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P -
uff_model = uff.from_tensorflow(tf_model, OUTPUT_NAMES)
engine = trt.utils.uff_to_trt_engine(G_LOGGER, uff_model, parser, 1,1 << 20)
T ~a ~. C

~ ~
img = Image.open(path) N %
\ Trained Neural

| Network

context = engine.create_execution_context()

bindings = [int(d_input), int(d_output)]

Optimized Plans

cuda.memcpy_htod_async(d_input, img, stream)
context.enqueue(l, bindings, stream.handle, None)
cuda.memcpy_dtoh_async(output, d_output, stream)

print("Prediction: ", LABELS[np.argmax(output)])
>>> Prediction: n01608432 kite # The result is right due to imagenet_1000.txt does not include 'seagull’.
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MMdnn: Using TensorRT to Accelerate Inference



https://github.com/Microsoft/MMdnn/wiki/Using-TensorRT-to-Accelerate-Inference
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2EIR (Latency)

« I (inference)iEIR :
SEIRZ2EE HE 8 e E IR AR T e 2R IR E]

HIRIRSIBEM TR L, FFmn e smEriRERE T
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BEiat &Kk ER1S (Layer & Tensor Fusion)
BirEinEsiE
- REDECRIRVEN
- [FHE—ERERE
- (KEEHEESBERIEPrecision Calibration)
1RAEE4E(Model Compression)

- BiEMHER T (Batch Size)
.+ ZfF(Caching)58R




EBEla55k=F1S (Layer and Tensor Fusion)
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TensorRT 3: Faster TensorFlow Inference and Volta Support
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- FREFIREEFEHREEEAE
NAEBIEIA(Loop)iTHE
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- Datais transferred between memory and cache in
blocks of fixed size, called cache lines or cache

blocks.
N . . double array[SIZE][SIZE];
 "lf the array is traversed along the wrong axisonly ¢, int rowi[O; rO]\EV < S],ZE,. row++)

one element will be used from each cache line
before the program continues to the next cache
line” | | g

double array[SIZE][SIZE];
for (int col = O; col < SIZE; col++)

'I% array[row][col] = f(row, col);

\ =

array[row][col] = f(row, col);

«  "Since only one element from each fetched cache
line is used, incorrect loop nesting also wastes a
lot of memory bandwidth on fetching data that
isn't used.”

http://www.nic.uoregon.edu/~khuck/ts/acumem-report/manual_html/ch05s02.html
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- {EENAE (Loop Scheduling)
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locality) ISR UEINAEE (Loop Scheduling)
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Cached Allocator
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REZEREFINELRELASSEERB2ABE (FP32) IIEHE ML

SHEESHITRDIEE, HBTAETE/ THEEREUERE, BRI ERLAERFEEFP16
EZEINTSKEI=E
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| DynamicRange

FP32 —3.4 x1038 ~ +3.4 x 1038
FP16 —65504 X +65504
INTS8 —128 ~ + 127
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min {Model_Size(Policy;)}
Policy;

. R

accuracy(Policy;) = accuracy_sla
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SEFEEFIHE (Parameter Pruning and Sharing)

B (Pruning)
E1{¥(Quantization)
#mhig(Encoding)

. {EFkDfR (Low-rank Factorization)
- FMRFES (Knowledge Distillation)
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Train Weights

 Prune Connections 4 )
- FrENERTSENEZEPSEMER, M
S e ity S Tl before pruning after pruning
« Train Weights
- XIFRIRMENER I TES
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pruning
synapses

-——

pruning
neurons

Learning both Weights and Connections for Efficient Neural Networks
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IEFHER T (Batch Size)AJLURAEIIE
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V100 Inference Performance

Network Batch
Network Type Size Throughput Efficiency Latency | GPU
GoogleMet CNN 1 1610 images/sec 15 images/sec/watt 0.62 1x
V100
CNN 2 2162 images/sec 18 images/sec/watt 0.93 1x
V100
CNN 8 5368 images/sec 33 images/sec/watt 1.3 1x
V100
CNN 82 11869 images/sec 43 images/sec/watt 6.9 1x
V100
CNN 128 12697 images/sec 47 images/sec/watt 10 1x
V100

https://developer.nvidia.com/deep-learning-performance-training-inference



https://developer.nvidia.com/deep-learning-performance-training-inference

HILEMALER
. EMIEE

max_ Throughput(batch_size)

batch _size

. 5

latency(batch_size) + overhead(batch_size) < latency_sla
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Clipper: A Low-Latency Online Prediction Serving System
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Data Scientists, Developers
DevOps

App dlecTipey Centralized Infrastructure

https.//devblogs.nvidia.com/kubernetes-ai-hyperparameter-search-experiments/
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« MMdnn
- IREEEHERIA(R) EBIEZMR B GEIR
« ONNX
- IREREERIATE
REMILIL S3BZE (ONNX Runtime)

—— Training framework ——

TensorFlow

CNTK

Keras

Caffe

PyTorch

MXNet

CoreML

TensorFlow

CNTK

Keras

Caffe

PyTorch

MXNet

CoreML

ONNX

https://github.com/microsoft/MMdnn
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T - Runtime <

Deployment target

https://github.com/microsoft/onnxruntime
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TensorFlow Serving: Flexible, High-Performance ML Serving
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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

« Clipper: A Low-Latency Online Prediction Serving System

« TFX: 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
« CSE 599W: System for ML - Model Serving

« https://developer.nvidia.com/deep-learning-performance-training-inference

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



https://arxiv.org/abs/1811.09886
https://www.usenix.org/system/files/conference/nsdi17/nsdi17-crankshaw.pdf
https://www.kdd.org/kdd2017/papers/view/tfx-a-tensorflow-based-production-scale-machine-learning-platform
https://arxiv.org/abs/1712.06139
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/samehe-2015sigir.optimalaggregation.pdf
https://arxiv.org/pdf/1710.09282.pdf
http://dlsys.cs.washington.edu/pdf/lecture12.pdf
https://developer.nvidia.com/deep-learning-performance-training-inference
https://arxiv.org/pdf/1510.00149.pdf
https://pdfs.semanticscholar.org/1ff9/a37d766e3a4f39757f5e1b235a42dacf18ff.pdf
http://on-demand.gputechconf.com/gtcdc/2017/presentation/dc7172-shashank-prasanna-deep-learning-deployment-with-nvidia-tensorrt.pdf
https://people.csail.mit.edu/jrk/halide-pldi13.pdf
https://www.usenix.org/system/files/osdi18-chen.pdf
http://on-demand.gputechconf.com/gtc/2017/presentation/s7310-8-bit-inference-with-tensorrt.pdf
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