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Project Vision
Create a system where AI can:

● Play board games at human-competitive level
● Explain it’s strategic reasoning in natural language
● Provide real-time coaching and feedback for human players
● Make reinforcement learning interpretable and informative in the context of 

board games



Last Semester
● Implemented Othello with 

real-time LLM analysis 
using local llama3

● Color-coded move 
heatmap based on 
positional and capture 
heuristics

● Undo feature with 
re-analysis so players 
could learn from mistakes

● Built with Pygame and 
raw prompt engineering



GameSage
● Increased to 4 games: Chess, 

Checkers, Go, and Sudoku
● Replaced raw prompting with 

a DSPy structured pipeline
● Added multi-backend LLM 

support: Ollama, OpenAI, 
Anthropic, and Gemini



DSPy Pipeline
● GameSageAdvisor uses 

ChainOfThought on a 
structured MoveAdvisor 
signature

● Explicit typed output fields 
prevent hallucinated 
terminology

● GameSageCoach combines 
PositionEvaluator and 
MoveExplainer

● Illegal-move retry loop with up 
to 3 attempts before falling 
back to a random legal move



Architecture
● game engine always validates 

moves before LLM reads board 
state

● Research logger automatically 
records every session to SQLite

● Tracks board states, LLM 
reasoning, and whether players 
followed AI advice



Four Game Modes
● Play: Human vs AI — LLM 

plays one side and explains 
each move

● Coach: Human plays both 
sides; AI comments after every 
move

● Analyze: Paste any board state 
for full position analysis

● Puzzle: Step-by-step AI 
guidance for Chess and 
Sudoku



Design Norms
● Transparency
● Trust



Related Work
● Ehsan, U. et al. Rationalization: A Neural 

Machine Translation Approach to 
Generating Natural Language 
Explanations. AAAI/ACM Conference on 
AI, Ethics, and Society, 2018.

● Translates state-action pairs from a 
game-playing agent into human-like 
natural language rationales

● Human evaluators rated generated 
rationales as more satisfying than 
alternative explanation methods



GameSage - Applying the Same Principle
● LLM receives only serialized board state and move — internal engine weights 

never exposed
● MoveAdvisor takes observable state inputs, produces typed rationale outputs



Future Work
Splendor

Goal: reach 15 points by purchasing 
cards

● Players take turns collecting gems 
and use them to purchase cards 
worth certain number of points

● Cards provide permanent increase in 
player’s purchasing power

● Bonus points given for collecting 
card combinations



Future Work
● Expand beyond rectangular/square boards 

to games with irregular geometry
● Serializing non-grid boards into text without 

losing geometric relationships is an 
unsolved representation problem

● Less community data means fewer puzzles, 
fewer annotated games, and smaller 
training sets for DSPy optimization



Conclusion
● Explanations turn gameplay 

into a learning experience and 
make strategies clear and 
interpretable

● AI can support human 
improvement and insight

● Bridges the gap between 
expert play and beginner 
learning

● Applies across multiple board 
games and settings


