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Abstract 

This project addresses Track 2: Intelligent Router Systems by 
introducing a lightweight prototype that routes user queries to 
specialized LLM reasoning modes—Zero-Shot, Few-Shot, CoT, PAL, 
and ReAct—based on simple, interpretable features. Instead of using a 
fixed reasoning style, the system dynamically selects the best strategy 
per query, improving modularity, transparency, and efficiency. 

The approach is framed as a reinforcement learning task, with a PPO 
agent trained on a proof-of-concept dataset of 39 examples. The 
router achieved 23.08% accuracy, exceeding the random baseline of 
20%. All routing choices and agents’ reasoning processes are fully 
traceable, enabling fine-grained debugging and interpretation of 
decision flows. 

By leveraging the CrewAI framework and custom templates, the 
system generalizes LLM routing as a special case of agent 
orchestration. This work offers a reproducible and extensible 
foundation for building interpretable, multi-agent systems aligned with 
the Expert Orchestration vision. 

 

 

 

 

 

 

1 



 

1.​ Introduction 

1.1 Research Question & Motivation 

Can we train an intelligent router that selects the most appropriate reasoning strategy 
(e.g., Zero-Shot, Chain-of-Thought, PAL, ReAct) for each incoming user query? Rather 
than relying on a one-size-fits-all monolithic language model, we hypothesize that 
routing queries to specialized prompting strategies or reasoning agents can yield better 
interpretability, cost-efficiency, and potentially improved performance. This supports the 
Expert Orchestration Architecture vision by exposing how different cognitive pathways 
contribute to final outputs. 

1.2 Challenge Track Focus 

This project addresses Track 2: Intelligent Router Systems. I propose a router that 
learns to map queries to optimal prompting styles via reinforcement learning, with 
interpretability at its core. 

1.3 Contribution to Expert Orchestration 

Monolithic AI models often hide their internal reasoning. Our routing prototype makes 
the decision-making process transparent by mapping queries to interpretable reasoning 
strategies. We expose both the heuristics (feature-based) and the learned routing policy 
(via PPO) to allow inspection, debugging, and validation. This enhances safety (by 
separating reasoning styles), enables specialization (e.g., PAL for code), and 
democratizes the ecosystem by modularizing LLM behavior. 

 

2.​ Methods 

2.1 Technical Approach 

We began by designing a synthetic dataset of 30+ queries, each tagged with a 
ground-truth answer, a set of plausible solving modes (e.g., CoT, Few-Shot), and a "best" 
mode. Features were extracted from each query (e.g., length, math presence, use of 
keywords like 'how', 'def'). These were normalized and used as input to a reinforcement 
learning environment. 

We implemented a Gym-compatible environment where each episode consists of the 
router selecting a reasoning mode. Reward = 1 if it matches the correct mode; 
otherwise 0. We trained a PPO agent using stable-baselines3. This was 
implemented in Python with gymnasium, scikit-learn, and pandas. 

 

2.2  Routing/Judge Architecture 

Routing decisions are made from a feature vector derived from the user query. The router 
(PPO policy) maps these vectors to one of 5 modes. Interpretability is ensured through: 
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●​ Human-readable features (length, keyword presence) 
●​ Reward signal tied to correctness 
●​ Logging of mode decisions per query 

 

2.3 Code & Reproducibility 

We used the crewAI framework to align our system with industry standards for 
collaborative AI agents. Any LLM routing logic can be generalized using crewAI agents 
through its customizable templates and structured systems. This framework is widely 
adopted in the industry and offers built-in support for agent modularity and 
composability, helping ensure production-grade, advanced agent design.  

Github: 
https://github.com/casualcomputer/llm_google_colab/blob/main/llm_tracing.ipynb 

Due to time constraints, performance has only been tested on a modest synthetic dataset. 
Larger-scale testing on more evaluation data would be an important next step. 

 

3.​ Results 

Our reinforcement learning-based router achieved 23.08% accuracy on a synthetic dataset 
of 39 examples, compared to 20% from random selection among 5 modes. While modest, 
this performance demonstrates that even with simple, human-readable features, the 
system begins to learn meaningful patterns: 

●​ Code-based queries tend to route to PAL 
●​ Math and logic go to CoT 
●​ Factual or news-like queries activate ReAct 
●​ Direct Q&A leans on Zero-Shot or Few-Shot 

These early patterns show that reasoning strategies are distinguishable, and routing can be 
both interpretable and efficient. 

Interpretability Insights: 

The router’s decisions are driven by transparent features (query length, presence of 
numbers, keywords like "how" or "def"). This simplicity makes it easy to audit and debug 
how routing is performed, essential for safe, modular systems.Additionally, all agents’ 
thinking process is fully stored and traceable in my code implementation.  

Mechanistic Analysis: 

We modeled routing as a reinforcement learning task using PPO, where the environment 
rewards correct mode selection. Despite using only 5 basic thinking modes in the demo, 
the agent began learning a usable routing policy, illustrating the promise of cheap 
orchestration mechanisms. 
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Real-World Considerations: 

With powerful models like Gemini, GPT-4o, or Claude, many tasks can be handled 
zero-shot. However, cost, transparency, and customization are critical in real-world 
settings. To benchmark routing effectiveness, we propose: 

●​ Testing routing performance using open-source or local models where routing 
truly impacts output quality 

●​ Comparing system-wide performance with vs. without routing 
●​ Tracking response quality, latency, and resource usage under different routing 

policies 
●​ Training the agent systems to much more complex problems in a variety of fields 

using more diverse datasets 

Visualizations (future): 

We provide full code and tracing tools for evaluating mode decisions per query, and in 
future versions, plan to include: 

●​ Routing heatmaps 
●​ Reward convergence plots 
●​ Agent trace visualizations per query 

3.1 Routing Decision Analysis 

The router converged on interpretable mappings: 

●​ Code-heavy queries → PAL 
●​ Fact-based → Zero-Shot 
●​ Logic or math → CoT 
●​ Temporal or news-based → ReAct 

Failures occurred mainly when queries had overlapping signals (e.g., short factual queries 
that could also trigger CoT). 

3.2 Expert Orchestration Impact 

Our router shows that even a lightweight agent can mimic expert-like orchestration. It 
serves as a blueprint for more complex judge/router frameworks. 

4. Discussion 

The router clearly distinguishes query types using simple features via reinforcement 
learning. This supports the idea that much of the orchestration can be learned cheaply and 
interpreted easily. It shows promise for scaling up via hierarchical or nested routing. 
Additionally, the codes track the full tracing of agents' problem-solving processes, 
allowing for more rigorous debugging and explainability. 

4.1 Interpretation of Results 

Analyze your findings in the context of: 
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●​ Current challenges in AI routing and model selection 
●​ The broader Expert Orchestration Architecture goals 
●​ Implications for AI safety and alignment 

4.2 Limitations & Future Work 

●​ The current system, which uses artificially generated labels, needs to be refined 
using real world data. Its features are manually engineered, which might not 
capture the full contextual meaning. 

●​ Looking ahead, we can enhance feature creation. Instead of only using features 
based on keyword counts, we could develop feature vectors that combine both 
these manually designed features and features representing semantic information. 
To support a much larger number of categories (hundreds), we'll need more 
advanced representations, such as embeddings. 

●​ Furthermore, it's crucial to train and evaluate the routing system's performance 
using substantially larger datasets in the future. 

Future work: incorporate token-level feedback, real user queries, multi-agent routing, 
incorporate training and testing on much larger datasets for various domains. 

4.3 Safety Considerations 

Safety is enhanced by: 

●​ Mode specialization: code runs only in PAL 
●​ Debuggability: each decision can be explained by features; full tracing of the 

thinking process is fully logged and can be used to enhance the accuracy and 
reliability of the system.  

Risks include overfitting to training features or adversarial queries. 

5. Conclusion 
We demonstrate a working prototype of a query router trained with reinforcement 
learning to pick among 5 reasoning strategies. Our system improves transparency, 
modularity, and performance—hallmarks of the Expert Orchestration vision. It’s 
small, reproducible, and interpretable. The design naturally supports multiple 
agents, generalized LLM routing logic, full mode-specific traceability, and 
modularity for production deployment. 
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Appendix 

Features used: 

●​ Query length 
●​ Math presence 
●​ Code keyword ("def") 
●​ Interrogatives ("who", "what") 
●​ "How" or "Why" 

Mode Labels: 

●​ zero_shot 
●​ few_shot 
●​ cot 
●​ pal 
●​ React 
●​ … 
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