Chapter 1: Introducing Deep Learning with Amazon
SageMaker
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Chapter 2: Document Capture and Categorization
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Chapter 4: Accurate Extraction with Amazon Comprehend
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Chapter 5: Document Enrichment in Intelligent Document
Processing




Chapter 6: Review and Verification of Intelligent Document
Processing
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Chapter 7: Accurate Extraction and Health Insights with
Amazon HealthLake
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Configuration GPU Summary @ Execution Summary

Number of Worker(s) 1 GPUO: Category Time Duration {us)  Percentage (%) ® Kemal

Device Type GPU  Name Tesla K80  Average Step Time 378,307 100 @ Memeoy
Memory 1.17G8  Kemel 356,983 94.36
Compute Capability 37 Memepy 3334 088 ® Memset
GPU Utilization 94.36%  pemset 39 0.01 @ Runtime
Est. SM Efficiency 9367%  Runime 7780 208 @ DataLoader
Est. Achieved Occupancy 4966%  pualcader 102 0.08 @ CPU Exec
Kernel Time using Tensor Cores 00%  olEve ] 5 ® Other

Other 677 018

aten::cudnn_convolution_backward_weight
- = - ickward_...

204,215 (36.4%)
wowersuarm—oermroromon—odCkward ...
@ aten:cudnn_batch_norm_backward
@ aten:cudnn_batch_norm
@ aten:max_pool2d_with_indices_bac. ..
® aten:threshold_backward
@ aten:clamp_min
@ aten:add_
@ aten:add

@ sgemm_sm35_Idg_nt_64x16x64x16...
@ sgemm_sm35_Idg_nt_128x8x128x1...
@ sgemm_sm35_ldg_nn_64x16x64x1...

25 | 6x64 dsG4<false, true,
sgemm_sm35_ldg_nt_64x16x64x16x16 “ float const®,...
90,106 (26.1%) n_128xBx128x...
g ereea—eeee1€0_SM35_1dQ...

@ void flip_filter<float, float=(float*, float
const’, int, int, int, int)

@ cudnn_dgrad_sm35_ldg_nt_64x16x...
@ void fit2d_c2r_32x32<float, false, fal...
@ void wgrad_alg0_engine<float, 128,...
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Chapter 8: IDP Healthcare Industry Use Cases
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| Name v Security group rule... ¥
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Chapter 9: Intelligent Document Processing — Insurance
Industry
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Chapter 10: Intelligent Document Processing - Mortgage

Processing
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Mode: Direct
Invoke_endpoint(

ContainerHostName:
pytorch_mnist

Invoke_endpoint(
TargetContainerHostName = '"tensorflow_mnist',
)

ContainerHostName:

tensorflow_mnist

Production Variants

Variant Name: Productionvarianti
Variant Weight: 0.7

Model Name:  ExampleMadel1
Instance Type: mims.2xiarge

70% prepabiiry ¥
o Instance Count: 1

Variant Name: ProductionVariant2
Variant Weight: 0.2
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Invoke Endpoint
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Instance Ty mims.xarge
Instance Count: 2

Invoke Endpoint
Target Variant =
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Variant Weight: 0.1

10 56 probabilty”,

Model Name:  ExampleModel3
Instance Type:  mims.xlarge
Instance Count: 1
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Production Variants

Variant Name: ProductionVarianti
Variant Weight: 0.7

Model Name: Model1
Instance Type: ml.m8.2xlarge
Instance Count: 1

Variant Name: ProductionVariant2
Variant Weight: 0.2

ExampleModel2
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Minimum size

Scale out as needed

Offline

Can tolerate
“cold starts”

Requires
Consistently Low
Latency?

Real-time
Inference

Payload Size
> 6 MB and/or
Inference Response
> 60 Seconds?

Single Model
Endpoint

Leads to

e
Underutilization?

e J
w
Desired capacity
| . y ]
W
Maximum size
Last state v
Name v State v update Conditions
TargetTracking-endpoint/qa-tensorflow-2022-08-28-17- " p
2022-08-28 InvocationsPerlnstance < 9 for 15 datapoints
17-39-297/variant/AllTraffic-AlarmLow-1397a1f4-2a7f. ® ok 13:27:07 within 15 minutes
474f-8425-341bc8a0359a
TargetTracking-endpoint/qa-tensorflow-2022-08-28-17- for3 d
2022-08-28 InvocationsPerlnstance > 10 for 3 datapoints
17-39-297 /variant/AllTraffic-AlarmHigh-21e525f5-6c42. ® ok 1322:42 within 3 minutes
4a6b-9d1a-137814037b48
Graph View in metrics [4
InvocationsPerlnstance An alarm
InvocationsPerinstance > 10 for 3 datapeints within 3 minutes
Mo unit
681
341
o
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Inference Traffic
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v
Serverless Asynchronous L&a"\jﬂgzzﬁ'p‘f
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