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Tutorial Outline

Lecture 1: From Inference Driver to Inference Runtime (50 min)

Lecturer Seongsoo Hong

Topics
Step-by-Step Inference Driver Walkthrough

Internals of LiteRT

Brief Break (10 min)

Lecture 2: Model Slicer (50 min)

Lecturer Seongsoo Hong

Topic Model Slicer: Slicing and Conversion Tool for LiteRT

Brief Break (10 min)

Lecture 3: Throughput Enhancement on Heterogeneous Accelerators (1h 30 min)

Lecturer Namcheol Lee

Topic Implementing a Pipelined Inference Driver for Heterogeneous Processors

Deep Software Stack Optimization for AI-Enabled Embedded Systems

Lecture 1: From Inference Driver to Inference Runtime (50 min)
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On-Device AI

❖ Refers to executing AI models directly on edge devices

❖ On-device AI enables​

▪ Real-time, private, and offline inference

❖ Challenge

▪ Operates under resource constraints

I. Our Exercise
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Optimization Techniques for On-Device AI

❖ Common techniques

▪ Model quantization

▪ Pruning

▪ Knowledge distillation

▪ Low-rank adaption

▪ Weight streaming

▪ Sparse inference (e.g., sparse GEMM)

I. Our Exercise
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Our Exercise Problem

❖ Lossless stream processing in on-device AI

▪ Real-world relevance

• Surveillance cameras

• Automotive perception applications

▪ A transient surge in input data stream may result in data loss

• When input stream’s data rate exceeds device inference throughput

▪ Need to scale up inference throughput dynamically

I. Our Exercise
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DNN Pipelining (1)

❖ Scale up inference throughput via pipelining on multiple accelerators

▪ Partition DNN model into submodels

▪ Create worker threads that perform inference for submodels

▪ Allocate the worker threads to available, heterogeneous accelerators

I. Our Exercise

DNN Model (.h5)

Layer 0···

Layer 𝑖

Layer 𝑖 + 1···

Layer 𝑁

Slice 0

Slice 1

Model

Slicer

XNNPACK

Delegate 

GPU

Delegate

CPU
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GPU

Submodel 0

(.tflite)

Submodel 1

(.tflite)

Application Process

LiteRT

Interpreter

LiteRT

Interpreter

Thread 0

Thread 1
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DNN Pipelining (2)

❖ Case analysis

1. If input stream’s data rate ≤ device’s inference throughput:

• Pipelining can be detrimental

– May increase end-to-end (E2E) latency for DNN inference

• Some stages may run on relatively slower processor (e.g., CPU)

• Communication delays could be added

2. If input stream’s data rate > device’s inference throughput:

• Pipelining is beneficial

– The legacy system may incur unbounded E2E latency due to back logs

– Pipelining can increase throughput, enabling bounded E2E latency

I. Our Exercise
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1. If input stream’s data rate ≤ device’s inference throughput

DNN Pipelining (3) 

I. Our Exercise

(2-stage)

Time

E2E 
Latency

Input
Stream

Time

Execution of Monolithic Inference Execution of Stage 1 Execution of Stage 2 Input
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2. If input stream’s data rate > device’s inference throughput

E2E 
Latency

Input
Stream

Time1

Execution of Monolithic Inference Execution of Stage 1

Execution of Stage 2Queuing Delay

Input i
i

2

3

4

5

7

1 2 3 4 5 6 7

Time

6

1 2 3 4 5 6 7

(2-stage)

Execution
Queue

Input 1 Input 6Input 5Input 2 Input 3 Input 4 Input 7

DNN Pipelining (4) 

I. Our Exercise
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Target DNN Model: ResNet50 (1)

❖ We will use ResNet50 FP32 throughout the tutorial which is

▪ A 50 layer deep convolutional neural network for image classification

▪ Introduced in 2015 by He et al.1 with the concept of skip connections

❖ Why ResNet50?

▪ Commonly used for frame-by-frame classification

▪ Moderate computational demand

▪ Widely used as a benchmark model in inference optimization

I. Our Exercise

1He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Target DNN Model: ResNet50 (2)

❖ Key details

▪ Input

• 224x224 RGB image (224x224x3)

▪ Output

• 1x1000 tensor

❖ Observe model structure using Netron2

▪ netron ./models/resnet50.tflite

I. Our Exercise

2https://netron.app/
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Hardware: RUBIK Pi 3 (1)

❖ Overview

▪ A Singe Board Computer (SBC) 

built on Qualcomm AI platforms for developers

• Based on QCS6490 SoC

▪ Supports multiple operating systems such as 

• Android 13, Qualcomm Linux, Debian 13

▪ Supports SDKs with Qualcomm AI stack

▪ Designed and manufactured by Thundercomm

II. Tutorial Execution Environment
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Hardware: RUBIK Pi 3 (2)

❖ Specification

▪ RUBIK Pi 3 with QCS6490 SoC

• CPU: 8 x Kryo 670 cores

• GPU: Adreno 643L

• NPU: Hexagon 770

• RAM: 8 GB LPDDR4X

• Storage: 128 GB UFS 2.2

II. Tutorial Execution Environment
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Hardware: RUBIK Pi 3 (3)

❖ Comparison with Raspberry Pi 5

▪ RUBIK Pi offers superior AI performance and faster storage, making it ideal for 

edge AI education and prototyping

II. Tutorial Execution Environment

RUBIK Pi 3 Raspberry Pi 5

CPU 8 x Kryo 670
(1 x Cortex-A78 @ 2.7 GHz,  3 x Cortex-A78 @ 2.4 GHz, 4 x Cortex-A55 @ 1.9 GHz)

4 x Cortex-A76 @ 2.4GHz

GPU Adreno 643L @ Up to 812 MHz VideoCore VII @ Up to 800MHz

NPU Hexagon 770 (12 TOPS) N/A

RAM 8GB Up to 16GB

ROM 128GB UFS 2.2 N/A
(Need to purchase external SD card separately)

Price $179 $120
(16 GB Model)
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Hardware: RUBIK Pi 3 (4)

❖ Ideal for hands-on learning of embedded AI software stack

▪ RUBIK Pi 3 with QCS6490 SoC enables realistic, practice-oriented exercises 

aligned with real-world industrial applications

II. Tutorial Execution Environment

Source: Thundercomm (https://www.thundercomm.com/rubik-pi-3-embedded-world-2025/)
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Taxonomy

❖ Inference driver

▪ Program that calls the inference runtime’s APIs to drive inference

❖ Inference runtime

▪ A software environment that executes DNN inference

• Such as LiteRT (Google), QNN (Qualcomm), TensorRT (Nvidia)

❖ LiteRT interpreter

▪ A component that prepares and runs inference

❖ Delegate

▪ A component that offloads parts of a model to optimized implementations 

for faster or more efficient execution

II. Tutorial Execution Environment



20

Software Stack on RUBIK Pi 3

II. Tutorial Execution Environment

LiteRT Interpreter
Inference
Runtime
(LiteRT)

Application User-Written Inference Driver

XNNPACK
Low-level
Backend

DebianOS

RUBIK Pi 

Op
Kernels

XNNPACK 
Delegate 

OpenCL

GPU
Delegate 

CPU GPU

• Program that calls the inference runtime’s APIs 

to drive inference

• A component that prepares and runs inference

• A component that offloads parts of a model to 

optimized implementations for faster or more 

efficient execution
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Hands-On: Connect to RUBIK Pi

❖ Objective

▪ Establish an SSH connection from your laptop to RUBIK Pi

❖ Do

▪ Follow the instructions in this section

❖ Verify

▪ Your VS Code should show a SSH session connected to RUBIK Pi

❖ Time

▪ 10 minutes

III. Connect to RUBIK Pi
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Supply Power (1) 

❖ Connect power cable to the external power supply, and 

make sure it is switched on

III. Connect to RUBIK Pi
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Supply Power (2)

❖ Connect Type-C power cable to port 10 on RUBIK Pi

III. Connect to RUBIK Pi
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Connect RUBIK Pi to Host PC

❖ We will access the RUBIK Pi using SSH with Visual Studio Code

for development ease

▪ To do so

1. Connect the device to the host PC with a USB-A to USB-C cable

2. Establish the device’s Wi-Fi connection using ADB (Android Debug Bridge)

3. Make an SSH connection to the device

III. Connect to RUBIK Pi
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1. Connect Device to Host PC 

with USB-A to USB-C Cable (1)

❖ Connect the USB-A end of the cable to host PC

III. Connect to RUBIK Pi
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1. Connect Device to Host PC 

with USB-A to USB-C Cable (2)

❖ Connect the USB-C end of the cable to port 5

III. Connect to RUBIK Pi
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1. Connect Device to Host PC 

with USB-A to USB-C Cable (3)

❖ Check the connection using ADB

▪ It should show one device as below

• The identifier of the device varies across devices

III. Connect to RUBIK Pi
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2. Establish Wi-Fi Connection (1)

❖ Enable hotspot on host PC

▪ Go to Settings > Network & Internet

III. Connect to RUBIK Pi
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2. Establish Wi-Fi Connection (2)

❖ Enable hotspot on host PC (cont’d)

▪ Check the name and password of the activated network

III. Connect to RUBIK Pi
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2. Establish Wi-Fi Connection (3)

❖ Access the device in a command line tool with the following commands

1. Get root access

• adb root

2. Enter adb shell

• adb shell

3. Switch to root user

• su -

III. Connect to RUBIK Pi
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2. Establish Wi-Fi Connection (4)

❖ Connect RUBIK Pi to the mobile hotspot

1. Check the available Wi-Fis using network manager CLI (nmcli) of Linux

• nmcli device wifi list

III. Connect to RUBIK Pi
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2. Establish Wi-Fi Connection (5)

❖ Connect RUBIK Pi to the mobile hotspot (cont’d)

2. Connect to the mobile hotspot using nmcli

• nmcli device wifi connect "SSID" –ask

3. Check the connection

• ifconfig wlan0

III. Connect to RUBIK Pi
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3. Make SSH Connection (1)

❖ Create SSH configuration in VS Code

1. Open remote explorer in VS Code in the left side bar

2. Open SSH config file

III. Connect to RUBIK Pi

1

2 2
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3. Make SSH Connection (2)

❖ Create SSH configuration in VS Code (cont’d)

3. Add the configuration for RUBIK Pi

4. Connect to the RUBIK Pi

III. Connect to RUBIK Pi
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3. Make SSH Connection (3)

❖ Open ~/RTCSA25-Tutorial directory

III. Connect to RUBIK Pi
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Directory Structure

❖ Under ~/RTCSA2025-Tutorial

▪ Available at https://github.com/SNU-RTOS/RTCSA25-Tutorial

IV. Directory Structure

https://github.com/SNU-RTOS/RTCSA25-Tutorial
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Setup Scripts

❖ Scripts to install software packages and prepare required files

IV. Directory Structure

• Main script for environment setup

• Directory containing setup scripts

• Python scripts for preparing resnet50.tflite
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External Libraries

❖ Directories for externals libraries such as LiteRT

IV. Directory Structure

• Directory containing compiled libraries of external sources

• Directory containing header files of external sources

• Directory containing external sources



41

Source Code and Build File

❖ Source code and build file used throughout the tutorial

IV. Directory Structure

• Directory containing object files generated during compilation

• Makefile to compile and build the code in src/

• Directory containing compiled binaries

• Scripts for executing executables in bin/

• Model slicer Python script

• Directory containing source code used in the tutorial
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Input Data and Model Files

❖ Input files used by the compiled binaries 

IV. Directory Structure

• Directory containing input images

• JSON file containing class labels

• Directory containing DNN models



43

Contents

I. Our Exercise

II. Tutorial Execution Environment

III. Connect to RUBIK Pi

IV. Directory Structure

V. Step-by-Step Inference Driver Walkthrough

VI. Internals of LiteRT

Lecture 1: From Inference Driver to Inference Runtime



44

Header Files

❖ Include necessary header files

V. Step-by-Step Inference Driver Walkthrough

C++ standard library headers for I/O stream,  

thread management, and dynamic arrays
Header file for OpenCV used during input 

preprocessing

Header files for using LiteRT

Header file for utility functions 

used during the tutorial
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Inference Driver Code Flow

V. Step-by-Step Inference Driver Walkthrough

Start

2. Load Model

1. Receive 

Arguments

3. Build Interpreter

7. Run Inference

End
8. Output 

Postprocessing

6. Input

Preprocessing

4. Apply Delegate

5. Allocate Tensors

Inference runtime setup Output processingInput preparation Inference execution

More 

images to 

process?

No

Yes
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1. Receive Arguments (1)

❖ Check the number of arguments

V. Step-by-Step Inference Driver Walkthrough

1. Receive 

Arguments

Start

2. Load Model
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1. Receive Arguments (2)

❖ Set variables based on the arguments

V. Step-by-Step Inference Driver Walkthrough

1. Receive 

Arguments

Start

2. Load Model
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1. Receive Arguments (3)

❖ Set variables based on the arguments (cont’d)

V. Step-by-Step Inference Driver Walkthrough

1. Receive 

Arguments

Start

2. Load Model
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2. Load Model

❖ Load a model file at model_path

V. Step-by-Step Inference Driver Walkthrough

2. Load Model

1. Receive 

Arguments

3. Build 

Interpreter
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3. Build Interpreter (1)

❖ Create an OpResolver

▪ A registry that maps operator names to their corresponding implementations

V. Step-by-Step Inference Driver Walkthrough​

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model



51

3. Build Interpreter (2)

❖ Create an InterpreterBuilder

▪ An object that constructs an interpreter instance using the builder pattern

V. Step-by-Step Inference Driver Walkthrough​

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model
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3. Build Interpreter (3)

❖ Create and build an interpreter

▪ If successfully, _litert_interpreter will point to a valid interpreter object 

V. Step-by-Step Inference Driver Walkthrough​

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model

• The interpreter builder performs model validation,

resolves operators in the model,

and instantiates the internal objects required by the interpreter
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4. Apply Delegate (1)

❖ Create delegate object(s)

▪ For CPU execution optimization (XNNPACK) or GPU offloading

V. Step-by-Step Inference Driver Walkthrough

4. Apply 

Delegate

5. Allocate 

Tensors

3. Build

Interpreter
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4. Apply Delegate (2)

❖ Apply either the GPU delegate or the XNNPACK delegate

▪ The delegate takes over supported parts of the model

V. Step-by-Step Inference Driver Walkthrough

4. Apply 

Delegate

5. Allocate 

Tensors

3. Build

Interpreter
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5. Allocate Tensors

❖ Allocate memory for mutable tensors

▪ Tensors that store input data, intermediate values, and final results during inference

V. Step-by-Step Inference Driver Walkthrough

5. Allocate 

Tensors

6. Input 

Preprocessing

4. Apply 

Delegate

• If any tensor is not allocated, 

a segmentation fault will occur during inference
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6. Input Preprocessing (1)

❖ Enters a do-while loop

▪ Record the current time before starting, for use in periodic loop execution later

V. Step-by-Step Inference Driver Walkthrough

6. Input 

Preprocessing

7. Run 

Inference

5. Allocate 

Tensors



57

6. Input Preprocessing (2)

❖ Load an image

V. Step-by-Step Inference Driver Walkthrough

6. Input 

Preprocessing

7. Run 

Inference

5. Allocate 

Tensors
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6. Input Preprocessing (3)

❖ Preprocess the loaded image

V. Step-by-Step Inference Driver Walkthrough

6. Input 

Preprocessing

7. Run 

Inference

5. Allocate 

Tensors
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6. Input Preprocessing (4)

❖ Access the 0th input tensor as a float pointer and set its value

▪ There is only one input tensor in ResNet50 FP32

V. Step-by-Step Inference Driver Walkthrough

6. Input 

Preprocessing

7. Run 

Inference

5. Allocate 

Tensors
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7. Run Inference

❖ Invoke the interpreter to run inference

V. Step-by-Step Inference Driver Walkthrough

7. Run 

Inference

8. Output 

Postprocessing

6. Input 

Preprocessing
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8. Output Postprocessing (1)

❖ Access the 0th output tensor as a float pointer

▪ ResNet50 has only one output tensor with a shape of 1×1000

V. Step-by-Step Inference Driver Walkthrough

8. Output 

Postprocessing

More images 

to process?

7. Run 

Inference
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8. Output Postprocessing (2)

❖ Print the top 3 predictions with their labels

V. Step-by-Step Inference Driver Walkthrough

8. Output 

Postprocessing

More images 

to process?

7. Run 

Inference
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Periodic Loop Execution

❖ Repeat step 6 at each input period until all inputs are processed

▪ If the scheduled time has already passed, continue without waiting

V. Step-by-Step Inference Driver Walkthrough

More 

images to 

process?

7. Run 

Inference

No

Yes 

(back to 6)

End
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Hands-On: Build and Run the Inference Driver

❖ Objective

▪ Build and run the inference driver and capture throughput

❖ Do

▪ Follow the instructions on the next slide

❖ Verify

▪ Check the terminal output

• You should see the expected outputs on the next slide

❖ Time

▪ 2 minutes

V. Step-by-Step Inference Driver Walkthrough
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Run the Inference Driver

❖ In ~/RTCSA25-Tutorial, run

▪ make

▪ ./run_inference_driver.sh

❖ Expected output

V. Step-by-Step Inference Driver Walkthrough
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1. Subgraph

▪ An independent computation graph with its own nodes, tensors, and execution plan

• Multiple subgraphs are used to support advanced model features such as control flow 

and modular function calls

2. Tensor

▪ Multi-dimensional array that holds inputs, outputs, weights

and/or intermediate results 

3. Node

▪ Basic unit of neural operations

4. Execution plan

▪ Ordered list of node indices

▪ Defines execution sequence

Internal Data Structures of LiteRT Model

VI. Internals of LiteRT

Subgraph

Execution

Plan

Tensors

Node 0

Input Tensors 

Output Tensor

Operation

Nodes

Node 1

Node 2

…

Tensor 0

Tensor 1

…

Tensor 2
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Instrumentation Harness for LiteRT APIs

❖ What is an instrumentation harness?

▪ Separate code that replicates the sequence of low-level LiteRT API calls

invoked by high-level LiteRT APIs in an inference driver

▪ Logs internal changes after each low-level LiteRT API call

❖ We will follow the code flow of the inference driver and 

understand the internals of high-level LiteRT APIs

VI. Internals of LiteRT
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Hands-On: Run the Instrumentation Harness

❖ Objective

▪ Run the instrumentation harness for LiteRT APIs and inspect the logs

❖ Do

▪ Follow the instructions on the next slide

❖ Verify

▪ Check the terminal output

❖ Time

▪ 20 minutes

VI. Internals of LiteRT
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Run the Instrumentation Harness

❖ In ~/RTCSA25-Tutorial, run

▪ ./bin/instrumentation_harness ./models/resnet50.tflite

▪ You will see an indicator                                     at each step

• Let’s go through the steps together to observe what happens internally

VI. Internals of LiteRT

High-level LiteRT APIs invoked by the inference driver

Logs of the instrumentation harness and 

its explanation

Example

Code

Logs
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Load Model

VI. Internals of LiteRT

2. Load Model

1. Receive 

Arguments

3. Build 

Interpreter

• The model file is memory-mapped into the process’s virtual address space
• You can verify this by looking at /proc/<pid>/maps of the process

Memory address

Permission

File offset

Disk Dev. No.

inode No.

File path
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Build Interpreter (1)

VI. Internals of LiteRT

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model

• Validates that the model's schema version matches the runtime's supported version

• What is a schema in LiteRT? 

- Specification that defines of how a LiteRT model 

is serialized in FlatBuffer format

• If the versions do not match, an error is returned

- Because the runtime cannot properly parse the model file

• The schema definition for LiteRT can be found at
~/RTCSA25-Tutorial/external/litert/bazel-

litert/external/org_tensorflow/tensorflow/compiler/mlir/lite/schema/schema.fbs

• You can deserialize a LiteRT model using FlatBuffers, 
but this is beyond the scope of this tutorial
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Build Interpreter (2)

VI. Internals of LiteRT

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model

• Parses the operators (name and version) in the model and 

checks if the OpResolver supports it

• If any operator is not supported, an error is raised

- Custom operators are handled in a more complicated way
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Build Interpreter (3)

VI. Internals of LiteRT

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model

• Parses the number of subgraphs in the model and 

creates the corresponding subgraph objects

• For each subgraph, tensor information is parsed and 

corresponding tensor objects are instantiated

…
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Build Interpreter (4)

VI. Internals of LiteRT

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model

• For each subgraph, node information is parsed and 

corresponding node objects are instantiated

• Execution plan is initialized in this step, 

matching the execution order to the node indices

…
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Build Interpreter (5)

VI. Internals of LiteRT

3. Build 

Interpreter

4. Apply 

Delegate

2. Load Model

• Checking whether if the interpreter is 

successfully created
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Apply Delegate

VI. Internals of LiteRT

4. Apply 

Delegate

5. Allocate 

Tensors

3. Build

Interpreter

• As a result, a new node is created in the subgraph, 

which indicates the interpreter to call the delegate

• Execution plan is modified

• Tensors for intermediate results are no longer used

• The delegate manages intermediate results by itself

• The delegate traverses the execution plan and replaces supported nodes

…
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Allocate Tensors

VI. Internals of LiteRT

5. Allocate 

Tensors

6. Input 

Preprocessing

4. Apply 

Delegate

• Only mutable tensors are affected

…

…
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Run Inference

VI. Internals of LiteRT

7. Run 

Inference

8. Output 

Postprocessing

6. Input 

Preprocessing

• The internal execution logic of each delegate varies

• The interpreter traverses through the execution plan and 

executes the nodes in it
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Model Slicing for DNN Pipelining (1)

❖ Slice a DNN model into multiple submodels

▪ Accept a TensorFlow model in HDF5 (Hierarchical Data Format version 5) (.h5)

• .h5 is a “serialized storage format on disk”

▪ Load the model in .h5 format to create a “model object in memory”

▪ Construct submodels from the model object by hand-crafting their model objects

▪ Generate multiple LiteRT models in .tflite format

I. Slicing TensorFlow Model in HDF5

Model ObjectDNN model (.h5)

Layer 0···

Layer 𝑖

Layer 𝑖 + 1···

Layer 𝑁

Submodel 0 (.tflite)

Node 0···

Node 𝑗

(𝑁 ≠ 𝑀)

Submodel 1 (.tflite)
Node 𝑗 + 1···

Node 𝑀

Model Slicer

Layer 𝑖 + 1··

Layer 𝑁

Load SaveLayer 0···

Layer 𝑖

Layer 𝑖 + 1···

Layer 𝑁

Model Objects

Input Layer

Layer 1··
Layer 𝑖

Input Layer
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Model Slicing for DNN Pipelining (2)

❖ Characteristics to be preserved during slicing

I. Slicing TensorFlow Model in HDF5

2. Skip Connection Connectivity

?×28×28×512

1. Tensor Shape Consistency

?×28×28×128 ?×28×28×128

?×28×28×512
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Model Slicing for DNN Pipelining (3)

❖ Input layers are newly created

▪ Per output (tensor(s)) of the previous slice

I. Slicing TensorFlow Model in HDF5

Layer 1

Layer 2

Original Model

Layer 1

Layer 2

Layer 3

Layer 4

Input 

Layer

Output

Tensor(s)

Slice 0

Layer 1

Layer 2

Output 

Tensor(s)

Output 

Tensor(s)

Input

Layer

Slice 1

Layer 3

Layer 4

Input 

Tensor 1

Output 

Tensor(s)

Input

Layer

Input

Layer
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❖ Computational graph (DAG) defined by “layer objects” and “node objects”

▪ “model.layers” works as a hashing table for the DAG

Internal Representation of Keras Model Object (1)

II. Model Slicer Mechanism

Node 0

Node 1 Node 2

Node 4

Node 3

_inbound_nodes

(list of inbound_layers)

inbound_layers

(list of layer objects)

[0]

null

Layer 0

Layer 0

Layer 1 Layer 2

Layer 3

[0] [1]

model.layers
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Internal Representation of Keras Model Object (2)

❖ Important to understand differences between “layers” and “nodes”

▪ Layer objects: similar to function definitions

• Static computational building blocks (units of computation)

• “model.layers” works as a hashing table for the DAG

▪ Node objects: similar to function invocations

• Instances of layers in DAG

• Created dynamically when a node needs to appear in the DAG

– By calling the __call__ method of the layer (functor layer())

• “model.layers[idx]._inbound_nodes[0]” is the node created first

▪ One-to-one correspondence between layers and nodes in most Keras models

• For the sake of simplicity

II. Model Slicer Mechanism



88

Internal Representation of Keras Model Object (3)

❖ Keras tensors

▪ A built-in tensor object that has information for graph connections 

▪ Attributes: shape, dtype, and name properties

• Hidden property “_keras_history”

– layer: layer whose functor is invoked to generate the tensor(s)

– node_index: index of the functor invocation that generate the tensor(s)

– tensor_index: index of the tensor in the list of the generated tensors(s)

II. Model Slicer Mechanism

conv5_block3_2_conv : Layer name that produced this KerasTensor

BaisAdd : TensorFlow op

0 : First output tensor
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How Model Slicer Works

❖ Key Idea

1. Creates in-memory representation (a.k.a. model object) by loading .h5 file

For each slice, handles layers one by one

2. Accepts input tensors and calls layer() to

• Create a node object

• Make inbound connections

• Execute the layer’s operator

• Create output tensors

• Make outbound connections

3. Process inside-ending skips and outside-ending skips

II. Model Slicer Mechanism
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1. Create Model Object (1)

❖ Load HDF5 file

import tensorflow as tf

from tensorflow.keras.models import load_model

model = load_model(args.model_path, compile=False)

II. Model Slicer Mechanism
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1. Create Model Object (2)

❖ “model.layers” works as a hashing table for the DAG 

of the model object

▪ Correspondence between layers and nodes is represented by

• _inbound_nodes (attribute of layer)

– Each time a layer is connected to a new input, 
a node is added to layer._inbound_nodes

• inbound_layers (attribute of node)

– References to the previous layers connected through the inbound nodes

• _outbound_nodes (attribute of layer)

– Each time the output of a layer is used by another layer,
a node is added to layer._outbound_nodes

• outbound_layer (attribute of node)

– References to the next layers connected through the outbound nodes

II. Model Slicer Mechanism
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2. Call the layer() Functor (1)

❖ Understanding the layer() functor

▪ tensors_from_current_layer = layer(tensors_to_current_layer)

• Input parameter: Keras tensors that are inputs to the layer

• Return value: Keras tensors that are outputs from the layer

▪ The __call__ method of the layer object is invoked

II. Model Slicer Mechanism
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2. Call the layer() Functor (2)

❖ In layer()

1. Reads input tensor’s Keras history to identify its origin layer

2. Creates a new node

• Set Node.outbound_layer = current layer

• Set Node.inbound_layers = origin layers of input tensors

3. Record Node.input_tensors and Node.output_tensors

4. Append the node to

• inbound_nodes list of the current layer

• outbound_nodes list of each input tensor’s origin layer

II. Model Slicer Mechanism
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Inside- vs. Outside-Ending Skip Connections (1)

❖ Inside-ending skip connection of a slice with range of [start, end] is

▪ Among the outbound nodes of newly created input layers,

a node corresponding to a layer with index 𝑗 such that 𝑗 > start and 𝑗 ≤ end

▪ And among the outbound nodes of layer 𝑖 where 𝑖 ∈ start, end ,

a node corresponding to a layer with index 𝑗 such that 𝑗 > 𝑖 + 1 and 𝑗 ≤ end

III. Handling Skip Connections

Inside-Ending Skip Connection

Layer end

Layer 𝑖 Layer 𝑗

Layer start

Layer 𝑖’s
outbound nodes



96

Inside- vs. Outside-Ending Skip Connections (2)

❖ Outside-ending skip connection of a slice with range of [start, end] is

▪ Among the outbound nodes of newly created input layers,

a node corresponding to a layer with index 𝑗 such that 𝑗 > end

▪ And among the outbound nodes of layer 𝑖 where 𝑖 ∈ start, end ,

a node corresponding to a layer with index 𝑗 such that 𝑗 > end

III. Handling Skip Connections

Outside-Ending Skip Connection

Layer 𝑖

Layer endLayer start



97

Constructing Algorithm by Induction

❖ A slice’s output tensors are fed to the next slice as input

1. We correctly hand-craft the input tensors to the first slice

2. We generate a slice in the middle correctly

▪ Its internal structure matches the corresponding part of the model

▪ It produces the correct number and shape of output tensors

3. We repeatedly generate slices from the first to the last

III. Handling Skip Connections
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Cases for Model Slicer

❖ For a given slice, perform

1. Input layer generation

2. Input tensor initialization of start layer

3. Inside-ending skip connection initialization

4. Outside-ending skip connection initialization

5. Per-layer processing

6. Inside-ending skip connection update

7. Outside-ending skip connection update

III. Handling Skip Connections
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1. Input Layer Generation

❖ Create input layers to the slice from the provided input tensors
▪ input_layers = {}     # dictionary {layer name, KerasTensor}

input_layers[name] =

tf.keras.layers.Input(shape=tensor.shape[1:], name=name)

• name: Name of the layer that generated the tensor

• tensor.shape[1:]: Height, width, and channel of tensor as a list

III. Handling Skip Connections
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2. Input Tensor Initialization of Start Layer

❖ Identify the outbound nodes of the input layers 

❖ Among those, select the nodes that target the start layer

❖ Assemble their Keras tensors into the start layer’s input
▪ tensors_to_start_layer = []

▪ tensors_to_start_layer.append(input_layers[name])

III. Handling Skip Connections
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3. Inside-Ending Skip Connection Initialization

❖ Identify the outbound nodes of the input layers 

❖ Among those, select the nodes that target the layers

in the same slice, other than the start layer

❖ Obtain Keras tensors and register them as 

inside-ending skip connections
▪ inside_ending_skips = {}

# dictionary {layer name, KerasTensor}

▪ inside_ending_skips[name] = input_layers[name]

III. Handling Skip Connections
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4. Outside-Ending Skip Connection Initialization

❖ Identify the outbound nodes of the input layers 

❖ Among those, select the nodes that target the layers

outside the current slice

❖ Obtain Keras tensors and register them as 

outside-ending skip connections
▪ outside_ending_skips = {} 

# dictionary {layer name, KerasTensor}

▪ outside_ending_skips[name] = input_layers[name]

III. Handling Skip Connections
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5. Per-Layer Processing

❖ Layer 𝑖 (𝑖 ∈ [start, end])
▪ Call the layer’s functor with

• 𝑖 = start ∶ Tensor(s) initialized in Case 2

• 𝑖 > start ∶ Tensor(s) from layer 𝑖 − 1 and any required inside-ending skip tensors

– Identify required tensors by inspecting the inbound nodes of layer 𝑖 in the model

III. Handling Skip Connections
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6. Inside-Ending Skip Connection Update

❖ After processing layer 𝑖 (𝑖 ∈ start, end ), find its outbound nodes

❖ If an outbound node targets a layer in this slice (target ∈ 𝑖 + 1, end ), 

register the output tensor as an inside-ending skip connection

▪ inside_ending_skips[layer.name] = tensors_from_current_layer

III. Handling Skip Connections
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7. Outside-Ending Skip Connection Update

❖ After processing layer 𝑖 (𝑖 ∈ start, end ), find its outbound nodes

❖ If an outbound node targets a layer outside the current slice 

(target > end), register the output tensor as an outside-ending 

skip connection

▪ outside_ending_skips[layer.name] = tensors_from_current_layer

III. Handling Skip Connections
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Code for Cases 1, 2, 3, and 4

s

III. Handling Skip Connections
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Code for Cases 5, 6, and 7 (1)

s

III. Handling Skip Connections
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Code for Cases 5, 6, and 7 (2)

s

III. Handling Skip Connections
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The Model Slicer

❖ A Python script tool

▪ Developed at RTOSLab. of Seoul National University

❖ Derived from the original implementation of DNNPipe

IV. Step-by-Step Model Slicer Walkthrough

Woobean Seo, Saehwa Kim, and Seongsoo Hong,

https://doi.org/10.1016/j.sysarc.2025.103462.“DNNPipe:

Dynamic Programming−based Optimal DNN

Partitioning for Pipelined Inference on IoT

Networks,” Journal of Systems Architecture, vol.

166, 2025, 103462, ISSN 1383−7621,
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Model Slicer Code Flow

IV. Step-by-Step Model Slicer Walkthrough

Start

2. Load Model

1. Receive 

Arguments
6. Generate

the Slice

End
7. Convert and Save 

the Slice

5. Prepare Inputs 

for the Slice 

4. Create 

Dummy Input

More slices 

to process?

No

Yes

Processing Slices, One at a Time

3. Get Slicing 

Settings from 

User
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1. Receive Arguments

❖ Parse command-line arguments for the model path and output directory

IV. Step-by-Step Model Slicer Walkthrough

1. Receive 

Arguments

Start

2. Load Model
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2. Load Model

❖ Load .h5 model file into memory as Keras model object

▪ Slicing is performed on model object, not on .h5 model file

IV. Step-by-Step Model Slicer Walkthrough

2. Load Model

1. Receive 

Arguments

3. Get Slicing 

Settings from 

User
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3. Get Slicing Settings from User

❖ Get the number of submodels
and the index of the first layer in each submodel

IV. Step-by-Step Model Slicer Walkthrough

4. Create 

Dummy Input

2. Load Model

3. Get Slicing 

Settings from 

User
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4. Create Dummy Input

❖ Create a dummy input tensor that has the same shape 

as the original model’s input tensor

IV. Step-by-Step Model Slicer Walkthrough

4. Create 

Dummy Input

5. Prepare 

Inputs for 

the Slice

3. Get Slicing 

Settings from 

User
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5. Prepare Inputs for the Slice 

❖ Dictionary for inputs to the slice is created

▪ {input layer name: input tensor}

IV. Step-by-Step Model Slicer Walkthrough

5. Prepare 

Inputs for 

the Slice

6. Generate 

the Slice

4. Create 

Dummy Input



117

6. Generate the Slice

❖ For the given model, create a slice, one at a time

▪ According to user-provided slicing settings

IV. Step-by-Step Model Slicer Walkthrough

6. Generate 

the Slice

7. Convert and 

Save the Slice

5. Prepare 

Inputs for 

the Slice
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7. Convert and Save the Slice

❖ Convert and save the slice into a LiteRT model

IV. Step-by-Step Model Slicer Walkthrough

7. Convert and 

Save the Slice

6. Construct 

the Slice

End
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Hands-On: Run Model Slicer

❖ Objective

▪ Run model slicer python script and see the outputs

❖ Do

▪ Slice ResNet50 into two submodels

❖ Verify

▪ Observe submodel structure using Netron

❖ Time

▪ 5 minutes

V. Hands-On: Run Model Slicer
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Slicing ResNet50 (1)

❖ Command to slice the target DNN model (ResNet50) 
▪ $ python model_slicer.py --model-path ./models/resnet50.h5

❖ For lecture 3, slice ResNet50 into two submodels

▪ submodel_0: From layer 1 to layer 22

▪ submodel_1: From layer 23 to layer 176

V. Hands-On: Run Model Slicer
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Slicing ResNet50 (2)

❖ netron ./models/submodel_0.tflite

V. Hands-On: Run Model Slicer

submodel Input Output Saved As

0 input_1 conv2_block2_2_conv, conv2_block1_out submodel_0.tflite

1 conv2_block2_2_conv, conv2_block1_out Predictions (final output) submodel_1.tflite

. . .
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Slicing ResNet50 (3)

❖ netron ./models/submodel_1.tflite

V. Hands-On: Run Model Slicer

. . .

submodel Input Output Saved As

0 input_1 conv2_block2_2_conv, conv2_block1_out submodel_0.tflite

1 conv2_block2_2_conv, conv2_block1_out Predictions (final output) submodel_1.tflite
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Tutorial Outline

Deep Software Stack Optimization for AI-Enabled Embedded Systems

Lecture 1: From Inference Driver to Inference Runtime (50 min)

Lecturer Seongsoo Hong

Topics
Step-by-Step Inference Driver Walkthrough

Internals of LiteRT

Brief Break (10 min)

Lecture 2: Model Slicer (50 min)

Lecturer Seongsoo Hong

Topic Model Slicer: Slicing and Conversion Tool for LiteRT

Brief Break (10 min)

Lecture 3: Throughput Enhancement on Heterogeneous Accelerators (1h 30 min)

Lecturer Namcheol Lee

Topic Implementing a Pipelined Inference Driver for Heterogeneous Processors

Lecture 3: Throughput Enhancement on Heterogeneous Accelerators (1h 30 min)
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Goal

❖ In this lecture, we will

▪ Implement a pipelined inference driver

▪ Measure throughput and compare it with the throughput of the inference driver

I. Overview

? ?
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Materials

❖ Skeleton code
▪ src/pipelined_inference_driver.cpp

❖ Submodels
▪ models/submodel_0.tflite

• Layers from 1 to 22 of models/resnet50.h5

▪ models/submodel_1.tflite

• Layers from 23 to 176 of models/resnet50.h5

I. Overview
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Multithreaded Structure (1)

❖ Pipelined inference driver with two submodels consists of

▪ One main thread

▪ Four worker threads

• One for preprocessing, another for postprocessing

• Two threads for two submodels, one for each

▪ Equivalently, four stages

• A worker thread becomes a stage when it is allocated onto a dedicated accelerator

I. Overview
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Multithreaded Structure (2)

I. Overview

Pipelined Inference Driver

Main
• Receive arguments

• Set up inference runtime

• Create and launch stage threads

Stage 0

• Preprocess input image 

on CPU core 4

Stage 1

• Run inference for

submodel 0 on CPU core 7

Stage 2

• Run inference for 

submodel 1 on GPU

Stage 3

• Postprocess output 

on CPU core 6
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Multithreaded Structure (3): Operational Flow

I. Overview

Pipelined Inference Driver

Main

Stage 0

Stage 1

Stage 2

Stage 3

Input Images

Output Logs

Stage0-to-Stage1 Stage1-to-Stage2 Stage2-to-Stage3

1. Load an image and 

preprocess it

2. Enqueue data of the 

preprocessed image

1. Dequeue a float vector

2. Run inference for 

submodel 0

3. Enqueue data of 

output tensors

1. Dequeue a float vector

2. Run inference for 

submodel 1

3. Enqueue data of 

an output tensor

1. Dequeue a float vector 

and postprocess it

2. Log the results

Float vector for 

a 224 × 224 × 3 tensor

Float vector for two tensors

(56 × 56 × 256 and 56 × 56 × 64)

Float vector for 

a 1 × 1000 tensor
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Data Structure (1)

❖ InterStageQueue

▪ Class implementing a thread-safe queue for 
transferring StageOutput variables between stages

I. Overview
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Data Structure (2)

❖ InterStageQueue (cont’d)

▪ In the pipelined inference driver

• Three instances of InterStageQueue are defined as global variables

I. Overview



133

Queue Item Structure

❖ StageOutput

I. Overview

Tensor 0 Tensor 1 Tensor 2data

tensor_end_offsets[0]

tensor_end_offsets[1]

tensor_end_offsets[2]
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Code Flow

II. Main Thread

Start

2. Load Submodels

1. Receive 

Arguments

3. Build Interpreters

4. Apply Delegates

5. Allocate Tensors

Inference runtime setup Inference execution Output processingInput preparation

End

6. Launch Threads
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1. Receive Arguments (1)

❖ Check the number of arguments

II. Main Thread

1. Receive 

Arguments

Start

2. Load 

Submodels
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1. Receive Arguments (2)

❖ Set variables based on the arguments

II. Main Thread

1. Receive 

Arguments

Start

2. Load 

Submodels
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1. Receive Arguments (3)

❖ Set variables based on the arguments (cont’d)

II. Main Thread

1. Receive 

Arguments

Start

2. Load 

Submodels
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2. Load Submodels

❖ Load submodel 0 and 1

II. Main Thread

2. Load 

Submodels

1. Receive 

Arguments

3. Build 

Interpreters

?
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2. Load Submodels

❖ Load submodel 0 and 1

II. Main Thread

2. Load 

Submodels

1. Receive 

Arguments

3. Build 

Interpreters
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3. Build Interpreters

❖ Build interpreters for submodel 0 and submodel 1

II. Main Thread

3. Build 

Interpreters

4. Apply 

Delegates

2. Load 

Submodels

?
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3. Build Interpreters

❖ Build interpreters for submodel 0 and submodel 1

II. Main Thread

3. Build 

Interpreters

4. Apply 

Delegates

2. Load 

Submodels
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4. Apply Delegates

❖ Create and apply delegates to the interpreters

II. Main Thread

4. Apply 

Delegates

5. Allocate 

Tensors

3. Build

Interpreters

?
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4. Apply Delegates

❖ Create and apply delegates to the interpreters

II. Main Thread

4. Apply 

Delegates

5. Allocate 

Tensors

3. Build

Interpreters
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5. Allocate Tensors

❖ Allocate tensors for both interpreters

II. Main Thread

5. Allocate 

Tensors

6. Launch 

Threads

4. Apply 

Delegates

?
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5. Allocate Tensors

❖ Allocate tensors for both interpreters

II. Main Thread

5. Allocate 

Tensors

6. Launch 

Threads

4. Apply 

Delegates
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6. Launch Threads

❖ Create and launch threads for each stage

II. Main Thread

6. Launch 

Threads

5. Allocate 

Tensors

End
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Stage Workers

❖ Functions executed by stage threads

1. void stage0_worker(…);

2. void stage1_worker(…);

3. void stage2_worker(…);

4. void stage3_worker(…);

III. Stage Threads
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Stage0 Worker (1)

❖ Specification

▪ Input

• images: Vector of image file paths

• input_period_ms: Input period in milliseconds

▪ Return value

• None

▪ Behavior

1. Load and preprocess an image from the image file path vector

2. Convert the preprocessed image into an StageOutput

3. Push the StageOutput into stage0_to_stage1_queue

4. Sleep until the next input period, unless already behind schedule

– If no images remain, signal shutdown and return

III. Stage Threads
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Stage0 Worker (2)

1. Load and preprocess an image from the image file path vector

III. Stage Threads
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Stage0 Worker (3)

2. Convert the preprocessed image into an StageOutput

III. Stage Threads

?
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Stage0 Worker (3)

2. Convert the preprocessed image into an StageOutput

III. Stage Threads
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Stage0 Worker (4)

3. Push the StageOutput into stage0_to_stage1_queue

4. Sleep until the next input period, unless already behind schedule

▪ If no images remain, signal shutdown and return

III. Stage Threads
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Stage1 Worker (1)

❖ Specification

▪ Input

• interpreter: Pointer to an tflite::Interpreter object

▪ Return value

• None

▪ Behavior

1. Pop a StageOutput from stage0_to_stage1_queue

2. Copy its data into the input tensor of the interpreter

3. Run inference using the interpreter

4. Extract data from the interpreter's output tensors and copy into a StageOutput

5. Push the StageOutput into stage1_to_stage2_queue

6. Repeat until stage0_to_stage1_queue signals shutdown and is empty

– Then signal shutdown stage1_to_stage2_queue and return

III. Stage Threads
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Stage1 Worker (2)

1. Pop an StageOutput from stage0_to_stage1_queue

III. Stage Threads
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Stage1 Worker (3)

2. Copy its data into the input tensor of the interpreter

3. Run inference using the interpreter

III. Stage Threads

?

?

?
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Stage1 Worker (3)

2. Copy its data into the input tensor of the interpreter

3. Run inference using the interpreter

III. Stage Threads
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Stage1 Worker (4)

4. Extract data from the interpreter's output tensors 

and copy into a StageOutput

III. Stage Threads

?

?
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Stage1 Worker (4)

4. Extract data from the interpreter's output tensors 

and copy into a StageOutput

III. Stage Threads
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Stage1 Worker (5)

4. Extract data from the interpreter's output tensors 

and copy into a StageOutput (cont’d)

III. Stage Threads
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Stage1 Worker (6)

5. Push the StageOutput into stage1_to_stage2_queue

6. Repeat until stage0_to_stage1_queue

signals shutdown and is empty

▪ Then signal shutdown stage1_to_stage2_queue and return

III. Stage Threads
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Stage2 Worker (1)

❖ Specification

▪ Input

• interpreter: Pointer to an tflite::Interpreter object

▪ Return value

• None

▪ Behavior

1. Pop a StageOutput from stage1_to_stage2_queue

2. Copy its data into the input tensors of the interpreter

3. Run inference using the interpreter

4. Extract data from the interpreter's output tensors and copy into a StageOutput

5. Push the StageOutput into stage2_to_stage3_queue

6. Repeat until stage1_to_stage2_queue signals shutdown and is empty

– Then signal shutdown stage2_to_stage3_queue and return

III. Stage Threads
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Stage2 Worker (2)

1. Pop a StageOutput from stage1_to_stage2_queue

III. Stage Threads
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Stage2 Worker (3)

2. Copy its data into the input tensors of the interpreter

III. Stage Threads

?

?

?
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Stage2 Worker (3)

2. Copy its data into the input tensors of the interpreter

III. Stage Threads
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Stage2 Worker (4)

3. Run inference using the interpreter

III. Stage Threads

?
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4. Extract data from the interpreter's output tensors and copy into a 

StageOutput

Stage2 Worker (5)

III. Stage Threads

?

?



169

4. Extract data from the interpreter's output tensors and copy into a 

StageOutput

Stage2 Worker (5)

III. Stage Threads
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4. Extract data from the interpreter's output tensors and copy into a 

StageOutput (cont’d)

Stage2 Worker (6)

III. Stage Threads
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Stage2 Worker (7)

5. Push the StageOutput into stage2_to_stage3_queue

6. Repeat until stage1_to_stage2_queue 

signals shutdown and is empty

▪ Then signal shutdown stage2_to_stage3_queue and return

III. Stage Threads
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Stage3 Worker (1)

❖ Specification

▪ Input

• class_labels_map: Map of class labels

▪ Return value

• None

▪ Behavior

1. Pop a StageOutput from stage2_to_stage3_queue

2. Postprocess the output tensor data in the StageOutput

3. Repeat until stage2_to_stage3_queue signals shutdown and is empty

III. Stage Threads
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Stage3 Worker (2)

1. Pop an StageOutput from stage2_to_stage3_queue

III. Stage Threads
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Stage3 Worker (3)

2. Postprocess the output tensor data in the StageOutput

3. Repeat until stage2_to_stage3_queue

signals shutdown and is empty

III. Stage Threads
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Hands-On: Build and Run 

the Pipelined Inference Driver

❖ Objective

▪ Build and run the pipelined inference driver and measure throughput

❖ Do

▪ Follow the instructions in the next slide

❖ Verify

▪ Check the terminal output

• You should see the expected outputs on the next slide

❖ Time

▪ 2 minutes

IV. Throughput Comparison
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Run Pipelined Inference Driver

❖ In ~/RTCSA25-Tutorial, run

▪ make pipelined

▪ ./run_pipelined_inference_driver.sh

❖ Expected output

IV. Throughput Comparison
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Inference Driver vs. Pipelined Inference Driver

❖ End-to-End latency

▪ Increased by about 1.83 times

❖ Throughput

▪ Increased by about 5.4%

IV. Throughput Comparison
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Q&A

Deep Software Stack Optimization for AI-Enabled Embedded Systems


