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DGM For lossless compression

Neural Compressor: Probabilistic Model + Entropy Coding
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Background

Integer discrete flows (IDF, Hoogeboom et al.)

Model data x and latent
representation z both in discrete
integer space:

X=Z=17%

Design a bijective function fy (+)
between x and z. With change-of-
variable formula,

Py(x) = Pz(fe (X))
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Method

Quantization

Hybrid format representation

Tensors are represented with a hybrid numerical format, which is done by a
quantizer Q.

For a real-valued tensor r, the quantizer outputs
F=Q(r)=sf=r

I : 8-bit integers in {-128,...,+127} or {0,...+255}.

Sy: scalar, scale parameter.



Method

Quantization

Convolution Yy = Conv(x; W,Db)

Wisa(C x D x k x k convolution kernel, b is a C-dimensional bias vector,

xisa D x h x w input tensor, and y is a C' X h’ x w’ output tensor.

D
Yo = ZWC,C/@)%/-H?C, cedl,...,C}

c’'=1
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Method

Quantization

Integer-only Convolution

Use hybrid format to representy, x, W Yy RSyY, X & 5xX, W =~ swW.

D
plug them IntO Ye = ZWC,C’®$C’+bca 06{17---7C}
c’'=1

reorganize terms, we have




Method

Quantization F=Q(r) = st =s-|clip (5, ~Qn,Qr)]

Learned Step-size Quantization (LSQ, Esser et al.)
Back-propogation through quantizer is performed with STE (Bengio et al.): 0 |u| /0u =1
oL 9dLor 0L

—, r=Worx,

or Of or  oF’

Gradient of scale parameter s

(-r/s+ |r/s]) OI(-Qn <r/s < Qp) e or o
—Qn -I(r/s < —Qn) o = o= 3
| Q@p-I(r/s > Qp)

oF _
Os
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Method

Quantization

Deployment on GPU

After fine-tuning networks with fake quantizers, we deploy the model on GPU with
TensorRT library and realize more efficient inference.

Improvement of network architecture
 Dense blocks v.s.residual blocks

* Optimization over residual blocks

Table 1. Latency of floating-point and integer-only inference for
convolutions with varying number of input and output channels.
Obtained by averaging over 1000 runs (milliseconds).

INCHN OuT CHN | FP32 INT8  SPEEDUP
128 128 0.040 0.0039 10.2%
64 256 0.035 0.0098 3.6X
32 512 0.037 0.0131 2.8%




Method

Pruning

X:DXhXw
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Method

Pruning

Training binary-gated convolution
LX{W},{g}) = Lipr(X; {W}, {g}) + > _ A&l

Lipr tends to remain all entries of g close to 1 to remain high performance.

|g]|l; pushes the gates to be sparse.



Method

Training workflow

Algorithm 1 Training IODF

Input: 74,4, Temaining target proportion of FLOPs
and X, the training dataset.

#Stage 1:

W <— InitializeParameter()

Train L;pp(X;{W},{1}) to convergence

Fy <— CalculateFLOPs(W)

#Stage 2:

g «— al, )\ <— InitializeLLambda()

Train £(X;{W}, {g}) until CalculateFLOPs(W, g)<
Ttarget F 0

#Stage 3:

Fine-tune £;pr(X;{W},g) with fixed g

#Stage 4:

Fine-tune the model with fake quantization applied to
activations

#Stage 5:

Fine-tune the model with fake quantization applied to
activations and weights
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ANALYTIC | CODING INFERENCE LATENCY COMPRESSION BANDWIDTH

BPD BPD 4 8 16 32 64 4 8 16 32 64
IMAGENET?32
IDF-DENSE 3.890 3.900 8.38 5.08 4.08 * * 0.31 0.54 0.70 * *
IDF-RES 3.916 3.926 4.19 3.19 3.59 2.54 293 | 0.56 0.79 0.79 1.12 1.00
8BIT IDF-DENSE 3.911 3.921 5.38 2.90 1.74 1.20 0.99 | 0.46 0.86 1.21 2.18 2.67
8BIT IDF-RES 3.923 3.934 2.08 1.09 0.64 0.44 0.36 | 0.91 1.78 296 4.76 5.98
PRUNED IDF-RES 3.936 3.947 3.27 2.04 1.60 1.33 1.29 | 0.72 1.14 1.59 2.01 2.15
IODF 3.968 3.979 1.79 0.94 0.54 0.34 0.27 | 0.98 1.91 345 5.41 7.08
SPEEDUP - - 4.7x 5.4% 7.6 * * 3.2x 3.6x 4.9x * *
IMAGENET64
IDF-DENSE 3.635 3.638 18.65 15.45 13.93 * * 0.59 0.73 0.83 * *
IDF-RES 3.637 3.640 12.50 11.89 9.30 8.84 8.64 | 0.82 0.93 1.22 1.32 1.35
8BIT IDF-DENSE 3.663 3.666 8.98 5.57 4.35 3.67 3.34 1.02 1.66 2.32  2.83 3.11
8BIT IDF-RES 3.663 3.673 3.03 2.02 1.61 1.41 1.31 1.83 3.47 472 5.57 6.83
PRUNED IDF-RES 3.657 3.666 7.75 6.45 6.55 5.79 5.71 1.21 1.59 1.70 1.93 2.00
IODF 3.685 3.695 2.79 1.71 1.34 1.15 1.06 | 2.22 3.72 4.64 7.03 7.93
SPEEDUP - - 6.9x 9.0x 10.4 % * * 3.8x 5.1x 5.6x * *
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Thanks for listening.



