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ML Systems Plays a Critical Role in Machine Learning 
Revolutions

2010 2013 2023

Strong pattern 
recognition capabilities

ML 
Systems

Recommendation
Data analytics

Key
Capabilities

Open ended conversations
Generalist models

Big Data Deep Learning Generative AI

Llama 3

ML Systems plays an 
even more central role



Opportunities in both Cloud and Edge

Cloud

Generative AI models

Single hardware 
backend

data

Cloud and EdgeCloud focused approach

Personal data

Personal AI

Consumer Devices

Common Modeloptional 
interaction

Common Model

Cloud



Across Multiple Services, Contexts

Putting ML Compiler in Context of LLM System

LLM Inference Engine

Single Forward Step (Dynamisms and Runtime)

Key Operators: Flexible (Cascade) Attention Patterns

Async, TMA, TensorCore, CUDA, Vulkan, WebGPU…

Function Calls 
Structural Message



Across Multiple Services, Contexts

Outline

LLM Inference Engine

Single Forward Step (Dynamisms and Runtime)

Key Operators: Flexible (Cascade) Attention Patterns

Async, TMA, TensorCore, CUDA, Vulkan, WebGPU…

Function Calls 
Structural Message

Cross-level ML compilers for dynamic 
machine learning models



Think about Deployment Spectrum

Web Browsers

Cloud Server Desktop / Laptop Tablets Mobile Robots/Embedded

How to bring a solution across the spectrum?

with minimal amount of engineering effort 



ML Compiler Approaches can help

Web Browsers

Cloud Server Desktop / Laptop Tablets Mobile Robots/Embedded

Models Llama3, Whisper, CLIP,  SAM, …

Memory 
Planning

Library 
Dispatch

Op Fusion
Parameter
Sharding

More optimizations

Composable 
optimizationML Program Abstraction

Universal Deployment Runtime

Challenges

Customize to LLM models
Dynamism in model (shape and KV)



What is the Biggest Challenge?

ML modeling

ML Engineering Memory 
Planning

Library 
Dispatch

Op Fusion
Parameter
Sharding

Sparse 
Weights

Quantized 
Kernels

Paged 
Attention

Language 
Models Diffusion

Layout 
Optimization

MultiQuery
Attention

RoPE

ML engineering now becomes critical and go hand in hand with ML modeling 
It is not about build silver bullet once but continuous improvement and innovations



Development Patterns in Age of LLMs

Customize function 
compositions for model

Normal development
assuming a mature
framework foundation

closed box 
compile/framework 

transformations

Linear

ReLU

cudnn.softmax

Normal compiler 
development

Model description

batching (vmap)

fusion

Layout rewrite

Library dispatch

Customize program 
transformations, need 
to work for all models.
Slow to change across 
multiple layers.

Domain specific ML 
compilation pipeline 
development

batching (vmap)

fusion

Layout rewrite

Library dispatch

Customize both initial 
composition and transformation.
Leverage domain specific 
pipeline if needed.

Linear

ReLU

cudnn.softmax



Relax: Composable Abstractions for End-to-End 

Dynamic Machine Learning

IRModule

clip

vaeunet

scheduler

Centers around one key construct

A collection of (tensor) functions that 
correspond to model components.

Accessible through python

>>> mod.show()

import tvm.script
from tvm.script import tir as T, relax as R

@tvm.script.ir_module
class Module:

@R.function
def vae(

data: R.Tensor(("n", 4, 64, 64), "float32"), 
params: R.Tuple(R.Tensor((4, 4, 1, 1), "float32"),

R.Tensor((1, 4, 1, 1), "float32"),
...)

) -> R.Tensor(("n", 512, 512, 3),"float32"):
n = T.int64()
with R.dataflow():

w0: R.Tensor((4, 4, 1, 1), "float32") = params[0]
lv0: R.Tensor((n, 4, 64, 64), "float32") = R.nn.conv2d(

data, w0, strides=[1, 1]
)
b0: R.Tensor((1, 4, 1, 1), "float32") = params[1]
lv1: R.Tensor((n, 4, 64, 64), "float32") = R.add(lv0, b0)
...

Python-first representation of a ML computation



@tensorir_function
def mm(X: Buffer(("n", 512) "f32"), W: Buffer((512, 1536), "f32"),
       Y: Buffer(("n", 1536), "f32")):
  n = sym_var()
  for i, j, k in grid(n, 1536, 512):
    with block():
      with init():
        Y[i, j] = 0
      Y[i, j] += X[i, k] * W[k, j]

def main(x: Tensor(("n", 512), "f32"), w: Tensor((512, 1536), "f32")):
  n = sym_var()
  with dataflow(): 
    lv0: Tensor((n, 1536), "f32") = call_tir(mm, [x, w], Tensor((n, 1536),"f32"))
    lv1: Tensor((n, 3, 8, 64), "f32") = reshape(lv0, shape(n, 3, 8, 64))
    lv2: Tensor((n, 8, 64), "f32") = call_dps_library(
      "cutlass.attention", [lv1], Tensor((n, 8, 64), "f32")
    )
    …

ML models

Target Code

ML models

Our Approach

First-class symbolic shape
annotations to enable
dynamic shape aware 
analysis and optimizations 

Cross-level abstraction that encapsulates 
high-level computation, tensor program, 
libraries and their interactions

Computational Graph IR

Tensor Program IR

Target Code

Multi-level ML Compilers

Multi-level abstractions
with optimizations in
each level

single-shot 
lowering

other optional layers of IRs

Libraries 

Composable optimizations 
across dynamic shape 
aware computational graph, 
tensor program, and 
libraries 

Relax is a Cross-Level Abstraction



IRModule

@tvm.script.ir_module
class Module:

@R.function
def vae(

data: R.Tensor(("n", 4, 64, 64), "float32"), 
params: R.Tuple(R.Tensor((4, 4, 1, 1), "float32"),

R.Tensor((1, 4, 1, 1), "float32"),
...)

) -> R.Tensor(("n", 512, 512, 3),"float32"):
n = T.int64()
with R.dataflow():

w0: R.Tensor((4, 4, 1, 1), "float32") = params[0]
lv0: R.Tensor((n, 4, 64, 64), "float32") = R.nn.conv2d(

data, w0, strides=[1, 1]
)
b0: R.Tensor((1, 4, 1, 1), "float32") = params[1]
lv1: R.Tensor((n, 4, 64, 64), "float32") = R.add(lv0, b0)
...

ML Models

Memory 
Planning

Library 
Dispatch

Op Fusion
Parameter
Sharding

Universal Deployment Runtime

More optimizations

Pipelines for LLM Models 
IRModule 
Transformations

import

build

Customizing a Domain Specific Compiler for LLM

Challenges

Dynamic shape in computation
Optimizations across levels of abstractions



New hardware backends

New settings 
(e.g. dyn shape, distributed)

New libraries

New joint optimizations

Model

ML Compilation

Optimized Model

ML Compilation Out of Box Continuous ML Compilation Evolution Process

This is not a one shot game, but continuous ML compilation evolution process for every new 
model, backend features, new improvements. We can enable more people to do it, together :)

Continuous Improvement Process



def any_shape_fn(x: Tensor((?, 2, 2), "f32")):
n = get_shape_value(x, axis=0)

  lv0: Tensor((?, 4), "f32") = reshape(x, (n, 4))
  lv1: Tensor((?,), "f32") = flatten(lv0)

lv2: Tensor(?, "f32") = unique(lv1)

lv3: Tensor(?, "f32") = exp(lv2)
return lv3

A typical approach:
“unknown ?” dimensions for dynamic shapes

• Misses preserve potentially useful information, such as 
relations and constraints between shape dimensions

• Hinder optimizations that rely on shape information

First-class Symbolic Shape



def any_shape_fn(x: Tensor((?, 2, 2), "f32")):
n = get_shape_value(x, axis=0)

  lv0: Tensor((?, 4), "f32") = reshape(x, (n, 4))
  lv1: Tensor((?,), "f32") = flatten(lv0)

lv2: Tensor(?, "f32") = unique(lv1)

lv3: Tensor(?, "f32") = exp(lv2)
return lv3

A typical approach:
“unknown ?” dimensions for dynamic shapes

def symbolic_shape_fn(x: Tensor(("n", 2, 2), "f32")):
n, m = sym_var(), sym_var()
lv0: Tensor((n, 4), "f32") =reshape(x,shape(n, 4))

  lv1: Tensor((n * 4,), "f32") = flatten(lv0)
lv2: Tensor(ndim=1, dtype="f32") = unique(lv1)
lv3 = match_cast(lv2, Tensor((m,), "f32"))
lv4: Tensor((m,), "f32") = exp(lv3)
return lv4

Relax:
first-class symbolic shape

• Misses preserve potentially useful information, such as 
relations and constraints between shape dimensions

• Hinder optimizations that rely on shape information

• mixture of integer variables and constants
• forward shape deduction for IR transformations
• allow introducing new shape variables for unknown 

shapes (such as the results of unique) via match_cast

First-class Symbolic Shape



First-class Symbolic Shape
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First-class Symbolic Shape

def any_shape_fn(x: Tensor((?, 2, 2), "f32")):
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First-class Symbolic Shape

def any_shape_fn(x: Tensor((?, 2, 2), "f32")):
n = get_shape_value(x, axis=0)

  lv0: Tensor((?, 4), "f32") = reshape(x, (n, 4))
  lv1: Tensor((?,), "f32") = flatten(lv0)

lv2: Tensor(?, "f32") = unique(lv1)

lv3: Tensor(?, "f32") = exp(lv2)
return lv3

A typical approach:
“unknown ?” dimensions for dynamic shapes
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First-class Symbolic Shape – Across Functions

Relax tracks and deduces symbolic shapes globally across functions

def subfn(s: Shape(["n", "m"])) -> Tensor(("n * m",), "f32"):

"""Take in a shape of (n, m), return a tensor of (n*m,)"""

def subgraph_func_shape_deduce_example(

 x: Tensor(("n",), "f32"),

 y: Shape(ndim=2)

):

n = sym_var()

 lv0: Tensor((n * 4,), "f32") = subfn(shape(n, 4))



First-class Symbolic Shape – Across Functions

Relax tracks and deduces symbolic shapes globally across functions

def subfn(s: Shape(["n", "m"])) -> Tensor(("n * m",), "f32"):

"""Take in a shape of (n, m), return a tensor of (n*m,)"""

def subgraph_func_shape_deduce_example(

 x: Tensor(("n",), "f32"),

 y: Shape(ndim=2)

):

n = sym_var()

 lv0: Tensor((n * 4,), "f32") = subfn(shape(n, 4))

lv1: Tensor((12,), "f32") = subfn(shape(3, 4))



First-class Symbolic Shape – Across Functions

Relax tracks and deduces symbolic shapes globally across functions

def subfn(s: Shape(["n", "m"])) -> Tensor(("n * m",), "f32"):

"""Take in a shape of (n, m), return a tensor of (n*m,)"""

def subgraph_func_shape_deduce_example(

 x: Tensor(("n",), "f32"),

 y: Shape(ndim=2)

):

n = sym_var()

 lv0: Tensor((n * 4,), "f32") = subfn(shape(n, 4))

lv1: Tensor((12,), "f32") = subfn(shape(3, 4))

lv2: Tensor(((n + 1) * 4,), "f32") = subfn(shape(n + 1, 4))



First-class Symbolic Shape – Across Functions

Relax tracks and deduces symbolic shapes globally across functions

def subfn(s: Shape(["n", "m"])) -> Tensor(("n * m",), "f32"):

"""Take in a shape of (n, m), return a tensor of (n*m,)"""

def subgraph_func_shape_deduce_example(

 x: Tensor(("n",), "f32"),

 y: Shape(ndim=2)

):

n = sym_var()

 lv0: Tensor((n * 4,), "f32") = subfn(shape(n, 4))

lv1: Tensor((12,), "f32") = subfn(shape(3, 4))

lv2: Tensor(((n + 1) * 4,), "f32") = subfn(shape(n + 1, 4))

 lv3: Tensor(ndim=1, dtype="f32") = subfn(y)



Tracking Dynamisms Across Levels
# Graph-level end-to-end dynamic ML model
def main(x: Tensor(("n", 128), "f32"), w: Tensor((128, 256), "f32")):
n = sym_var()
with dataflow(): 
  lv0: Tensor((n, 256), "f32") = call_tir(

mm, [x, w], Tensor((n, 256),"f32")
)
lv1: Tensor((n, 256), "f32") = relu(lv0)
lv2: Tensor((n, 256), "f32") = call_dps_library(
"cutlass.rms_norm", [lv1], Tensor((n, 256), "f32")

)
…

@tensorir_function
def mm(X: Buffer(("n", 128) "f32"), W: Buffer((128, 256), "f32"),

Y: Buffer(("n", 256), "f32")):
n = sym_var()
for i, j, k in grid(n, 256, 128):
with block():
with init():
Y[i, j] = 0

Y[i, j] += X[i, k] * W[k, j]

Encapsulate everything together

• Computational graphs,

• Loop-level tensor programs

• External library functions

Loop-level tensor program



Tracking Dynamisms Across Levels
# Graph-level end-to-end dynamic ML model
def main(x: Tensor(("n", 128), "f32"), w: Tensor((128, 256), "f32")):
n = sym_var()
with dataflow(): 
  lv0: Tensor((n, 256), "f32") = call_tir(

mm, [x, w], Tensor((n, 256),"f32")
)
lv1: Tensor((n, 256), "f32") = relu(lv0)
lv2: Tensor((n, 256), "f32") = call_dps_library(
"cutlass.rms_norm", [lv1], Tensor((n, 256), "f32")

)
…

@tensorir_function
def mm(X: Buffer(("n", 128) "f32"), W: Buffer((128, 256), "f32"),

Y: Buffer(("n", 256), "f32")):
n = sym_var()
for i, j, k in grid(n, 256, 128):
with block():
with init():
Y[i, j] = 0

Y[i, j] += X[i, k] * W[k, j]

Encapsulate everything together

• Computational graphs,

• Loop-level tensor programs

• External library functions

Loop-level tensor program

call loop-level 
tensor programs 
from graph level



Tracking Dynamisms Across Levels
# Graph-level end-to-end dynamic ML model
def main(x: Tensor(("n", 128), "f32"), w: Tensor((128, 256), "f32")):
n = sym_var()
with dataflow(): 
  lv0: Tensor((n, 256), "f32") = call_tir(

mm, [x, w], Tensor((n, 256),"f32")
)
lv1: Tensor((n, 256), "f32") = relu(lv0)
lv2: Tensor((n, 256), "f32") = call_dps_library(
"cutlass.rms_norm", [lv1], Tensor((n, 256), "f32")

)
…

@tensorir_function
def mm(X: Buffer(("n", 128) "f32"), W: Buffer((128, 256), "f32"),

Y: Buffer(("n", 256), "f32")):
n = sym_var()
for i, j, k in grid(n, 256, 128):
with block():
with init():
Y[i, j] = 0

Y[i, j] += X[i, k] * W[k, j]

Encapsulate everything together

• Computational graphs,

• Loop-level tensor programs

• External library functions

call library 
functions from 

graph level



Tracking Dynamisms Across Levels
# Graph-level end-to-end dynamic ML model
def main(x: Tensor(("n", 128), "f32"), w: Tensor((128, 256), "f32")):
n = sym_var()
with dataflow(): 
  lv0: Tensor((n, 256), "f32") = call_tir(

mm, [x, w], Tensor((n, 256),"f32")
)
lv1: Tensor((n, 256), "f32") = relu(lv0)
lv2: Tensor((n, 256), "f32") = call_dps_library(
"cutlass.rms_norm", [lv1], Tensor((n, 256), "f32")

)
…

@tensorir_function
def mm(X: Buffer(("n", 128) "f32"), W: Buffer((128, 256), "f32"),

Y: Buffer(("n", 256), "f32")):
n = sym_var()
for i, j, k in grid(n, 256, 128):
with block():
with init():
Y[i, j] = 0

Y[i, j] += X[i, k] * W[k, j]

Encapsulate everything together

• Computational graphs,

• Loop-level tensor programs

• External library functions

call library 
functions from 

graph level

Unlocks more customization
and optimizations across levels 



Case Study: Operator Fusion for Quantized Model

for k, j in grid(128, 256):

W[k, j] = ( (data[k, j//8] >> (k%8*4)) & 15 - 7) * scale[i, k // 32]

@tensorir_function

def mm(X: Buffer(("n", 128), "f16"), W: Buffer((128, 256), "f16"),
Y: Buffer(("n", 256), "f16")):

n = sym_var()

for i, j, k in grid(n, 256, 128):
if k == 0:

Y[i, j] = 0.0

Y[i, j] += X[i, k] * W[k, j]

def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

W: Tensor((128, 256), "f16") = call_tir(decode_q4, [Wdata,Wscale], Tensor((128,256),"f16"))

lv0: Tensor((n, 256), "f16") = call_tir(mm, [x, W], Tensor((n, 256), "f16"))
return lv0

@tensorir_function

def decode_q4(Wdata: Buffer((128, 32), "u32"), Wscale: Buffer((128, 8), "f16"),
          W: Buffer((128, 128), "f16")):



Case Study: Operator Fusion for Quantized Model

for k, j in grid(128, 256):

W[k, j] = ( (data[k, j//8] >> (k%8*4)) & 15 - 7) * scale[i, k // 32]

@tensorir_function

def mm(X: Buffer(("n", 128), "f16"), W: Buffer((128, 256), "f16"),
Y: Buffer(("n", 256), "f16")):

n = sym_var()

for i, j, k in grid(n, 256, 128):
if k == 0:

Y[i, j] = 0.0

Y[i, j] += X[i, k] * W[k, j]

Pass 1. Analyze 

tensor program 

compute patterns

def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

W: Tensor((128, 256), "f16") = call_tir(decode_q4, [Wdata,Wscale], Tensor((128,256),"f16"))

lv0: Tensor((n, 256), "f16") = call_tir(mm, [x, W], Tensor((n, 256), "f16"))
return lv0

@tensorir_function

def decode_q4(Wdata: Buffer((128, 32), "u32"), Wscale: Buffer((128, 8), "f16"),
          W: Buffer((128, 128), "f16")):



Case Study: Operator Fusion for Quantized Model

func_attr("compute_pattern", "Injective")

Pass 1. Analyze 

tensor program 

compute patterns

for k, j in grid(128, 256):

W[k, j] = ( (data[k, j//8] >> (k%8*4)) & 15 - 7) * scale[i, k // 32]

@tensorir_function

def mm(X: Buffer(("n", 128), "f16"), W: Buffer((128, 256), "f16"),
Y: Buffer(("n", 256), "f16")):

n = sym_var()

for i, j, k in grid(n, 256, 128):
if k == 0:

Y[i, j] = 0.0

Y[i, j] += X[i, k] * W[k, j]

func_attr("compute_pattern", "OutputEwiseFusible")

def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

W: Tensor((128, 256), "f16") = call_tir(decode_q4, [Wdata,Wscale], Tensor((128,256),"f16"))

lv0: Tensor((n, 256), "f16") = call_tir(mm, [x, W], Tensor((n, 256), "f16"))
return lv0

@tensorir_function

def decode_q4(Wdata: Buffer((128, 32), "u32"), Wscale: Buffer((128, 8), "f16"),
          W: Buffer((128, 128), "f16")):



Case Study: Operator Fusion for Quantized Model

func_attr("compute_pattern", "Injective")

for k, j in grid(128, 256):

W[k, j] = ( (data[k, j//8] >> (k%8*4)) & 15 - 7) * scale[i, k // 32]

n = sym_var()

for i, j, k in grid(n, 256, 128):
if k == 0:

Y[i, j] = 0.0

Y[i, j] += X[i, k] * W[k, j]

func_attr("compute_pattern", "OutputEwiseFusible")

Pass 2. FuseOps
def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

W: Tensor((128, 256), "f16") = call_tir(decode_q4, [Wdata,Wscale], Tensor((128,256),"f16"))

lv0: Tensor((n, 256), "f16") = call_tir(mm, [x, W], Tensor((n, 256), "f16"))
return lv0

@tensorir_function

def decode_q4(Wdata: Buffer((128, 32), "u32"), Wscale: Buffer((128, 8), "f16"),
          W: Buffer((128, 128), "f16")):

@tensorir_function

def mm(X: Buffer(("n", 128), "f16"), W: Buffer((128, 256), "f16"),
Y: Buffer(("n", 256), "f16")):



Case Study: Operator Fusion for Quantized Model

func_attr("compute_pattern", "Injective")

Pass 2. FuseOps
def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

... 

...
func_attr("compute_pattern", "OutputEwiseFusible")

lv0: Tensor((n,256),"f16") = fused_decode_q4_mm(x, Wdata, Wscale)

return lv0

@tensorir_function

def decode_q4(Wdata: Buffer((128, 32), "u32"), Wscale: Buffer((128, 8), "f16"),
          W: Buffer((128, 128), "f16")):

def fused_decode_q4_mm(x:Tensor(("n",128),"f16")

Wdata:Tensor((128,32),"u32"),Wscale:Tensor((128,8),"f16")):
n = sym_var()
with dataflow():

  W: Tensor((128, 256), "f16") = call_tir(decode_q4,[Wdata,Wscale],Tensor((128,256),"f16"))
lv0: Tensor((n, 256), "f16") = call_tir(mm, [x, W], Tensor((n, 256),"f16"))
return lv0

@tensorir_function

def mm(X: Buffer(("n", 128), "f16"), W: Buffer((128, 256), "f16"),
Y: Buffer(("n", 256), "f16")):

Merged subgraph function



Case Study: Operator Fusion for Quantized Model

func_attr("compute_pattern", "Injective")

Pass 3. FuseTIR
def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

... 

...
func_attr("compute_pattern", "OutputEwiseFusible")

lv0: Tensor((n,256),"f16") = fused_decode_q4_mm(x, Wdata, Wscale)

return lv0

@tensorir_function

def decode_q4(Wdata: Buffer((128, 32), "u32"), Wscale: Buffer((128, 8), "f16"),
          W: Buffer((128, 128), "f16")):

def fused_decode_q4_mm(x:Tensor(("n",128),"f16")

Wdata:Tensor((128,32),"u32"),Wscale:Tensor((128,8),"f16")):
n = sym_var()
with dataflow():

  W: Tensor((128, 256), "f16") = call_tir(decode_q4,[Wdata,Wscale],Tensor((128,256),"f16"))
lv0: Tensor((n, 256), "f16") = call_tir(mm, [x, W], Tensor((n, 256),"f16"))
return lv0

@tensorir_function

def mm(X: Buffer(("n", 128), "f16"), W: Buffer((128, 256), "f16"),
Y: Buffer(("n", 256), "f16")):

Merged subgraph function



Case Study: Operator Fusion for Quantized Model

Pass 3. FuseTIR
def main(x: Tensor(("n", 128), "f16"),

Wdata: Tensor((128, 32), "u32"), Wscale: Tensor((128, 8), "f16")):
n = sym_var()
with dataflow():

lv0: Tensor((n,256),"f16") = call_tir(

  fused_decode_q4_mm, [x, Wdata, Wscale], Tensor((n, 256), "f16")
)

return lv0

Merged tensor program

@tensorir_function

def fused_decode_q4_mm(X: Buffer(("n", 128), "f16"), Wdata: Buffer((128, 32), "u32"),
Wscale: Buffer((128, 8), "f16"), Y: Buffer(("n", 256), "f16")):

n = sym_var()

W = alloc_buffer((128, 256), "f16")
# decode_q4
for k, j in grid(128, 256):

W[k, j] = ((data[k, j//8] >> (k%8*4)) & 15 - 7) * scale[i, k // 32]
# matmul
for i, j, k in grid(n, 256, 128):

if k == 0:
Y[i, j] = 0.0

Y[i, j] += X[i, k] * W[k, j]

Modularizes quantize 
and fusion 

more follow ups 
optimizing  fused ops



Relax Enables MLC Engine

Web Browsers

Cloud Server Desktop / Laptop Tablets Mobile Robots/Embedded

MLC Engine

Relax-based ML Program

Llama3 Phi3 Qwen2Mistral/Mixtral Gemma

Universally deploys across cloud and edge



Across Multiple Services, Contexts

Outline

LLM Inference Engine

Single Forward Step (Dynamisms and Runtime)

Key Operators: Flexible (Cascade) Attention Patterns

Async, TMA, TensorCore, CUDA, Vulkan, WebGPU…

Function Calls 
Structural Message

Efficient and Flexible Structured Generation



LLM System are evolving toward Agent Centric

prefill output

Simplified view of inference on a single worker

context prefill thinking actions(call) thinking output...

Agentic Flow

shared-context prefill Struct outputs

Calls across agent calls

or calls into external tools

Structured message 

following protocol 
specifications

Simple input / output, running on the same worker (color 

indicated the same worker) 



Generating Structured Outputs via Constraint Decoding

Challenges

Large vocabulary size

Infinite possible grammar state for 
complex grammars

GPUs getting faster (and mask generation 
on CPU cannot keep up with them)
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Mask is generated with a grammar checker

The grammar checker must be very fast!

abandon

apple

…

false

…

true

…

LLM Vocab (128k+ tokens)

✓

✗

Grammar
Checker

✗

✗

✗

✗

✓

+

+

+

+

+

+

+

Challenge: Efficient Mask Generation



Handling General Grammar

Pushdown Automata

Prior LLM Output Parsing Stack

The length of the stack is unbounded ⇒ there can be ∞ possible parsing states



XGrammar: Efficient and Flexible Grammar Engine 

Key insight 

● Context-independent tokens: Most tokens (>99%) 

can be determined ahead of time by only looking at 

top of the stack 

● Context-dependent tokens we still check outlier 

tokens at runtime to ensure full coverage. 

● At runtime, we first retrieve the pre-computed 

token mask from the parsing state, then check the 

context-dependent tokens efficiently.



Mask Generation Efficiency

JSON Schema Context-free Grammar

1x4x170x 260x

Fail

131x 1x196x

Environment: Llama-3-8B, AMD 7950X CPU, RTX 4090 GPU



End to end Comparison in XGrammar



XGrammar in vLLM

Source: vllm blog



Across Multiple Services, Contexts

Outline

LLM Inference Engine

Single Forward Step (Dynamisms and Runtime)

Key Operators: Flexible (Cascade) Attention Patterns

Async, TMA, TensorCore, CUDA, Vulkan, WebGPU…

Function Calls 
Structural Message



Across Multiple Services, Contexts

Outline

LLM Inference Engine

Single Forward Step (Dynamisms and Runtime)

Key Operators: Flexible (Cascade) Attention Patterns

Async, TMA, TensorCore, CUDA, Vulkan, WebGPU…

Function Calls 
Structural Message

End to end system solution



MLCEngine: Universal LLM Deployment
…



MLCEngine: Windows Linux Mac

>> mlc_llm chat HF://mlc-ai/Llama-3-8B-Instruct-q4f16_1-MLC 

Running across 
platforms



MLCEngine: OpenAI-Compatible Server

>> mlc_llm serve HF://mlc-ai/Llama-3-8B-Instruct-q4f16_1-MLC 

Full OpenAI support



Low-latency Server GPU Serving

• Dataset: ShareGPT

• GPU: 4 x H100

• 500 requests

Fix the request concurrency to be 1 to 64

Lower latency Higher latency

Llama3 70B provider latency leaderboard

https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference, SGLang v0.3.1.post2, vLLM v0.6.1.post2

Overall 3% of CPU overhead in batch decode

https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference
https://blog.mlc.ai/2024/10/10/optimizing-and-characterizing-high-throughput-low-latency-llm-inference


iOS SDK

OpenAI-style swift API

Demo on AppStore

Search for MLC Chat



MLC LLM: Android

Snapdragon Gen2

Enables larger models than iPhone



Bringing LLMs to 100$ Orange Pi



LLM on SteamDeck

Leverages vulkan backend

Out of box support



Efficient Structured Generation

Try it out via WebLLM: https://huggingface.co/spaces/mlc-ai/WebLLM-JSON-Playground

Built-in support

Near zero overhead

Important for agent
use cases



WebLLM

Runs directly in browser client https://webllm.mlc.ai/

https://webllm.mlc.ai/


Ongoing: Unified Abstraction for Future GPUs 
and Accelerators

More specialized 
NPUs

NVIDIA Blackwell GPU

User-programmable DSL

Layout Distributed Operator

Pipeline Allocation

…

…

Allow both fine-
grained and coarse-
grained user control



Across Multiple Services, Contexts

Ongoing directions

LLM Inference Engine

Single Forward Step (Dynamisms and Runtime)

Key Operators: Flexible (Cascade) Attention Patterns

Async, TMA, TensorCore, CUDA, Vulkan, WebGPU…

Function Calls 
Structural Message

• Efficient tensor compiler abstractions 
for new generations of GPUs and 
accelerators

• Compiler runtime techniques for 
scaling up (across devices, nodes)

• Putting things together: end to end 
systems for serving/tuning large 
models

• Open source
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