training Speed: PP-ASGD vs ASGD

CIFAR-10 Figure 2 shows classification error rate curves of PP-ASGD and
ASGD with staleness values S = 3, 9, 27. For S = 3 the error rate of PP-ASGD
at a given point in epoch is lower than or similar to that of ASGD. For S = 9 the
error rates of PP-ASGD in the interval of first 7 epochs is clearly lower than that
of ASGD. The most notable speed-up is observed for S = 27 by roughly 5⇥ to
reach the same error rate 0.3. As for generalization ability, PP-ASGD produces
a much lower error rate than ASGD for S = 27. For the case of S = 3 or
S = 9, though the error rate curve fluctuates time-to-time, the model accuracy
produced by PP-ASGD is by and large equal to that produced by ASGD.

ImageNet-32 The left side of Fig. 3 shows classification error rate curves of PP-
ASGD and ASGD. We used 32 GPUs (4 nodes ⇥ 8 GPUs) in each training. The
time-average staleness is about 8.5 for both cases. Note that the computational
time for the parameter prediction part is negligible. It is evident from the left side
of Fig. 3 that PP-ASGD outperforms ASGD in training speed approximately by
a factor of two to reach the same top-5 error rate, say 0.2.

The right side of Fig. 3 shows the parameter prediction error, expressed by
kwt+S0+1 � fS(wt)k2, where S0 is the measured staleness and S is swept from
0 to 13. From this experiment kwt+S0+1 � fS(wt)k2 has a minimum at S = S0,
indicating that the coe�cient in the stale momentum term of the proposed pre-
diction model is indeed appropriate. The horizontal dashed line indicates discrep-
ancy between the stale parameter vector and the future ((S0+1)-ahead) param-
eter vector; whereas the red circle indicates discrepancy between the predicted
parameter vector by our method and the future ((S0+1)-ahead) parameter vec-
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* https://www.nvidia.com/en-us/data-center/volta-gpu-architecture/��5.
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