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runtime = trt.infer.create_infer_runtime(G_LOGGER)
context engine.create_execution_context()

output = np.empty(l1888, dtype = np.float32)

# Alocate device memory File System

d_input = cuda.mem_alloc(l * img.nbytes) request

d_output = cuda.mem_alloc(l * output.nbytes) m Model N Batch & Serving <: gRPC/HTTP
bindings = [int(d_input), int(d_output)] Loader Hm’d Manager fm’g Steam ¥ | o o client

stream = cuda.Stream() response

# Transfer input data to device
cuda.memcpy_htod_asynci{d_input, img, stream) \\_ Serving System ‘//
# Execute model

context.enqueue(l, bindings, stream.handle, None) 4
# Transfer predictions back /

cuda.memcpy_dtoh_async{output, d_output, stream) -
# Syncronize threads _ -
stream.synchronize() ————

MMdnn: Using TensorRT to Accelerate Inference



https://github.com/Microsoft/MMdnn/wiki/Using-TensorRT-to-Accelerate-Inference
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Azure GPU Standard NC6s _v3
1 X nvidia V100 GPU
7TFLOPS 3.0% / hour
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T etk REZ>] 300GLOPS => 30GFLOPs / frame, 10FPS
IREBINE Z=im T
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DEEP LEARNING DEPLOYMENT WITH NVIDIA TENSORRT
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SEIR R rta N EAa SRS RAT1e ZRAIRT (6],

HEIRIRSER AT RERE L, RN ERRE RS % E B PRAYESBIEIR (Tail Latency)
7 BEim B ARSS KM (SLA)

- EE(ERNRE:

SLA: JR¥D(Sub-second) 2 BIZEIR AR SS 7K il

. 1EELLEWI>E%
R EIN BRI EREREKEE SE IR I BAEZRIZ TR BirA—E
BEREARENEER, SHMRETEINGER, BEFREEEEX
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EERt & ik ERLS (Layer & Tensor Fusion)
Biraim B sEit
- RNEDECRIRVEN
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-  (KEEHESEERE(Precision Calibration)
TEBUESE(Model Compression)
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TensorRT 3: Faster TensorFlow Inference and Volta Support



% (Kernel) Birisic B ShEMN

.placeholder((1024, 1024))

.placeholder((1024, 1024))

reduce_axis((@a, 1824))

.compute( (1024, 1024), lambda y, x:
t.sum(Alk, yl * B[k, x], axis=k))

t.create_schedule(C.op)

(e ll=-1-
(I |
o+ttt

w
I

for y in range(1024):
for x in range(1024):

O_+ Clyllx] = 0
for k in range(1024):
Clyl[x] += AlkIIyl * BILk][x]

i ' i Loop Tili
coarse interleaving| high paralielism Rpreadth first * 0°°:‘0 'L’:g o el et . s e 8
low locality low locality yo, xo0, ko, yi, xi, ki = : y. x, k, 8, 8§,

for yo in range(128):
for xo in range(128):
C[yo#8: yo+8+8] [x0+8: x0+8+8] = @

O for ko in range(128):
) ] o ] - for yi in range(8):
compute overlapping ’mles- sliding windows for xi in range(8):

N TR for ki in range(8):
granularity valid within tiles Clyo+8+yil [xo#B+xi]l +=

Alko#8+ki] [yo+8+yi]l # Blko+B+kil [xo+B+xil

SC'hEldUI es + Cache Data on Accelerator Special Buffer

CL = s.cache_write(C, vdla.acc_buffer)
AL = s.cache_read(A, vdla.inp_buffer)

more parallfelism # additional schedule steps omitted ..

fine interleaving less synchranization + Map to Accelerator Tensor Instructions
high locality S“diﬁg s[CL].tensorize(yi, vdla.gemmsxs)

_Ioop fusion window inp_buffer AL[8][8], BLI8]I[8]
fino storage granularity ~ storage  coarse storage granularity acc_buffer cL[8][8]

redundant computation granularity no redundant computation foguﬁoxi”iga?ggééf%é)_

y vdla.fill_zero(CL)
O > for ko in range(128):
vdla.dma_copy2d (AL, Alko+8:ko+8+8] [yo+8:yo+8+81)
e —— vdla.dma_copy2d(BL, Blko*8:ko+8+8] [x0+8:x0+8+8])
ﬁ}gﬁﬁmﬁﬁilﬂj vdla. fused_gemm8x8_add(CL, AL, BL)
vdla.dma_copy2d(C[yo+8: yo+8+8, x0+8: x0*8+8]1, CL)

Oschedule ,. schedule . < corresponding
transformation low-level code

FEPESRIEAS E MR SR UL

Halide: A Language and Compiler for Optimizing Parallelism, Locality, and Recomputation in Image Processing Pipelines TVM: An Automated End-to-End Optimizing Compiler for Deep Learning
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AEZHREFIELRELASTERI2MAEE (FP32) IGAHE ML

YRR TR DIIGE, HTFAZE/THEREERE, BRIGEETETLAERFEEFP16
HEZEINTSKEI=E

EFREIBEL S N NIEE A/, BYEHAER AR RERU R RS E 2
- Bir: BIVEIERE

| -

. |DynamicRange | Min Positive Value

FP32 —3.4 x103%8 ~ +3.4 x 1038 —1.4 X 107%°
FP16 —65504 X +65504 5.96 X 1078
INT8 —128 ~ + 127 1



fSERIEE(Precision Calibration)

. INT8ZRIBFP32[EHEER.
« Tensor Values = FP32 scale factor * int8 array

AR R R R
- Bix: IMUEERS

* <L%&J§JE%
P Q - two discrete probability distributions.
KL_divergence(PQ):= SUM(PIi] * log(P[i] / Q[i] ), 1)

- TRER:

RIS HREIT TFP32HETE

N EEHERE A ERMHED

&R ERAREIEFSR(EERIE i H DT
R R/IMUEE R DS EXRREGER LS
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- TiEF0, BRET|max| 9127
- BRSERERSL

- | max| 0 +| max|

N

-127 0 127

_|maxl 0 +|max|

1./

-127 0 127

- BRI TERMEELAYERE
- IEREMIEMIEE

8-bit Inference with TensorRT
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- SEEFEBIFNHE (Parameter Pruning and Sharing)

BIRZ (Pruning)
E1{¥,(Quantization)
@AY (Encoding)

. KRR (Low-rank Factorization)

.« 1T/ E4EEFRERKES (Transferred / Compact Convolutional Filter)
- HNMEEE (Knowledge Distillation)
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. .. Train Connectivity
« Train Connectivity .
EEE%‘I El\J M g%ﬂ l |z§\§|%“$'>j EE'HE Prune Connections
BE, SENIGAE, TR TEIN \ = J
BNSZE, MEEFIMLEEEE i )
Train Weights |
« Prune Connections \ —
PN ER T BHERNEEEBISHIFR, MM
1%*%%@2%5?}%%?%&}5@2% before pruning after pruning

« Train Weights
XIFRR BTN EE I TERH) 145

ANERERNZEIRRIM ST AT TR,
NIRRT RRASNG

pruning
synapses

-———

pruning
neurons

Learning both Weights and Connections for Efficient Neural Networks
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RRANEREFIE
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- FIFANIMESEFT
. RS
. FBHAHIBLASIERHSEEE, SIMDISSHIGPUS N EESE
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IeAHEE (Batch Size)RJLMIRH &S

FEiEREMEA7 2
. BT KAUHEALTR (Batch Size)B] LURHEHIT
- (BEEFEERE—EHITEIRZIR

V100 Inference Performance

Network Batch
Network Type Size Throughput Efficiency Latency GPU
GoogleNet CNN 1 1610 images/sec 15 images/sec/watt 0.62 1x
V100
CNN 2 2162 images/sec 18 images/sec/watt 093 Tx
V100
CNN 8 0368 images/sec 33 images/sec/watt 15 Tx
V100
CNN 82 11869 images/sec 43 images/sec/watt 6.9 Tx
V100
CNN 128 12697 images/sec 47 images/sec/watt 10 1x
V100

https://developer.nvidia.com/deep-learning-performance-training-inference
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Figure 4: Comparison of Dynamic Batching Strategies.

Clipper: A Low-Latency Online Prediction Serving System
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https://devblogs.nvidia.com/kubernetes-ai-hyperparameter-search-experiments/
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TensorFlow Serving: Flexible, High-Performance ML Serving
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« Deep Learning Inference in Facebook Data Centers: Characterization, Performance Optimizations and Hardware
Implications

« C(lipper: A Low-Latency Online Prediction Serving System

« TEX: A TensorFlow-Based Production-Scale Machine Learning Platform

« TensorFlow-Serving: Flexible, High-Performance ML Serving

« Optimal Aggregation Policy for Reducing Tail Latency of Web Search

« A Survey of Model Compression and Acceleration for Deep Neural Networks
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« https://developer.nvidia.com/deep-learning-performance-training-inference

« DEEP COMPRESSION: COMPRESSING DEEP NEURAL NETWORKS WITH PRUNING, TRAINED QUANTIZATION AND
HUFEMAN CODING

« Learning both Weights and Connections for Efficient Neural Networks

« DEEP LEARNING DEPLOYMENT WITH NVIDIA TENSORRT

« _Halide: A Language and Compiler for Optimizing Parallelism,Locality, and Recomputation in Image Processing Pipelines
« TVM: An Automated End-to-End Optimizing Compiler for Deep Learning

« 8-bit Inference with TensorRT
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