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‭Otterflow: Technical Overview‬
‭The AI-Powered Model Selection & Query Routing System‬

‭1. Introduction‬
‭Otterflow is an intelligent system designed to optimize the use of large language models‬
‭(LLMs) by dynamically routing queries based on user-defined constraints such as cost,‬
‭latency, and accuracy. It leverages reinforcement learning (RL) and intelligent caching to‬
‭reduce redundant calls and ensure efficient resource utilization.‬

‭2. The Problem: Inefficiencies in LLM Selection‬
‭Organizations face several challenges when deploying LLMs:‬

‭●‬ ‭High Costs:‬‭Running every query through the most powerful‬‭LLM leads to‬
‭unnecessary expenses.‬

‭●‬ ‭Variable Latency:‬‭Some models respond quickly but‬‭may compromise accuracy.‬
‭●‬ ‭Accuracy vs. Speed Tradeoff:‬‭Manual selection across‬‭models creates‬

‭inefficiencies.‬
‭●‬ ‭Redundant Calls:‬‭Repeated or rephrased queries trigger‬‭duplicate model‬

‭invocations.‬

‭3. The Otterflow Solution‬
‭Otterflow addresses these challenges through a multi-layered approach:‬

‭A. Input Filtering and Candidate Ranking‬

‭●‬ ‭User Input:‬‭Queries are submitted along with a JSON‬‭payload specifying constraints‬
‭(e.g., cost_max, perf_min, lat_max) and priorities (cost, accuracy, latency).‬



‭●‬ ‭Filtering:‬‭Models that do not meet the constraints are eliminated.‬
‭●‬ ‭Normalization & Scoring:‬

‭○‬ ‭Cost, Performance, and Latency‬‭are normalized.‬
‭○‬ ‭A composite score is computed using weights (α, β, γ) to rank the remaining‬

‭candidates.‬

‭Example Calculation:‬
‭For two candidate models, MathPro and LiteMath, normalization yields a composite score of‬
‭1.0 for MathPro (best) and 0 for LiteMath.‬

‭B. Reinforcement Learning-Based (Contextual Bandit) Selection‬

‭●‬ ‭Epsilon-Greedy Strategy:‬
‭○‬ ‭With probability ε, a candidate is chosen at random (exploration).‬
‭○‬ ‭With probability 1‑ε, the candidate with the highest average reward‬

‭(exploitation) is selected.‬
‭●‬ ‭Feedback Loop:‬

‭○‬ ‭Implicit feedback (e.g., re-queries, manual overrides) is used to update‬
‭rewards.‬

‭○‬ ‭Standard error of reward estimates determines when the RL system is‬
‭“confident” to override the fallback ranking.‬

‭C. Intelligent Caching & Memory‬

‭●‬ ‭Caching Mechanism:‬
‭○‬ ‭Stores previous query–response pairs to avoid redundant LLM calls.‬
‭○‬ ‭Uses both per-user and shared caching strategies.‬

‭●‬ ‭Query Categorization:‬
‭○‬ ‭Queries are automatically categorized (e.g., using TF‑IDF or zero-shot‬

‭classification).‬
‭○‬ ‭Similar queries (even if rephrased) are matched using boosted similarity‬

‭scores.‬
‭●‬ ‭Workflow:‬

‭○‬ ‭On receiving a query, the system first checks a local cache.‬
‭○‬ ‭If no valid cache is found, it searches the Mem0AI memory store for‬

‭near-duplicates.‬
‭○‬ ‭If a match is found, the cached answer is returned; otherwise, the system‬

‭builds context and invokes the LLM.‬
‭●‬ ‭Token Management:‬

‭○‬ ‭Incorporates token estimation and context truncation to stay within LLM limits.‬

‭D. Domain-Specific Model Routing‬

‭●‬ ‭Automatic Domain Detection:‬
‭○‬ ‭Detects the domain (e.g., coding, math, legal) of a query and routes it to the‬

‭best-suited LLM.‬



‭4. Enterprise-Grade Features‬
‭The enterprise version of Otterflow includes additional capabilities to meet large-scale and‬
‭complex deployment needs:‬

‭●‬ ‭Flexible Deployment:‬
‭○‬ ‭Deploy on-premises, on major cloud platforms (AWS, Google Cloud, Azure),‬

‭or via a hybrid setup.‬
‭○‬ ‭End-to-end encryption ensures robust data security.‬

‭●‬ ‭Advanced Admin Portal:‬
‭○‬ ‭Powerful tools for user management and dynamic access control.‬
‭○‬ ‭Ability to cluster users into dynamic groups (e.g., by roles or departments)‬

‭and set usage quotas at various levels.‬
‭○‬ ‭Real-time monitoring and alerting for usage patterns.‬

‭●‬ ‭Custom Rules & KPIs:‬
‭○‬ ‭Tailor model routing and reinforcement learning algorithms to specific‬

‭business needs.‬
‭○‬ ‭Define organization-specific KPIs for performance and automate model‬

‭optimization accordingly.‬
‭●‬ ‭State-of-the-Art Caching:‬

‭○‬ ‭Features per-user and shared caching, domain-based caching, and partial‬
‭cache retrieval to optimize performance.‬

‭●‬ ‭Custom Metrics Logging:‬
‭○‬ ‭Define custom metrics for tracking and optimization with real-time dashboards‬

‭and exportable reports.‬
‭○‬ ‭Seamless integration with popular data visualization tools.‬

‭●‬ ‭AI App & Workflow Integration:‬
‭○‬ ‭Easily integrate Otterflow into existing AI infrastructures using RESTful APIs,‬

‭webhooks, and SDK support.‬
‭○‬ ‭Design custom workflows for complex AI pipelines.‬

‭5. Detailed Component Explanation‬

‭A. LLM Model Selection Algorithm‬

‭1.‬ ‭Input Filtering & Ranking:‬
‭○‬ ‭User Inputs:‬‭Query text + preferences JSON payload.‬
‭○‬ ‭Filtering:‬‭Eliminate models that exceed cost_max,‬‭fall below perf_min, or‬

‭have latency above lat_max.‬
‭○‬ ‭Normalization:‬‭Compute normalized scores for cost,‬‭performance, and‬

‭latency.‬
‭■‬ ‭Example Formula:‬

‭■‬ ‭cost_score = 1 − (model cost normalized)‬
‭■‬ ‭Composite final score = α×cost_score + β×perf_score +‬

‭γ×lat_score‬



‭2.‬ ‭Reinforcement Learning Component:‬
‭○‬ ‭Epsilon-Greedy Selection:‬‭Balances exploration and‬‭exploitation.‬
‭○‬ ‭Reward Updates:‬‭Feedback from re-queries or overrides‬‭updates the reward‬

‭estimates.‬
‭○‬ ‭Confidence Threshold:‬‭When the standard error falls‬‭below a set threshold,‬

‭the RL system reliably guides selection.‬

‭B. Intelligent Memory Caching & Categorization‬

‭1.‬ ‭Caching Workflow:‬
‭○‬ ‭Cache Check:‬‭Verify if a recent answer exists in the‬‭local in-memory cache‬

‭(with TTL).‬
‭○‬ ‭Memory Search:‬‭Query Mem0AI for near-duplicate queries;‬‭if found, reuse‬

‭the stored answer.‬
‭○‬ ‭Context Building:‬‭If no match, retrieve semantically‬‭related past queries,‬

‭boost by category, and truncate context to fit token limits.‬
‭○‬ ‭LLM Invocation:‬‭Compose the prompt with the new query‬‭and the retrieved‬

‭context.‬
‭○‬ ‭Cache Update:‬‭Store the new Q&A pair for future use.‬

‭2.‬ ‭Mitigation Strategies:‬
‭○‬ ‭Low Similarity Scores:‬‭Employ query expansion (placeholder)‬‭and semantic‬

‭boosting.‬
‭○‬ ‭Context Overload:‬‭Use token estimation and truncation.‬
‭○‬ ‭Stale Data:‬‭Rely on TTL-based caching and a force refresh option when‬

‭necessary.‬

‭6. Future Enhancements for Caching Robustness‬
‭To further improve our caching mechanism, we are exploring:‬

‭●‬ ‭Balancing Length Differences:‬
‭○‬ ‭Weighting the query text more heavily than the answer text when computing‬

‭similarity.‬
‭○‬ ‭Storing the query and answer as separate components for a more balanced‬

‭similarity evaluation.‬
‭●‬ ‭Tracking Repeated Queries:‬

‭○‬ ‭Binding the query with the answer to enhance traceability, ensuring the cache‬
‭effectively identifies and reuses answers for repeated queries.‬



‭7. Summary & Conclusion‬
‭Otterflow transforms the way enterprises leverage LLMs by:‬

‭●‬ ‭Automatically selecting the best model based on cost, performance, and latency.‬
‭●‬ ‭Continuously improving selection accuracy using a contextual bandit (RL) approach.‬
‭●‬ ‭Reducing redundant calls through intelligent caching and query categorization.‬
‭●‬ ‭Offering robust enterprise-grade features for secure, scalable, and customizable‬

‭deployments.‬

‭Our system not only reduces operational expenses but also enhances performance and‬
‭response times. We invite you to explore how Otterflow can be integrated into your AI‬
‭workflows and transform your enterprise operations.‬

‭For further information or a detailed technical discussion, please contact our team at‬
‭[ceo@otterflow.in].‬


