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Run ORT-GenAl SLLM on WebNN: Stack Overview

SLM Models
(Phi-mini, Qwen, TinyLlama etc.,)
WebNN GenAl Pipeline
(JavaScript)
/ SLM Models
builder.py (Phi-mini, Qwen, TinyLlama etc.,) .
(ORT-GenAl) ONNX Runtime Web
ONNX Runtime GenAl Pipeline
(C++, Python) WebNN
ONNX Runtime ONNX Runtime
CPU EP WebGPU EP CPU EP WebGPU EP

Native ORT-GenAl WebNN + ORT Web



WebNN Chat Demo

Use SLLMs generated by ORT GenAl — fused and quantized ONNX models

LR ] Powered by =[]
S ek WEbNN Qwen2 0.5B Instruct GPU = 538
App 12:19:11
Create session for decode process °
App 12:19:12
Decode process session created °
App 12:19:12
Ready to type your message ... °
User 12:19:15
Continuation: true
[}

User 12:119:15

Prompt: What is Machine Learning?

User 12:19:15

Prompt length: 24

App 12:19:17

95 tokens in 1.92 sec

Time to first token: 0.51 sec
New tokens per second: 66.78
tokens/sec

100%

w W&
*WebNN supported - GPU - NPU
Known compatible Chromium version:

136.0.7051.0
ONNX Runtime Web: Test version

What is Machine Learning?

Machine Learning is the application of algorithms and statistical models to enable computers to perform tasks that typically
require human intelligence, such as recognizing patterns, making predictions, or completing tasks that would be
impossible for humans to do. Itis a subset of artificial intelligence that involves the development of software that can learn
from data and make decisions based on that data. Machine Learing is used in a wide range of applications, including
natural language processing, computer vision, speech recognition, and predictive analytics.
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enter  continue the conversation - ol enter clears the chat history and start a new conversation

[] Supported SL.Ms:

Phi-4 Mini Instruct 3.8B (2.5G)
Owen?2 0.5B (5556M)

TinyLLama 11B (714M)

DeepSeek R1 Distill Qwen 1.5B (1.5G)


https://onnxruntime.ai/docs/genai/

Key Building Blocks of ORT-GenAl SLLM Models
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Profiling of ORT-GenAl SLM Models

_IProfiling Qwen2-0.5B on native OR T-GenAl WebGPU EP
IMacro ONNX ops like MatmulNBits, GOA etc., take 74.3% of total inference time

op_type ~ | provide ~ pct |~

MatMulNBits.float16 WebGpu 36.4
GroupQueryAttention.float16 WebGpu 20.7
Add.float16 WebGpu 12.3
SkipSimplifiedLayerNormalization.float16 WebGpu 9.2

RotaryEmbedding.float16 WebGpu 8

Mul.float16 WebGpu 7
Sigmoid.float16 WebGpu 3.8
MemcpyFromHost.int64 WebGpu 0.7
MemcpyFromHost.int32 WebGpu 0.6
Gather.float16 WebGpu 0.2
SimplifiedLayerNormalization.float16 WebGpu 0.2
Gather.int64 CPU 0.2
ReduceSum.int64 CPU 0.1
Cast.int64 CPU 0.1

Shape.int64 CPU 0.1

Sub.int64 CPU 0.1

Concat.int64 CPU 0.1
Unsqueeze.int64 CPU 0.1

Reshape.int64 CPU 0.1




ONNX Ops Decomposition by WebNN Ops
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No operators’ fusion: baseline performance

_IProfiling Qwen2-0.5B on WebNN — the baseline

1IDecomposition increase the ops count: 446 -> 2421 ops

"lInference is blocked by Dequantizelinear (CPU kernel) and CPU-GPU data copy
(83.9%): > 100X slower than native ORT-Gen Al

op_type - provider | ~ pct| ~
DequantizeLinear.Ulntdx2 CPU 69.6
MemcpyFromHost.float16 WebGpu 14.3
Where.bool WebGpu 3.6
Transpose.float16 WebGpu 2.3
MatMul.float16 WebGpu 1.3
Mul.float16 WebGpu 0.8
MatMul.float WebGpu 0.7
Gemm.float16 WebGpu 0.6
Softmax.float WebGpu 0.5
MemcpyToHost.int32 WebGpu 0.5
Mul.float WebGpu 0.4
Pow.float WebGpu 0.4
Add.float WebGpu 0.4
Add.int32 WebGpu 0.4
Transpose.float WebGpu 0.3

Concat.float16 WebGpu 0.3



WebNN Operation Fusion

IWebNN spec is built upon a foundation of core primitive operators

_IFramework macro-ops need to be decomposed into primitive op subgraph

e sub-optimal inference perf, increased memory pressure

CJExperiment: Fuse performance critical macro-ops in WebNN implementation



MatMulNBits Fusion

[126% graph node reduction
ITTFET (time to first token): ~Bx speedup, TPS (token per second) : ~73x speedup

Reshape
data {3072wx06=1)
1 {1}

12163072

Dequantizelinear

MatMulMBits

1 {3072=96=16)
3 {147458)

MatMu = 1623072

[ input_B_output_0 ]

input_B_output_0

Qwen?2 0.5B max lenth=512 time to first token (%) tps (%) model operations count  count rate (%)
Baseline 100.00% 100.00% 2821 100.00%
Baseline + MatMulNBits 19.12% 7333.33% 2073 73.48%

* Baseline =decomposed primitive op graph



QA Fusion

_IDecomposed GOQA subgraph in WebNN, 1node - subgraph with 24 nodes
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QA Fusion

GOQA fusion: a Subgraph-Aware DFS

1~6X speedup over subgraph inference
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WebNN Operation Fusion Summary

[1>100x speedup vs. no fusion
160% speedup s. MatMulNBits fusion only
TPS: ~B2% of native ORT-GenAll

Graph Node Count
Qwen2 0.5B max_lenth =512 model operations count count rate (%)

Origin model 446 /
Baseline 2821 100.00%
Baseline + MatMulNBits 2073 73.48%
Baseline + MatMulNBits + GQA 1413 50.09%
Baseline + MatMulNBits + GQA + others 443 15.70%
Performance

Qwen2 0.5B max_lenth=512 time to first token (%) tps (%)
Baseline 523.12% 1.36%
Baseline + MatMulNBits 100.00% 100.00%
Baseline + MatMulNBits + GQA 95.38% 115.39%
Baseline + MatMulNBits + GQA + others 68.21% 160.72%
Native WebGPU 39.88% 307.50%

* others = RotaryEmbedding + [Skip]SimplifiedLayerNormalization fusion



CPU-based KV Cache Overhead

I Tensor data copy takes longer than operator execution

X = Y Default Workspace v i
~ Process 0

~ Process 3456

Thread 2480

timestamp
Inf tart f hed Inf d f hed
R A e e [ 2 o @
Copy input f hed Copy output f hed
model_run

SequentialExecutor::Execute




Use On-Device Tensor for KV Cache

_Brings another ~50% speedup
1 TPS: ~78% of native ORT-GenAll

Qwen2 0.5B max_lenth=512 time to first token (%) tps (%)
Baseline 523.12% 1.36%
Baseline + MatMulNBits 100.00% 100.00%
Baseline + MatMulNBits + GQA 95.38% 115.39%
Baseline + MatMulNBits + GQA + others 68.21% 160.72%
Baseline + all fusion + device tensor 76.30% 241.56%
Native WebGPU 39.88% 307.50%

* others = RotaryEmbedding + [Skip]SimplifiedLayerNormalization fusion
e all fusion = MatMulNBits + GQA + others



Allow same tensor for input and output

lteration KV Tensor 1 Inference KV Tensor 2 The dispatch(graph, inputs, outputs) method steps are:

1.If graph.[ [ context]] is not this, then throw a TypeError.

input | f OUtpUt 2.If graph.[ [isDestroyed]] is true, then throw an "InvalidStateError" DOMException.
i nrerence eaeaasnd K\/ Tensor 1 ety
lteration 2 KV Tensor 2 KV Tensor 1 I 3. Let allTensors be a list of MLTensors consisting of inputs’s values extended by oufputs's values. |
I 4. 1f aliTensors contains any duplicate items, then throw a TypeError. !

Before using same tensor

\ input output
lteration 1 W@—p——-  No needtoswap KV cache tensors.
* |ess# tensors -> less footprint
» |esstensor bindings for dispatch
input output
lteration 2 @—

After using same tensor




Tensor binding overhead

1.362 ms (7.69%)

MLConfe...
Fr 7 ML Context readTensor

SequentialExecutor...
BlinkScheduler_PerformMicrotaskCheckpoint
V& RunMicrotasks

17.718 ms
Qwen2 0.5B model: Issue: The tensor binding information (name -> tensor token) is
* |nput Tensors: transmitted at each dispatch, which also takes time.

o Inputidstensor
o Attention mask tensor
o Positionids tensor
o 48k-vtensors
e Output Tensors:
o logits tensor
o 48k-vtensors
» Totally 100 Tensors



Dispatch interface optimization

« Option1: Split the dispatch IDL interface into two IDL interfaces (bind + dispatch).
o Bind: update tensor binding information.
o Dispatch: trigger graph execution using tensors bound via the Bind interface.
* Option 2: Cache tensor binding information in implementation.

Service side update_ t:e!che_td tensor d|spa_t|:h_|:] u_se cached tensor
binding info binding info to excute
A Y
~
LUse Bind(intput_tensors,
output_tensors) to update
changed tensor binding info
F 9
Find changed tensor binding SN dispatch()
info and update cache 'y
F 9
tensor binding
info changed?
Blink side
JavaScript

dispatch(intput_tensors, output_tensors)




Dispatch optimization result

_Brings another ~10% speedup
I TPS: ~86% of native ORT-GenAl

Qwen2 0.5B max_lenth =512 time to first token (%) tps (%)
Baseline 523.12% 1.36%
Baseline + MatMulNBits 100.00% 100.00%
Baseline + MatMulNBits + GQA 95.38% 115.359%
Baseline + MatMulMNBits + GQA + others 68.2104 160.72%
Baseline + all fusion + device tensor 76.30% 241.56%
Baseline + all fusion + device tensor + dispatch 75.94% 266.68%
Native WebGPU 39.88% 307.50%




Dynamic shape usage for SLM

Prefill Phase Decoding Phase
name: input_ids I KV.Cache |

tensor: inte4[batch_size,sequence_length] + * * +
Iteration 4

name: attention_mask ‘
lteration 2 Iteration 3

tensor: inté4[batch_size,total_sequence_length]
discipline

Iteration |

name: position_ids

tensor: inté4[batch_size,sequence_length] ( a “CDIT\PLItEF ]

science is”

* One model for both Prefilland Decoding phases

* Prefill Phase:

[0 The input_ids, position_ids, and attention_mask in shape of [batch_size, sequence length]
[ sequence_length isthe length of the prompt which is dynamic
* Decoding Phase:
O The input_ids and position_ids are shaped [batch _size, 1] because only onetokenis processed perstep
[0 The attention_mask grows dynamically to [batch_size, total sequence_length]

[ total_sequence_length = sequence length + t (promptlength +generatedtokens)which is dynamic.



Adapt SLM to static shape

[ Static Models:
* Need separate static models for the Prefilland Decoding stages.
* Each modelis compiled with fixed input shapes.
[ Fixed Sequence Length:
« The sequence length (sequence_length)is set to a constant value, typically max_sequence_length.
e Thisappliesto input_ids,position_ids,and attention_mask.
Cons
0 Higher Memory Usage: one more static model required
[0 Double Complication Time Cost
[ Inefficiency for Variable-Length Inputs in Prefill phase: All inputs must be padded tomax_sequence_length, leading to inefficiency.

[0 Increased Deployment Complexity: Managing multiple static models increases operational overhead.



Discussion

[JAccessing to optimized macro ops is key for SLLM performance
* MatMulINBits, GOA etc,,

* Support in spec or fusion in implementation”
Support dynamic input shapes?
Allow same tensor for input and output?

IDecouple tensor binding and graph dispatch?
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