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Abstract
Developing specialized large language model (LLM) prompts for domain-specific tasks at scale remains a significant
hurdle, particularly for e-commerce applications managing tens of thousands of distinct product attributes. We
introduce CascadeAgent, a multi-agent framework that automates prompt adaptation and specialization through
error-driven semantic refinement. CascadeAgent employs a hierarchical architecture where a central Prompting
Agent orchestrates four specialized counterparts—Writing, Generation, Evaluation, and Flaw Detection—that
collaboratively analyze domain metadata, construct attribute-specific prompts, and enhance performance through
iterative feedback. Our approach combines Multi-pass Prompt Generation (MPG) for modularity with textual-
gradient-style optimization that refines instructions based on detected error patterns. We further use a simple
formal model to characterize when this iterative refinement process is expected to reduce catalog loss under
defined conditions.

In an internal production-scale case study, CascadeAgent generated and maintained over 27,000 product–
attribute prompts. Compared with a universal-prompt baseline, it improved precision by +21 to +33 percentage
points and coverage by +14 to +18 percentage points across multiple LLMs, with the largest gains observed on
lower-cost models. We discuss the evaluation and deployment lessons from this setting, including precision–
coverage trade-offs, negative labels for abstention, semantic verification of ambiguous cases, and common failure
modes. These lessons are intended to help future work on agentic systems for product understanding and
e-commerce search.
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1. Introduction

High-quality product attributes are critical to e-commerce search, faceted navigation, recommendation,
and customer trust. Automatic catalog enrichment can reduce seller burden and improve product
discovery, but the task is difficult to scale. Product categories differ widely in relevant attributes, value
constraints, evidence requirements, and abstention behavior. As a result, generic LLM prompts often
fail to capture attribute-specific requirements, while manually writing and maintaining prompts for
thousands of attributes is impractical.

To address this challenge, we introduce Multi-pass Prompt Generation (MPG), a decomposition
strategy that assigns dedicated prompts to individual product–attribute (PA) pairs. MPG avoids overly
complex universal prompts and makes it possible to optimize each attribute independently. Building
on MPG, we propose CascadeAgent, a multi-agent framework that creates and iteratively refines
PA-specific instructions. CascadeAgent orchestrates five specialized agents—Prompting, Writing, Gener-
ation, Evaluation, and Flaw Detection—to generate initial instructions from catalog metadata, evaluate
outputs, identify recurring errors, and rewrite instructions using textual-gradient-style feedback.

Prior work has studied prompt optimization, automatic prompt generation, and multi-agent refine-
ment [1, 2, 3, 4, 5, 6], as well as e-commerce attribute extraction using sequence tagging, question
answering, LLMs, and multimodal models [7, 8, 9, 10, 11, 12]. We focus on a practical gap between these
lines: how to manage and improve prompt specialization at industrial catalog scale, where the system
must balance precision, coverage, abstention, consistent quality, and deployment cost.
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Figure 1: CascadeAgent workflow. A central Prompting Agent coordinates Writing, Generation, Evaluation, and
Flaw Detection agents to create and iteratively refine product–attribute instructions.

In an internal production-scale case study, CascadeAgent generated and maintained over 27,000
PA-specific prompts. Compared with a universal-prompt baseline, it improved precision and coverage
across multiple LLMs, with particularly large gains for lower-cost models. We also use a simple formal
model to characterize when error-driven instruction updates are expected to reduce catalog loss, using
the analysis as a guide for understanding the refinement loop rather than as a substitute for empirical
validation.

The contributions of our work are:
1. Multi-pass Prompt Generation (MPG): A scalable decomposition strategy that assigns dedi-

cated prompts to individual product–attribute subtasks.
2. CascadeAgent: A multi-agent framework that creates, evaluates, diagnoses, and refines attribute-

specific instructions using domain metadata and error-driven feedback.
3. Production-scale case study: An internal e-commerce study involving over 27,000 PA-specific

prompts, showing substantial gains over a universal-prompt baseline across multiple LLMs.
4. Evaluation and deployment lessons: Practical observations on precision–coverage trade-offs,

negative labels for abstention, semantic verification, lower-cost model deployment, and common
failure modes in agentic catalog enrichment.

2. Method

Figure 1 summarizes CascadeAgent. The system is designed to scale prompt specialization across
thousands of product–attribute (PA) pairs. The method has two components: Multi-pass Prompt
Generation (MPG), which decomposes catalog enrichment into PA-specific prompting tasks, and an
agentic refinement loop that improves each instruction using observed errors.

2.1. Multi-pass Prompt Generation

In standard prompting, a single instruction must cover many attributes, categories, value types, and
edge cases. This quickly becomes difficult to maintain. MPG instead assigns a dedicated prompt to
each PA pair. Each prompt starts from a shared base template containing product context such as title,
description, bullet points, and available catalog fields, and is then specialized with attribute metadata
such as definition, data type, allowed values, and abstention rules.

Each PA-specific prompt follows a shared structure: a system role, product context, task definition,
attribute-specific instruction, and output schema. The product context includes available fields such
as title, description, bullet points, category, and existing catalog attributes. The attribute-specific
instruction then adds PA-level guidance, such as the attribute definition, valid values, expected data
type, and abstention rules. This shared structure keeps prompts consistent while allowing the instruction



module to vary by PA pair.
This decomposition has three practical benefits. First, it keeps each prompt focused on one attribute,

avoiding long universal prompts with complex conditional logic. Second, it allows underperforming
attributes to be improved independently, without changing prompts for other attributes. Third, it
supports parallel optimization across the catalog. In our internal case study, this design allowed us to
manage over 27,000 PA-specific prompts.

2.2. CascadeAgent Refinement Loop

Building on MPG, CascadeAgent automates the creation and refinement of PA-specific instructions. For
each PA pair, the system runs a loop with five specialized agents:

• Prompting Agent: Coordinates the refinement cycle and constructs the complete prompt from
product context, attribute metadata, and the current instruction.

• Writing Agent: Drafts or rewrites attribute-specific instructions using catalog guidelines, meta-
data, and observed failure patterns.

• Generation Agent: Applies the current instruction to generate attribute values from product
inputs.

• Evaluation Agent: Compares generated values against ground-truth labels or quality rules,
including cases where the correct output is to abstain.

• Flaw Detection Agent: Summarizes recurring errors, such as hallucinated default values,
omissions, over-generation, and schema violations.

The key design choice is that the system does not treat errors as isolated failures. Instead, the Flaw
Detection Agent converts batches of errors into short diagnostic summaries, and the Writing Agent
uses these summaries to produce revised instructions. This makes the refinement process interpretable:
each prompt update can be traced back to observed error patterns.

2.3. Textual-Gradient-Style Optimization

Algorithm 1 summarizes the refinement process. Starting from an initial instruction 𝐼0, CascadeAgent
maintains a pool of candidate instructions. At each iteration, it samples error cases for the current top-
performing instructions, summarizes the failure patterns, and generates revised instruction candidates.
These candidates are then evaluated, added to the pool, and the top 𝐾 instructions are retained for the
next iteration.

This procedure is inspired by textual-gradient and prompt-optimization methods such as ProTeGi [13],
but adapted to the e-commerce catalog setting. The Top-𝐾 pool avoids committing too early to a single
rewrite, which is important because different error samples can suggest different fixes. In practice,
this helped balance exploration and stability when optimizing prompts across heterogeneous attribute
types.

2.4. Why Error-Driven Refinement Can Improve Prompts

We use a simple formal model to clarify when CascadeAgent’s iterative refinement loop should improve
an instruction. For a product–attribute instruction 𝜋, we define catalog loss as a weighted combination
of three error types: value errors, omission errors, and commission errors. Each rewrite can fix existing
errors, introduce new errors, or leave behavior unchanged. Under a natural net-beneficial rewrite
condition—the probability of fixing an error is larger than the probability of introducing a new one—the
expected loss decreases until reaching a floor determined by irreducible task difficulty and evaluation
noise.

This analysis also motivates the Top-𝐾 candidate pool in Algorithm 1. Rather than greedily commit-
ting to a single rewrite, CascadeAgent keeps several high-performing instructions, reducing the chance
of selecting a candidate that only appears good due to noisy minibatch evaluation. Appendix B provides
formal propositions and proofs for the Top-K selection step and the expected loss-reduction behavior.



Algorithm 1 Instruction refinement with error-driven textual feedback
1: Input: Initial instruction 𝐼0, training examples, minibatches 𝑚, error sample size 𝑛, Top-𝐾 size 𝐾 ,

max iterations 𝑇
2: Output: Optimized instruction
3: Initialize candidate pool 𝑃 ← {𝐼0}
4: Initialize best_K← {𝐼0}
5: for 𝑡 = 1 to 𝑇 do
6: new_instructions← ∅
7: for each instruction 𝐼 in best_K do
8: for each minibatch 𝐵𝑖 do
9: Sample 𝑛 error cases 𝑆𝑖 from 𝐵𝑖

10: flaw_summary← FlawAgent(𝑆𝑖)
11: new_I← WritingAgent(𝐼,flaw_summary)
12: Add new_I to new_instructions
13: end for
14: end for
15: Evaluate new_instructions on validation examples
16: 𝑃 ← 𝑃 ∪ new_instructions
17: best_K← Top-𝐾 instructions from 𝑃
18: if convergence criterion is met then
19: break
20: end if
21: end for
22: return best instruction from best_K

3. Experimental Design and Evaluation

3.1. Dataset and Sampling

We evaluate CascadeAgent using manually verified labels from an internal e-commerce catalog enrich-
ment setting. The evaluation contains two levels: a catalog-level evaluation set for overall quality and
PA-level evaluation sets for fine-grained analysis.
Catalog-level evaluation. CascadeAgent generated over 27,000 product–attribute (PA)-specific
instructions from catalog metadata. For aggregate evaluation, we used a search-weighted sample of
10,000 products containing 304,847 attribute labels across 1,394 product categories. This sample
reflects the real product distribution seen in the catalog.
PA-level evaluation. To understand performance at the attribute level, we curated 2,897 high-
customer-relevance PA pairs. Each PA pair contained at least 100 test labels, resulting in approximately
304,000 labels.
Iterative optimization set. For iterative prompt refinement, we selected 1,879 high-customer-
relevance PA pairs with sufficient verified labels. For each PA pair, we used 50 samples for training, 100
samples for validation and Top-𝐾 selection, and a separate holdout test set with at least 100 samples
for final evaluation.

3.2. Models and Infrastructure

We used Claude 3.5 Sonnet for the Flaw Detection and Writing Agents because these steps require
error analysis and instruction rewriting. For attribute generation, we evaluated both Mistral NeMo and
Claude 3.5 Sonnet to compare a lower-cost model with a stronger premium model. Mistral NeMo was
also used for semantic verification in inconclusive evaluation cases. Self-hosted Mistral NeMo inference
and parallel orchestration were run on six AWS EC2 P5 instances, with 48 NVIDIA H100 GPUs in total,
achieving approximately 613 PA pairs per hour through parallel execution.



Table 1
Catalog-level comparison of universal prompting, MPG, and CascadeAgent.

Base Model Prompt Type Precision (%) Coverage (%)

Mistral NeMo Baseline 57.14 42.58
Mistral NeMo MPG 76.19 58.10
Mistral NeMo CascadeAgent + MPG 90.21 56.09
Claude 3.5 Sonnet Baseline 72.73 68.47
Claude 3.5 Sonnet MPG 87.32 86.02
Claude 3.5 Sonnet CascadeAgent + MPG 93.55 86.49

3.3. Configuration

Based on internal ablation studies, we used 5 minibatches, 5 error cases per minibatch, and Top-
𝐾 = 3 selection. This setting provided a practical balance between error diversity, generalization, and
computational cost. Appendix A summarizes the ablation results.

3.4. Evaluation Methodology

We report three metrics:
• Precision: the fraction of generated non-empty values that match the verified label.
• Recall: the fraction of expected attribute values that are correctly generated.
• Coverage: the fraction of samples for which the model produces any non-empty value.

Coverage must be interpreted together with precision. For some attributes, such as subject_character
for t-shirts, many products correctly have no value. In these cases, higher coverage is not always
better: over-generation can indicate hallucination. To capture this behavior, the ground truth includes
negative labels such as Not Applicable and Not Obtainable. Generated values are evaluated using string
matching when possible, with LLM-based semantic verification for inconclusive cases such as synonyms,
paraphrases, or ambiguous textual values. When the generator and verifier use the same LLM family,
semantic verification is applied only to inconclusive string-matching cases rather than as the primary
metric. This reduces the risk that evaluation rewards model self-consistency rather than correctness.

4. Results

4.1. Overall Performance

Table 1 compares three prompt settings: a universal baseline prompt, MPG without iterative agent
refinement, and CascadeAgent with MPG. The comparison separates the value of PA-specific prompting
from the additional value of agentic refinement.

CascadeAgent improves both precision and coverage over the universal-prompt baseline for both
LLMs. For Mistral NeMo, precision increases from 57.14% to 90.21%, while coverage increases from 42.58%
to 56.09%. For Claude 3.5 Sonnet, precision increases from 72.73% to 93.55%, and coverage increases
from 68.47% to 86.49%. The gains are especially important for the lower-cost model: after CascadeAgent
refinement, Mistral NeMo narrows the precision gap with Claude 3.5 Sonnet to approximately 3
percentage points. This suggests that PA-specific instruction refinement can make lower-cost models
more viable for large-scale deployment.

For Mistral NeMo, CascadeAgent slightly lowers coverage relative to vanilla MPG, from 58.10% to
56.09%, while increasing precision substantially, from 76.19% to 90.21%. This reflects a useful precision–
coverage trade-off in catalog enrichment settings where unsupported generations are costly.



Figure 2: PA-level changes in precision and coverage after applying PA-specific instructions.

Figure 3: Accuracy, precision, and recall changes over iterative refinement, grouped by stopping behavior.

4.2. PA-Level Precision–Coverage Trade-offs

We next analyze changes across the 2,897 high-impact PA pairs. As shown in Figure 2, 58.2% of PA
pairs showed a consistently positive effect, either improving both precision and coverage or improving
one metric without degrading the other. Only 2.4% declined in both metrics. The remaining 39.4%
showed mixed behavior, most commonly increased coverage with reduced precision.

This trade-off is important for catalog enrichment. Higher coverage can be useful when the model
correctly fills missing attributes, but it can also increase hallucination when product evidence is
insufficient. A common failure mode is default-value generation, such as predicting plastic for a
computer mouse when the material is not supported by the product text. This motivates the use of
negative labels and explicit abstention rules in the refinement loop.

4.3. Iterative Refinement with Textual Feedback

We evaluate the iterative refinement loop on the 1,879 high-fidelity PA pairs. After the initial Cas-
cadeAgent run, 22% of PA pairs (409 PAs) reached 95% accuracy. For the remaining 1,470 PA pairs, we
applied Algorithm 1 for up to five iterations, stopping early when both training and validation accuracy
reached 95%.

Iterative refinement produced an average +15 percentage point improvement in holdout test
accuracy, including +6 points in precision and +8 points in recall. The improvements were statistically
significant under a paired t-test (𝑝 ≤ 1× 10−10). For the PA pairs that required refinement, outcomes
fell into three groups: 27.2% of the full high-fidelity set reached the stopping criterion within three
iterations, 4.8% continued improving in the final two iterations, and 46.0% improved early before
plateauing.



The remaining difficult cases reveal useful deployment lessons. Among PA pairs requiring all five
iterations, approximately 40% involved image-dependent attributes, where textual product evidence was
often insufficient. Numeric attributes were another recurring challenge, often requiring unit handling,
conversion, or stronger numerical constraints. These results suggest that some failure modes should be
routed to multimodal models, numeric guardrails, or abstention policies rather than repeated text-only
prompt refinement.

5. Lessons Learned

Our case study suggests several practical lessons for agentic catalog enrichment.

Prompt decomposition matters. Universal prompts are difficult to maintain because attributes
differ in semantics, value constraints, and abstention behavior. PA-specific prompts make failures easier
to diagnose and enable targeted refinement.

Coverage must be evaluated with abstention. Higher coverage is not always better. For sparse
or optional attributes, over-generation can reduce catalog quality by introducing unsupported values.
Negative labels such as Not Applicable and Not Obtainable are necessary for measuring whether the
system knows when to abstain.

Error summaries are more useful than raw failures. The Flaw Detection Agent helps convert
individual mistakes into reusable patterns, such as default hallucinations, missing evidence rules, or
schema violations. These summaries make prompt rewriting more targeted and interpretable.

Not all failures should be solved by more prompt refinement. Some hard cases reflect missing
input evidence rather than poor instructions. Image-dependent attributes may require multimodal
models, while numeric attributes may require dedicated validation, unit normalization, or rule-based
guardrails.

6. Related Work

Product attribute extraction has been studied for many years in e-commerce and information retrieval.
Early work used rule-based systems and semi-supervised extraction methods for product descriptions
and catalog fields [14, 15, 16, 17]. Later neural approaches formulated attribute extraction as sequence
tagging or question answering, including OpenTag [7], AdaTag [8], and MAVE [9]. These methods
improved extraction quality but often required task-specific training or retraining when new attributes,
categories, or schemas were introduced.

Recent e-commerce systems have explored LLMs and multimodal models for attribute generation
and implicit value extraction [10, 11, 18, 12, 19]. These systems reduce some dependence on manually
engineered extractors, but scaling instruction design and maintenance across tens of thousands of
product–attribute pairs remains a practical challenge.

Our work is also related to prompt optimization and agentic refinement methods, including Auto-
Prompt [1], ProTeGi [13], TextGrad [4], Reflexion [6], and broader work on LLMs as optimizers [2].
CascadeAgent adapts this line of work to the e-commerce catalog setting, where each prompt must
handle attribute-specific semantics, abstention behavior, schema constraints, and deployment cost.

7. Limitations, Reproducibility, and Ethical Considerations

This work is based on an internal production-scale e-commerce catalog enrichment setting. The specific
LLMs used in this case study reflect the deployment setting at the time of experimentation; the main



Table 2
High-level comparison of product attribute extraction approaches.

Approach Needs retraining Implicit values Scale

OpenTag [7] Yes No Small
AdaTag [8] Yes No Small
MAVE [9] Yes Limited Medium
SAGE [20] Yes Yes Large
LLM-Ensemble [10] No Yes Medium
EIVEN [18] Yes Yes Medium
ViOC-AG [12] No Yes Medium
MXT [19] Yes Yes Large
CascadeAgent No Yes Large

contribution is the prompt-specialization and refinement framework rather than a benchmark of the
latest model releases. Due to contractual and policy constraints, we cannot release the proprietary
dataset, production prompts, or implementation. We therefore position the paper as a practice-oriented
case study and design report rather than a fully reproducible benchmark.

Several limitations remain. First, the evaluation is conducted on internal catalog data, so the absolute
metrics may not transfer directly to other marketplaces or product taxonomies. Second, our semantic
verification step uses an LLM for inconclusive cases, which can introduce judge bias despite the use of
manually verified labels and negative labels. Third, some attributes require evidence not available in
text, especially image-dependent attributes, and are better handled by multimodal models or abstention
policies. Finally, numeric attributes remain challenging when they require unit conversion, range
reasoning, or normalization.

CascadeAgent operates on product catalog content rather than personally identifiable customer data.
The main risk is incorrect or unsupported attribute generation, which can mislead shoppers or degrade
trust. We mitigate this risk by evaluating against verified labels, including negative labels for abstention,
and analyzing common hallucination patterns. In production settings, generated attributes should be
monitored and subject to quality controls before being used in customer-facing experiences.

Despite these constraints, we provide detailed descriptions of the system design, optimization loop,
evaluation protocol, and observed failure modes to support comparison and future work on agentic
catalog enrichment systems.

8. Conclusion

We presented CascadeAgent, a multi-agent framework for scaling product–attribute prompt special-
ization in e-commerce catalog enrichment. CascadeAgent combines Multi-pass Prompt Generation
(MPG) with an error-driven refinement loop in which specialized agents generate, evaluate, diagnose,
and rewrite attribute-specific instructions.

In an internal production-scale case study, CascadeAgent generated and maintained over 27,000
PA-specific prompts and improved both precision and coverage over a universal-prompt baseline
across multiple LLMs. The gains were especially useful for lower-cost models, suggesting that prompt
specialization can improve the cost–quality trade-off for large-scale catalog enrichment. Iterative
refinement further improved difficult PA pairs, while also revealing recurring failure modes such as
hallucinated default values, image-dependent attributes, and numeric reasoning errors.

Overall, the results suggest that large-scale catalog enrichment benefits from PA-level prompt de-
composition, explicit abstention handling, error-pattern-based rewriting, and evaluation protocols that
jointly measure precision, coverage, and negative-label behavior. We hope these observations help
future work on agentic systems for product understanding and e-commerce search.
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A. Ablation Studies

We conducted internal ablation studies to choose the refinement configuration used in the main
experiments. Each study varied one parameter while keeping the others fixed. We evaluated three
parameters: Top-𝐾 selection, the number of sampled error examples per minibatch, and the number of
minibatches per refinement iteration. All ablations were run on a sample of 10 product–attribute pairs
over three refinement iterations.

A.1. Top-K Selection

Figure 4 compares 𝐾 = 1, 2, 3. Top-2 and Top-3 produced more consistent improvement than Top-1,
which often plateaued after the first iteration. This suggests that keeping only the single best instruction
can lead to premature convergence, while retaining a small candidate pool improves exploration. We
therefore used Top-𝐾 = 3 in the main experiments.

Figure 4: Effect of Top-K selection on iterative refinement performance.

A.2. Number of Error Examples

Figure 5 compares 1, 3, and 5 sampled error examples per minibatch. A single error example produced
narrow feedback and weaker holdout improvement. Using 3 or 5 examples gave the Flaw Detection
Agent more representative error patterns and improved refinement stability. We used 5 error examples
per minibatch in the main experiments.

Figure 5: Effect of the number of sampled error examples per minibatch.

A.3. Number of Minibatches

Figure 6 compares 1, 3, and 5 minibatches per refinement iteration. Using more minibatches exposed
the Writing Agent to a broader set of failure patterns and reduced overfitting to a single error sample.
In our ablation, 3 and 5 minibatches converged faster and more reliably than a single minibatch. We
used 5 minibatches in the main experiments.



Figure 6: Effect of the number of minibatches per refinement iteration.

B. Formal Analysis

We provide a compact formalization of the two design choices used in CascadeAgent: retaining a
Top-𝐾 pool of candidate instructions and applying error-driven rewrites. The analysis is intended to
characterize when the refinement loop is expected to improve catalog loss, rather than to model every
implementation detail.

B.1. Top-K Selection

Proposition 1 (Empirical Top-𝐾 selection retains the best instruction). Fix an iteration 𝑡. Let 𝒫𝑡 ⊆ Π
be the current pool of instructions and define

𝜋⋆
𝑡 := arg min

𝜋∈𝒫𝑡

ℒ(𝜋), ∆𝑡 := min
𝜋 ̸=𝜋⋆

𝑡

[ℒ(𝜋)− ℒ(𝜋⋆
𝑡 )] > 0.

Assume 0 ≤ ℒ(𝜋) ≤ 1 for every 𝜋 ∈ 𝒫𝑡. Draw an i.i.d. evaluation batch 𝒟𝑡 = {(𝑥𝑖, 𝑦𝑖)}𝑛𝑖=1 and define

̂︀ℒ𝑡(𝜋) := 1

𝑛

𝑛∑︁
𝑖=1

1[𝑓𝜃(𝑥𝑖, 𝜋) ̸= 𝑦𝑖] .

For confidence level 𝜗 ∈ (0, 1), if

𝑛 ≥
⌈︂

2

∆2
𝑡

log
2|𝒫𝑡|
𝜗

⌉︂
,

then, with probability at least 1− 𝜗, the empirical Top-𝐾 set contains 𝜋⋆
𝑡 for any 𝐾 ≥ 1. Consequently, if

𝒫𝑡+1 := 𝒫𝑡 ∪ ̂︀𝒫𝑡,𝐾 , then
min

𝜋∈𝒫𝑡+1

ℒ(𝜋) ≤ min
𝜋∈𝒫𝑡

ℒ(𝜋).

Proof. For any fixed instruction 𝜋, ̂︀ℒ𝑡(𝜋) is an empirical mean of Bernoulli variables in [0, 1]. By
Hoeffding’s inequality,

Pr
[︁⃒⃒⃒ ̂︀ℒ𝑡(𝜋)− ℒ(𝜋)⃒⃒⃒ ≥ 𝜀

]︁
≤ 2 exp(−2𝑛𝜀2).

Set

𝜀 =

√︂
log(2|𝒫𝑡|/𝜗)

2𝑛
.

A union bound over all 𝜋 ∈ 𝒫𝑡 gives⃒⃒⃒ ̂︀ℒ𝑡(𝜋)− ℒ(𝜋)⃒⃒⃒ < 𝜀 ∀𝜋 ∈ 𝒫𝑡

with probability at least 1−𝜗. Under the assumed sample size, 2𝜀 ≤ ∆𝑡. Therefore, for every competitor
𝜋 ̸= 𝜋⋆

𝑡 , ̂︀ℒ𝑡(𝜋)− ̂︀ℒ𝑡(𝜋⋆
𝑡 ) ≥ ℒ(𝜋)− ℒ(𝜋⋆

𝑡 )− 2𝜀 ≥ 0.

With deterministic tie-breaking, 𝜋⋆
𝑡 is retained in the empirical Top-𝐾 set. Since 𝜋⋆

𝑡 ∈ 𝒫𝑡+1, the best
true loss in the updated pool cannot be worse than the best true loss in the previous pool.



B.2. Loss Decay Under Error-Driven Rewrites

Proposition 2 (Geometric loss decay under marginal churn). For a product–attribute example at
refinement step 𝑡, let 𝐸𝑡 ∈ {0, 1} indicate whether the instruction makes any error. Let the per-example
catalog loss be

ℒ𝑡 = 𝑤val𝐸val,𝑡 + 𝑤omis𝐸omis,𝑡 + 𝑤commis𝐸commis,𝑡,

where the three error types correspond to value errors, omission errors, and commission errors. Assume the
error types are mutually exclusive, the weights are positive and sum to one, and define

𝜅min := min(𝑤val, 𝑤omis, 𝑤commis), 𝜅max := max(𝑤val, 𝑤omis, 𝑤commis).

Then
𝜅min𝐸𝑡 ≤ ℒ𝑡 ≤ 𝜅max𝐸𝑡.

Assume the rewrite step follows the marginal-churn dynamics

Pr[𝐸𝑡+1 = 0 | 𝐸𝑡 = 1] = 𝑝fix, Pr[𝐸𝑡+1 = 1 | 𝐸𝑡 = 0] = 𝑝break,

where 𝑝fix > 𝑝break ≥ 0 and 𝑝fix + 𝑝break ∈ (0, 1]. Let

𝜆 := 1− (𝑝fix + 𝑝break), 𝑟 :=
𝜅max

𝜅min
, 𝜑 := 𝑟𝜆.

If 𝜑 ∈ [0, 1), then
E[ℒ𝑡+1] ≤ 𝜑E[ℒ𝑡] + 𝜅max𝑝break.

For any horizon 𝑇 ≥ 0,

E[ℒ𝑇 ] ≤ 𝜑𝑇E[ℒ0] + 𝜅max𝑝break
1− 𝜑𝑇

1− 𝜑
.

Consequently,
lim
𝑇→∞

E[ℒ𝑇 ] ≤
𝜅max𝑝break

1− 𝜑
.

Proof. By the marginal-churn dynamics,

E[𝐸𝑡+1] = (1− 𝑝fix)E[𝐸𝑡] + 𝑝break(1− E[𝐸𝑡]).

Rearranging gives
E[𝐸𝑡+1] = 𝜆E[𝐸𝑡] + 𝑝break.

Using ℒ𝑡+1 ≤ 𝜅max𝐸𝑡+1 and 𝐸𝑡 ≤ ℒ𝑡/𝜅min, we obtain

E[ℒ𝑡+1] ≤ 𝜅maxE[𝐸𝑡+1] = 𝜅max (𝜆E[𝐸𝑡] + 𝑝break) ≤ 𝜆
𝜅max

𝜅min
E[ℒ𝑡] + 𝜅max𝑝break.

Since 𝜑 = 𝑟𝜆, this proves the one-step bound:

E[ℒ𝑡+1] ≤ 𝜑E[ℒ𝑡] + 𝜅max𝑝break.

Let 𝑥𝑡 = E[ℒ𝑡] and 𝑐 = 𝜅max𝑝break. The recurrence 𝑥𝑡+1 ≤ 𝜑𝑥𝑡 + 𝑐 unrolls to

𝑥𝑇 ≤ 𝜑𝑇𝑥0 + 𝑐

𝑇−1∑︁
𝑘=0

𝜑𝑘 = 𝜑𝑇𝑥0 + 𝑐
1− 𝜑𝑇

1− 𝜑
.

Taking 𝑇 →∞ gives the stated asymptotic floor.
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