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Why Coding with LLMs Matters

• Large language models are already widely integrated into software development 
workflows, where they assist developers with generating code, debugging 
programs, and navigating large repositories.

• Despite these capabilities, current models still struggle with tasks that require 
deeper reasoning about how programs execute and how changes to code affect 
outputs.

• This paper explores whether teaching models about program execution 
dynamics can improve their ability to reason about code.



Growth of LLM Coding Systems

• Coding models have rapidly evolved from simple autocomplete systems to 
complex agents capable of editing repositories.

• Systems like Copilot-style assistants can generate entire code blocks and 
suggest fixes for bugs.

• Despite these advances, models frequently produce code that fails tests or does 
not run correctly.



Persistent Problems in Code LLMs

• Benchmarks consistently reveal that language models struggle with tasks that 
require deeper reasoning about program behavior.

• Models often generate code that appears correct syntactically but produces 
incorrect outputs during execution.

• This suggests that models lack a strong understanding of the semantics of 
programs.



Root Cause of the Problem

● Most language models treat code the same way they treat natural language, 
which means they learn by predicting the next token in a sequence.

● This training objective allows models to learn syntax patterns and common 
coding structures, but it does not explicitly teach them how programs behave 
during execution.

● As a result, models may produce code that looks correct but fails when it is 
compiled, tested, or executed.



How Human Programmers Think

• Human programmers reason about code by thinking about how each line 
changes the state of the program and how different parts of the system interact.

• Developers often simulate program execution mentally or use debugging tools to 
understand how variables and program states evolve.

• The authors argue that language models should learn similar reasoning abilities 
about execution rather than relying only on textual patterns.



Key Insight of the Paper

• The authors argue that effective code generation requires models to learn how 
programs interact with computational environments.

• To achieve this, models must learn both the syntax of code and the dynamics 
of program execution.

• This motivates the concept of a code world model.



What Is a Code World Model?

• A world model is a system that learns how actions affect the state of an 
environment.

• In robotics, world models simulate how physical actions affect the physical world.

• In this paper, the environment is a program execution environment, and the 
actions are lines of code.



Overview of the Proposed Model

• The paper introduces CWM, a 32-billion-parameter language model designed 
specifically for reasoning about code execution.

• The model is trained using datasets that explicitly capture program execution and 
software engineering workflows.

• The goal is to enable the model to simulate and reason about code behavior.



High-Level Contributions

• Introduces a new training paradigm that incorporates program execution traces 
into language model training.

• Builds large datasets of execution trajectories and agent interactions with 
software repositories.

• Demonstrates that this training approach improves performance on coding and 
reasoning benchmarks.



Training Pipeline Overview

• The training process for CWM consists of three main stages: general pretraining, 
code world modeling mid-training, and post-training with supervised fine-tuning 
and reinforcement learning.

• General pretraining exposes the model to large amounts of text and code data.

• Mid-training introduces execution traces and agent interaction data that teach the 
model how programs behave in computational environments.





General Pretraining

The model is initially pretrained on approximately 8 trillion tokens from a mixture 
of text and code sources.

• Around 30% of the training data consists of programming-related content.

• This stage provides the model with general programming knowledge and 
language understanding.



Why Mid-Training Is Needed

• Standard pretraining does not teach models how programs behave when 
executed.

• To address this gap, the authors introduce a mid-training stage focused on code 
world modeling datasets.

• This stage is designed to teach the model the relationship between code actions 
and program states.



CWM Mid-Training

• During mid-training, the model is trained on about 5 trillion tokens of 
specialized datasets.

• These datasets emphasize program execution, debugging workflows, and 
software engineering tasks.



Post-Training

• After mid-training, the model undergoes supervised fine-tuning and 
reinforcement learning to improve reasoning and problem-solving abilities.

• These stages help the model learn to solve complex programming tasks and 
interact with tools in coding environments.

• Reinforcement learning further encourages the model to develop multi-step 
reasoning strategies.



Model Architecture

• CWM is a dense decoder-only transformer model with approximately 32 billion 
parameters.

• The architecture includes grouped-query attention and sliding window attention 
mechanisms to efficiently handle long contexts.

• The model supports context windows of up to 131,000 tokens, allowing it to 
reason over large codebases.



Long Context Attention Design

• The model alternates between layers that use local attention and layers that use 
global attention.

• Local attention focuses on nearby tokens, which improves computational 
efficiency when processing long inputs.

• Global attention layers allow the model to reason across large sections of code 
or repository context.



Execution Trace Training

• A central idea in the paper is to train the model using execution traces that 
capture how programs run step by step.

• Each trace records the state of program variables before and after executing 
individual lines of code.

• These traces provide a structured representation of program behavior that the 
model can learn from.



Python Execution Traces

• The authors generate execution traces by running Python programs and 
recording interpreter states during execution.

• Each trace forms a sequence of observation-action pairs describing how code 
modifies program state.

• The dataset contains more than 120 million traced Python functions, providing 
large-scale training data for execution reasoning. 







Sources of Execution Data

• Execution traces are collected from several sources, including standalone 
Python functions and competitive programming solutions.

• The authors also run unit tests on real software repositories to capture realistic 
program behavior.

• These diverse sources help the model learn execution patterns across different 
types of coding tasks.



Agent Interaction Data

• In addition to execution traces, the authors collect interaction data using a 
system called ForagerAgent.

• This agent interacts with software repositories by editing files, running shell 
commands, and navigating codebases.

• These trajectories simulate realistic debugging and development workflows.



How the Agent Works



Type of Agent Tasks



Reinforcement Learning Stage



Reinforcement Learning Algorithm



Evaluation Benchmarks

These tasks test the model’s ability to solve a real programming problems and 
complex reasoning challenges.



Benchmark Results



Ablation Evidence for the World-Model Claim



Example of Agentic Coding



What CWM Truly Contribute

My framing:
● Not Just Another SOTA Model An 

open-weights research vehicle for the 
community.

● Shifting the Paradigm From modeling 
static syntax to simulating 
computational dynamics.

● The Ultimate Value Enables rigorous, 
mechanistic studies on 
environment-aware AI.



The “World Model” Illusion?


