UNIVERSITY OF

MARYLAND

©

Training Quantized Nets: A Deeper Understanding

als

Hao Li', Soham De' , Zheng Xu', Christoph Studer? Hanan Samet’, Tom Goldstein®
University of Maryland, College Park’,

Cornell University

Cornell University?

Convergence under Convexity Assumptions

Trainin g Inference only? Convergence Of StOChaStIC Roundlng Convergence Of BlnaryConect Table 1: Top-1 test error after Fraining. with full-pregision (ADAM), binarized weights (R-ADAM, SR-ADAM,
* Theorem 1 Assume ’1Ehat F is 1 -strongly convex and the learning rates  Theorem 4 Assume that {7 is [t -strongly convex and the learning BC-ADAM), and binarized weights with big batch size (Big SR-ADAM).
Quantization are gven by a; — o=y rates are given by ai ==, CIFAR-10 CIFAR-100 | ImageNet
7 (1+1og(T +1))G* | VdAG 7 o < (L+10g(T +1))G? | DLyv/dA VGG-9 VGG-BC ResNet-56 WRN-56-2| ResNet-56 | ResNet-18
E[F(w") — F(w*)] < + E[F(w') — F(w*)] < + esNe esNe esNe
2uT 2 2l 2 ADAM 797 712 8.10 6.62 3398 | 36.04
SR converges until it reaches an "accuracy floor”, which is determined by - ) ; o . BC-ADAM 10.36 8.21 8.83 7.17 35.34 52.11
the quantization error A . BC converges urful it reaches an accu.racy.ﬂoor , wh|ch is determined Big SR-ADAM 1695  16.77 19 84 16.04 5079 77 68
by the quantization error A and Ly (0 if F' is quadratic). SR-ADAM 2333  20.56 26.49 21.58 58.06 88.86
R-ADAM 23.99 21.88 33.56 27.90 68.39 91.07

(G : Bounded variance; ( : Dimension; [): Diameter of domain; L, : Lipschitz bound on Hessia||V2f;(z) — V2fi(y)|| < La|lz — v
« Corollary 1

How to train quantized models on low-power devices? | . | . |
* Accumulating the real-valued weights in BC allows it to converge to the true minimizer of quadratic losses.

 Floating-point arithmetic may not be available.
 Training without floating-point weights can greatly save power and reduce
the hardware requirement (Google TPU).

« BC-ADAM has comparable performance to the full-precision model trained by ADAM.
* SR-ADAM outperforms R-ADAM, which verifies the effectiveness of SR.

» Keeping track of the real-valued weights to quantize the binary weights in BC-ADAM
seems to really help empirically.

« When the function behaves like a quadratic on the distance scale A, one would expect BC to effectively concentrate on minimizers.

Non-Convex Problems: Asymptotic Analysis

Goal

 Study quantized training methods from a theoretical perspective.
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« Semi-quantized: BinaryConnect (BC)
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wy, : binary weights learning rate shrinks, the BC distribution concentrates on a minimizer, while the SR distribution stagnates.
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Epochs
Weight changes every 5 epochs

SR starts at some state x, and moves to a new state ¥ with some transition
probability T'(x,y) that depends only on @ and the learning rate «v. For
fixed av, this is a Markov process with transition matrix T, (x, )

Theorem 5 Let Pz k denote the distribution function of the k th entry in the
stochastic gradient Vf(z). Assume [ p.r(z)dz <% forall o, k, v and both
I per(z)dz >0 and [°, pox(z)dz > 0 for constants Cyand (5. Define matrix

Epochs
BC-Adam vs SR-Adam

Epochs

. « o e . Weight changes since beginning
 Full-quantized: Deterministic Rounding (R)

 Our theory predicts that we can improve the performance of SR by increasing the
batch size, which shrinks the variance of the gradient distribution without changing
the mean and concentrates more of the gradient distribution towards downhill
directions, making the algorithm more greedy.
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