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LLMs Are Powerful, But...

« Large language models (LLMs) are increasingly used in
supporting various software engineering activities

= LLM-based —_— Subsequent
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LLMs Are Powerful, But...

« Large language models (LLMs) are increasingly used in
supporting various software engineering activities

« LLMs are powerful, but they still have clear limitations

Miss task context Ignore the metamode/

Handling complexity Fail to capture dependency

Following best practices Violate patterns/constraints
I )

In MDE tasks...



Example: Scene Graph QA

3o

Scene graph

How many metal objects would there be if you
didn't include spheres?

Input question

Observation: LLM handles different types of questions

with different accuracy
zi

How to model this information in the LLM task execution?




LLM Execution Workflow

Various customized workflows have been proposed to break down complex
execution and capture human best practices

<:|<

Chains Trees Simple Graphs

/\ Steps restricted to nodes
/\ No explicit guard conditions

/\ Limited tool compatibility (e.g., reachability
checks)

/\ Tightly coupled to program logic



MDE to the Rescue

/\ Steps restricted to nodes €3 More expressive models
/\ No explicit guard conditions $3 Explicit configurations
/\ Limited tool compatibility €3 Rich tool supports
/\ Tightly coupled to program logic €3 Strong modularity

In the MDE context...

\ 4

() State machine-based
workflow (Sherpa)




Sherpa Architecture

SHERPA




Example: Scene Graph QA

Scene graph

How many metal objects would there be if you
didn't include spheres?

Input question

answer existence question [type==existence]

answer count question Objec.:t
[type==count] Extraction

- )
Question

Question classify Classification
Received

Lentry/classinyuestiorJ

entry/extractObjects
exit/countObjects  /

answer query question [type==query]



Sherpa Architecture
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User triggers an event and
provide context



Example: Scene Graph QA

Scene graph

D>
Execution trajectory
How many metal objects would there be if you
- didn't include spheres?
User triggers the
initial transition Input question

Question

\
\
\
\
\
\
\
v .
Question Eassily Classification
Received

Lentry/classinyuestiorJ

answer existence question [type==existence]

answer count q uestio:( Object

\

[type==count] Extraction

entry/extractObjects
exit/countObjects  /

answer query question [type==query]
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Sherpa Architecture
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SHERPA

State machine:
calls actions (in both
states and transitions)
reports action results
record the transition
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Example: Scene Graph QA

>
Execution trajectory

Continuing transition
(no decision-making)

Question
Received

Scene graph

How many metal objects would there be if you
didn't include spheres?

Input question

answer existence question [type==existence]

answer count q uestio:( Object

: )
Question

Classification [type==count] Extraction

Lentry/classinyuestiorJ

entry/extractObjects
exit/countObjects  /

answer query question [type==query]
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Example: Scene Graph QA

Scene graph

>
Execution trajectory
How many metal objects would there be if you
didn't include spheres?
Branching :
Input question
B ~
- ~
~
~
~
~
~
-~ ~
. answer existence question [type==existence]
~
~
~
- )
Questio

answer count question Objec.:t
[type==count] Extraction

- n.
Question classify Classification™
Received

Lentry/classinyuestiorJ

entry/extractObjects
exit/countObjects  /

answer query question [type==query]
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Sherpa Architecture

Q
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user

task context

SHERPA
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LLM-based policy selects
the next event based on
the current state
and the belief
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Transition Selection Prompt

You are a helpful assistant helping the user to answer a question..
Task description

Previous transitions..

Previous actions.. _ _
Execution history

Select the best next action in the following JSON format..

Output instruction
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Example: Scene Graph QA

Scene graph

D>
Execution trajectory
How many metal objects would there be if you
Classi fy as didn't include spheres?
counting question Input question

~ ~ -
S~ o answer existence question [type==existence]
~ ~ -
- ~ - Object |
- Question answerteunt question Jec N
Question RESsTy Classification [type::cou?ft]\ Extraction finish
Received L trv/classifyQuesti ) entry/extractObjects
Sniryrclasstyueston exit/countObjects  /

answer query question [type==query]
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Sherpa Architecture
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Example: Scene Graph QA

Scene graph

>
Execution trajectory

How many metal objects would there be if you
didn't include spheres?

Input question Terminate

\

Question

Question classify Classification
Received

Lentry/classinyuestiorJ

answer count question Objec.:t
[type==count] Extraction

entry/extractObjects
exit/countObjects  /

answer query question [type==query]

18



Evaluation setup

Tasks
» Code generation

« (Class name generation
« Scene-based QA

LLMs
« GPT-40 / GPT-40 mini

« Qwen 7B/72B
« Qwen coder, Llama3.1 70b

Metrics
Pass@1

F1 score

Accuracy

Compared approaches
Directly using prompting

Existing approaches

Manual creation
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() Performance of state machines generally outperforms LLM-only approaches
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Code Generation
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of state machines gengrally outperforms Lld¥1-only approaches
T

The effect is more profound on smaller LLMs

o
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.| Optimizing state machines for efficiency reduces the number of LLM calls
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Thank you

o\ Code Generation
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