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Motivation & Challenge

N\

Conversational shopping assistants (CSAs) transform e-commerce into collaborative, dialogue-
driven experiences. This trend is reflected in emerging systems such as Amazon's Rufus and
Google Shopping's Al mode. Two underexplored challenges emerge:

1. How to evaluate multi-turn, multi-agent interactions where quality is trajectory-dependent

2. How to optimize tightly coupled multi-agent systems where local improvements don't
ensure global gains

Grocery shopping amplifies these: requests are underspecified (“my usuals”), preference-
sensitive (dietary, brand), and constrained (budget, inventory). Traditional retrieval and ranking
metrics are insufficient, as quality must be assessed across multi-turn interaction trajectories.
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MAGIC: Multi-Agent Architecture

MAGIC (Multi-Agent Grocery Intelligent Concierge), a modular multi-agent architecture:
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[ ingredients for chicken ravioli

| can help you create a shopping list for
chicken ravioli ingredients, how many people
are you planning to serve?
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Q create_shopping_list: {"recipe": "chicken ravioli", "serving": 2}
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retrieve_preference: {"user_id": "12345"}
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& The user has strong affinity towards organic }

products. They have bought fresh poultry from
Shopping list created for chicken ravioli ingredients. Quantities are
@ based on 2 servings.
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( retrieve_preference ) ( add to cart )

I need to find ingredients to make a standard
chicken ravioli dish at home (fresh pasta ravioli
with chicken filling and a simple sauce).

search_catalog: {"queries": ["boneless chicken
breast", "ricotta cheese", ...1}

accordingly.
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e Orchestrator decomposes user intent and coordinates sub-agents
e Sub-agents interface with programmatic APls and fine-tuned ML models
e Tighter coupling creates delayed and cascading failures across turns

Brand A a lot. | will rerank the items
Would you like to add these to your cart?

Sub-agent GEPA Optimization
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The Orchestrator provides each node with bounded, structured context, reducing multi-turn opti-
mization to a single-turn problem. For each sub-agent a € {1,..., N}, we extract invocation-
level examples D, and evaluate against a micro-rubric r;:

p, = arg max R pped-on [ra(x, Pa)]

Pa

GEPA Pareto Frontier Evolution
(* = Test Set Scores: Gray=Baseline, Green=Improved, Red=Regressed)
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GEPA searches over prompt variants per node, selecting candidates that maximize the micro-
rubric on a held-out split. All sub-agents improved except preference-search (overfit during Pareto
selection).

Limitation: Cannot address coordination failures, e.g., Orchestrator withholding context
or sub-agents flooding the shared context window.

. J

Evaluation Rubric \

Structured rubric across four orthogonal domains:

Weight Key Dimensions

Shopping Execution 50% Store fit, cart completeness, quantities, no extras

Personalization 20%  Store selection, dietary prefs, brands, context
Conversation Quality 10% Clarification, info integrity, flow, tone

Safety & Compliance 20% Food safety, content moderation, policy

Each criterion is a binary (Pass/Fail) check. Critical criteria cause the entire trace to fail.

Shopping Execution (50 pts)

Dimension
Store Type Fit

Cart Completeness All items present, edits reflected

Aligns with task requirements Inappropriate for task

ltems missing or incorrect v

Quantity Aligns with intent and context Contradicts stated intent
No Extras/Dupes No unrequested or duplicate items Unrequested/duplicate items
Overall Success Cart satisfies clarified goal Fails to satisfy goal v

User Simulation

Evaluating and optimizing multi-turn agents requires large volumes of realistic conversations, but:

1. Real traffic is scarce and noisy
2. Prompt changes alter conversation dynamics

We address this with a User Persona Agent that generates realistic multi-turn interactions
conditioned on a scenario and user profile:

MAMuT GEPA: System-Level Optimization

~

MAMuT (Multi-Agent Multi-Turn) GEPA jointly optimizes a prompt bundle © =
{pOFCI‘h Pcart, psearch, .. }

©F = argmax E,_s(e) [Rubric(T)}
©

Algorithm 1: MAMuT Optimization Loop
Require: Prompt bundle P; logged traces T; calibrated judge J; simulator S; safety constraint

1. Sample seed episodes {Tk}le from T

2. ldentify failures under current P using J

3. Propose joint prompt update P’ <+~ PROPOSE(P, failures)
4. for k< 1to Bdo

5. Re-simulate: 7 ~ S(7; P’)

6. Score: Sk J (7, R)
y
8

// Replay-when-consistent

. Aggregate: S(P') + AGGREGATE({S})
. if S(P’) improves on held-out and no safety regressions then
Accept P <+ P’ else Reject P’

Key innovations:
e Joint prompt bundle optimization: trades off performance between agents (e.g., concise
Orchestrator — more budget for Search Agent)

e Hybrid simulator: replays real user turns when semantically equivalent; uses User Persona
Agent when actions diverge

e Safety veto: rejects prompt updates that cause safety regressions

MAMuT vs. Sub-agent GEPA Results

Scenario
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LLM-as-Judge Calibration

LLM-as-a-Judge grades full traces using boolean checks over concrete evidence:

Determines which rubric assertions are applicable
Evaluates confirmed tool actions and final cart state
Replaces vague ordinal judgments with binary checks, ensuring deterministic scoring

Calibrated via GEPA against human-labeled traces, improving agreement from 84.1% to 91.4%,
serving as a stable reward signal for optimization.
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DoorDash Blog

Domain Sub-agent MAMuT JAN

Shopping Execution 79.0%  85.0% +6.0%
Personalization 80.2%  87.0% +6.8%
Conv. Quality 64.0% 72.0% +8.0%
Safety & Compliance 76.0% 88.0% +12.0%
Overall 77.1% 84.7% +7.6%

Key Takeaways

» Evaluation-first: verifiable four-domain rubric converts subjective quality into a reliable en-
gineering signal

» User simulation enables scalable optimization by generating realistic multi-turn trajectories

» Calibrated LLM judge (91.4% agreement) enables scalable, deterministic evaluation

» Sub-agent GEPA resolves atomic failures (tool errors, attribute mismatches)

» MAMuUT essential for interactional defects: coordination, context passing, policy compli-
ance

» Largest gains: Safety (4+12%) and Conv. Quality (4+8%) confirm joint optimization is
critical

 Future Work \

e Extend MAMuT to jointly optimize prompts and fine-tuned model components

e Incorporate real-time user feedback into the continuous learning loop
e Create a benchmark dataset for agentic grocery shopping
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