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Manual Hypothesis Testing is labor and time 
intensive
THE HYPOTHESIS SPACE BOTTLENECK

Historically RecSys Applied Scientists have conducted 
research and picked the top k candidate works to 
validate against metrics CTR, NDCG, MRR, etcʼs). 

Recent developments in Agentic Coding did enhance 
the velocity in proving/disproving hypotheses, but the 
space still remains large. 

TRADITIONAL: MANUAL HYPOTHESIS TESTING. INTENTIONAL, BUT SLOW
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How do we bridge the gap between agentic coding 
enabled space and the larger hypotheses space?

Key Observation: Metric remains fixed, utilize rich 
literature!
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Autonomous Recommendation Discovery

Agentic Feedback Loop Modeling Improves Recommendation 
and User Simulation, Shihao Cai et al (SigIR 25)

User Agent simulates a reaction (critique, click, 
or rejection), and the Recommender iteratively 
refines its internal strategy and policy based on 
that mutual feedback before finalizing a result.

AgentRecBench: Benchmarking LLM Agent-based Personalized 
Recommender Systems, Shang et al (NeuRIPS 25)

Introduces a benchmark specifically built 
because traditional RecSys datasets fail to 
capture agent capabilities.

Autonomous agents are already making scientific discoveries. 
Recommender Systems are also driving innovations - both from 
technical sophistications and benchmark test data



Autonomous Recommendation Discovery

RecSys literature has predefined set of metrics

Typical Industrial RecSys focuses on predefined set of 
metrics: 

● NDCG/MRR
● Precision/Recall
● Diversity
● Cold-Start

Typical applied ML/AI scientists focus on optimizing the 
same set of metrics by experimenting both existing and 
novel feature sets and recommender system models. 

Predefined objective function enables dynamically exploring 
hypothesis space.

AUTONOMOUS: CONJECTURING-PROVING LOOP
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Autonomous Information Seeking: A Roadmap for Agentic Recommender Systems, Lin et a
https://www.langchain.com/blog/the-art-of-loop-engineeringl



Traditional RecSys

Researchers finetune & 
experiments with different 
variations of the model



Multi Agentic Orchestrator

Internal Agentic Architecture 
remains static, even though 
parameters may change

Review Agent
Catalog Agent

Novelty Agent
…

Researchers comes up with 
agentic architecture for 
recommendation engine 
ranking & retrieval



Self Improving RecSys

Architecture self-improves over 
time based on feedback loop

The inference engine can be 
static (batched prediction), or 
truly real time & dynamic. 

Researchers preset goals 
and constraints, agents 
figures out the best 
recommendation engine for 
ranking & retrieval



The Harness: State, Tools, and Boundaries

The Harness provides the essential MLOps scaffolding that 
equips a Large Language Model with state, tools, and 
boundaries. It replaces standard context windows with 
dynamic memory and active tools.

01. DYNAMIC MEMORY

Replaces standard context windows, connecting the agent directly 
to User Profiles and Item Vector Databases.

02. ACTIVE TOOLS

Empowers the agent to query external system states, including 
Feature Stores and the Inventory API.

03. HARDCODED GUARDRAILS

Enforces absolute business logic and brand safety (such as 
filtering out-of-stock items) that the model cannot override.

RL ENVIRONMENT ANALOGY

The Harness functions as a reinforcement learning 
environment. It dictates exactly what the recommendation 
agent can observe and interact with, establishing hard 
boundaries for autonomous actions.

FIG 1. SCHEMATIC OF THE MLOPS SCANNED ENVIRONMENT
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Agentic Feedback Loops

[01] THE LOOP DEFINITION

The Loop is the automated control flow governing how an 
agent acts, observes, and iterates before returning a final 
result.

[02] AGENT-CRITIC DYNAMICS

A Recommender Agent drafts a slate, which a Critic Agent 
evaluates against diversity and relevance metrics. This 
cycle acts as policy optimization, forcing the agent to 
evaluate its own recommendations.

[03] TERMINATION LOGIC

Iterative refinement continues until specific termination 
logic is satisfied, such as reaching a specific metric 
threshold or exhausting a compute budget.

RECOMMENDER AGENT

Drafts Top k Items Retrieve + 
Rerank)

CRITIC EVALUATION

"Is this list diverse enough?"
“How is the NDCG/MRR?ˮ
…

DECISION GATE

Termination Logic Met?
Final 
Recommendation

Iteration

HYPOTHESIS AGENT

Incorporate Feedback + What 
worked/did not work

NO

THE HARNESS

State, Tools & 
Guardrails



Agentic Feedback Loops: GEPA

High Level Approach:
● Mutate prompts, workflow and 

orchestration process
● Keep successful candidates
● Merge complementary 

discoveries

Applicable for both multi-agentic 
recommendations & 
self-improvement loops



Shifting the RecSys Paradigm
Autonomous multi-agent loops vs. traditional manual experimentation

Customer intent is hyper-dynamic. Traditional models optimizing for historical averages struggle with sudden trend shifts. In 
contrast, the recommendation hypothesis space contains thousands of potential strategies.

Traditional Model: Manual A/B Testing (Slow) Agentic Paradigm: Hypothesis Exploration

THROUGHPUT & SPEED

Deploys only one new retrieval & ranking strategy per sprint. Manual 
bottleneck limit.

THROUGHPUT & SPEED

Explores numerous distinct retrieval & ranking strategies in parallel 
autonomously Interleaving / Causal Inferencing)

ADAPTATION SCOPE

Struggles with sudden shifts; optimizes heavily for static historical 
averages.

ADAPTATION SCOPE

Navigates thousands of retrieval/ranking pathways dynamically in 
real-time.

CORE PARADIGM

Predictive: Focused strictly on guessing what a user wants beforehand.
CORE PARADIGM

Exploratory: Actively discovers how to best serve users per session.

Continuous 
refinement



Causal Validation of Agentic Systems

Methodology & Obstacles

01 / High Variance Noise

Because agent outputs have high variance, standard A/B tests 
become noisy and unreliable. Traditional statistical metrics fail 
to capture structured reasoning paths.

02 / Surrogate & Uplift Modeling

Practical validation requires treating the agent's logic as a 
causal treatment effect. Uplift modeling isolates whether 
specific reasoning caused the conversion.

03 / Shadow Mode Baselines

Running loops in shadow mode parallel to production models 
allows engineering teams to compare reasoning logs directly 
against actual outcomes to establish a baseline.

Proof: Causal Treatment Effect

Treating the agent's reasoning chain as an active intervention T 
∈ {0,1}, the causal uplift is formulated as:

τ_i = E[ Y_i(1) - Y_i(0) | X_i ]

Visual Schema: Funnel & Uplift Isolation

Control Group
Standard RecSys Base Conversion

Treatment Group
Agentic Loop Base Conversion Uplift

Causal Uplift Isolated



Interleaving Tests: Enabling Rapid Experimentation

https://netflixtechblog.com/interleaving-in-online-experiments-at-netflix-a04ee392ec55



Evaluating Agentic RecSys
The critical shift from static item-ranking outcomes to dynamic, process-level execution traces

Traditional RecSys Metrics Agentic RecSys Metrics

01. CLICK-THROUGH RATE (CTR)

Tracks immediate, binary user interactions. Completely ignores 
the agent's internal reasoning loop, context usage, and 
long-term trajectory viability.

01. TOKEN EFFICIENCY

Measures the exact context window and LLM token cost 
consumed per successful user conversion loop to manage 
processing overhead.

02. DISCOUNTED CUMULATIVE GAIN (NDCG)

Assesses isolated, position-based list ranking quality. Blind to 
multi-step tool invocations, active tool accuracy, or 
conversational pathing.

02. TRAJECTORY SUCCESS RATE

Monitors the percentage of agent actions that navigate to a 
valid, helpful output without encountering fallback errors or 
looping indefinitely.

03. RECALL AT K

Evaluates if relevant items appear within the top K results. 
Misses the user's explicit reasoning alignment and active 
feedback during generation.

03. SEMANTIC ALIGNMENT

Deploys an LLM-as-a-judge framework to systematically 
grade the correctness of the inner reasoning trace against 
real-world user engagement.



The Agentic RecSys Formula

LLM CORE
Foundation model 
acting as the central 
reasoning engine.

THE HARNESS
Provides active state, 
rich data, and safety 
guardrails.

Reinforcement Loop
Drives continuous 
iteration, evaluation, 
and autonomy.

AGENTIC RECOMMENDER SYSTEM
A fundamental paradigm shift: ranking is 
discovered autonomously by agents 
navigating engineered environments.

A Fundamental Paradigm Shift in Personalization: Engineering leaders no longer write static algorithms to rank items; instead, 
they engineer the environments, tools, and incentives that allow autonomous agents to discover the best rankings themselves.



Real world Simulating, Retrieving, and 
Generating Recommendations

Storm: Automated Article 
WritingRecoWorld: Simulated Environment for Agentic 

Recommender Systems

Regulations

Project Scope

Submission 
Intent

Next Best Action 
Checklist

Autonomous Agentic 
Planner Engine

Pretask: Autonomous 
Next-best-action Recommendation

Past projects

Tools used for Agentic Recommendations

Agentic Frameworks

Agent Memory
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Before we go…

Improperly set up Agentic System

Wrong KPI’s, analogous to LoC as metric

Complexity for the 
complexity’s sake 

Run cost/benefit analysis to decide when and when 
not to run agentic system for self-improving systems

Let’s connect!



Ben and Chi will cover the second part of the Tutorial. 

Ben will cover Self improving memory and learned experiences, 
and Chi will cover AgentOS (AG2 & MassGen). 

We will resume at 11:05am.

agenticrecsys.github.io

We will upload all the presentation files

http://agenticrecsys.github.io

