
SAER: Scalable Assessment of E-commerce Recommendations
using Large Language Models

Xiang Liu
xanlu@amazon.com

Amazon
Vancouver, Canada

Manoj Srivatsav Regulagedda
manojsrv@amazon.com

Amazon
Vancouver, Canada

Sapan Patel
sapanp@amazon.com

Amazon
Seattle, USA

Walter Wong
walterwg@amazon.com

Amazon
Toronto, Canada

Abstract
Selecting which recommendation algorithm variant to advance
to online experimentation is a critical decision in industry prac-
tice. Manual evaluation is subjective and time-consuming, while
offline metrics such as nDCG often fail to correlate with real-world
customer preferences. We present SAER, a two-stage framework
(pointwise filtering and pairwise comparison) that uses Large Lan-
guage Models as judges to evaluate e-commerce recommendation
quality. For pointwise evaluation, SAER achieves higher agreement
with human consensus (𝜅𝑤 = 0.58) than human annotators achieve
with each other (𝜅𝑤 = 0.38). For pairwise evaluation, SAER mit-
igates position bias (88.0% consistency) and demonstrates strong
adversarial robustness (91.0% detection rate). In a large-scale online
case study serving over 10M impressions, the algorithm SAER pre-
ferred offline also achieved a statistically significant click-through
rate (CTR) lift (𝑝 < 0.0001), providing encouraging directional ev-
idence, though this single observation cannot establish a general
predictive relationship. SAER produces reproducible, explainable
signals in approximately 30 minutes for $28, positioning it as a
scalable pre-screening layer for recommendation development.

CCS Concepts
• Information systems→ Recommender systems; Evaluation
of retrieval results; Personalization; • Applied computing →
Online shopping; • Computing methodologies → Natural
language processing; Neural networks; •General and reference
→ Experimentation.
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1 Introduction
Modern e-commerce recommendation systems employ numerous
algorithms across different customer touchpoints. During algorithm
development, teams continuously explore variations: which cus-
tomer segments to target, which item pools to draw from, what
filtering criteria to apply, which touchpoint to surface, what time
to show the strategy, and which model parameters to tune. At each
decision point, the natural question arises: should we bring this
variant to online experimentation? The standard approach relies
on a combination of offline metrics and developer sign-off.

Unreliable offline metrics. Relying solely on offline metrics
is often misleading due to the offline-online evaluation gap [2,
23]. Marginal offline accuracy gains frequently fail to reflect real-
world performance, and metrics like nDCG can even contradict live
user satisfaction [23]. Furthermore, standard offline setups suffer
from exposure biases [21] and reproducibility issues [1, 9]. Even
beyond-accuracy measures (diversity, novelty) [28, 30] fall short of
capturing holistic human judgment [12]. Since algorithmic accuracy
influences behavior only through subjective perception [15], teams
struggle to know if offline precision gains will improve customer
experience or merely reflect overfitting to logged biases [3].

Subjective qualitative inspection. To bridge this gap, teams
use expert qualitative inspection, introducing significant subjec-
tivity. Evaluators apply different internal quality bars—one might
prioritize category diversity, another brand relevance—leading to
conflicting conclusions even on nearly identical outputs. Further-
more, human judges frequently exhibit a “tie-bias,” defaulting to
neutral judgments for cognitively demanding comparisons. This
produces inconsistent, irreproducible signals tied to the evaluator
rather than algorithmic quality. Consequently, teams launch costly
online experiments without a confident prior expectation of which
algorithm should win [7, 8].

To address these challenges, we present SAER (Scalable As-
sessment of E-commerce Recommendations), a two-stage LLM-
as-a-Judge framework that provides reproducible, explainable pre-
screening of algorithms prior to online experimentation. SAER op-
erates sequentially: pointwise evaluation identifies specific list-level
quality issues with actionable reasoning (e.g., flagging a redundant
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near-term repurchase of a multi-pack), while pairwise compari-
son identifies the likely superior algorithm. While recent literature
demonstrates that LLMs can successfully mimic human annota-
tors offline, less is known about whether these offline judgments
carry practical relevance for live user behavior. SAER yields three
contributions: (i) we demonstrate that SAER effectively mitigates
manual evaluation subjectivity, capturing human consensus more
reliably than individual expert annotators; (ii) we provide prelimi-
nary evidence that SAER’s offline preferences can align with live
user behavior, with the algorithm SAER preferred also achieving a
statistically significant client-level click-through rate (CTR) lift in a
large-scale online experiment; and (iii) we establish that domain-
aware prompt engineering (incorporating short-term user intent
and e-commerce domain constraints like consumable pacing) is
critical for robustness, enabling the system to catch subtle algo-
rithmic failures such as off-category injections and mismatched
consumable pacing.

2 Related Work
LLMs as evaluators. Zheng et al. [32] established the LLM-as-a-
Judge paradigm, and subsequentworks validated it across search [10,
26], translation [16], and persona-conditioned evaluation [4], along-
side studies on hallucination limits [11, 14]. Within recommender
systems, LLMs can generate persuasive explanations [25] and are
increasingly adopted for broad evaluation tasks [31].

LLM-as-Judge for recommendations. Recent works explore
LLMs as automated recommendation evaluators. Fabbri et al. [5]
and Penha et al. [20] adapted LLM judges for podcast and movie
recommendations, achieving high agreement with offline human la-
bels using profile-aware prompts and Cranfield-style IR techniques.
While these works successfully simulate offline human annotators,
SAER advances the paradigm in two critical dimensions. First, it
addresses unique e-commerce constraints (e.g., consumable pacing,
durable goods redundancy), which require distinct reasoning from
media consumption. Second, whereas prior works validate strictly
against offline annotations, SAER provides preliminary evidence
of alignment with real-world user behavior through a large-scale
online case study, though further validation is needed.

3 The SAER Framework
3.1 System Architecture
Data preparation. For each customer, we compile six months of
purchase history, including product titles, brands, categories, and
ratings. We additionally derive search keywords, recent browsing
categories, and implicit preferences from recent customer activities.
This rich context enables the judge to accurately assess contextual
appropriateness and short-term intent.

LLM judge configuration. We utilize Claude 4.5 Sonnet via
Amazon Bedrock. To ensure deterministic and reproducible as-
sessments, the model temperature is set to 0.0. The framework is
deployed as an offline batch process, allowing for high-throughput
evaluation of recommendation datasets without impacting pro-
duction latency. The LLM is configured to produce a structured
response containing a qualitative rationale, a categorical quality
label (Good/Partial/Poor Match), and a list of specific flagged items
for diagnostic review.

3.2 Prompt Engineering
Crafting an effective evaluation prompt required careful design
and significant iterative refinement to align the LLM’s reasoning
with expert human judgment. We found that simply providing a
generic scoring rubric was insufficient for capturing the complex
realities of e-commerce behavior. Instead, we developed highly
category-specific, task-oriented few-shot examples that teach the
LLM to evaluate recommendations against real-world shopping
constraints.

The prompt instructs the judge to identify nuanced catalog and
timing issues, such as minimum variation redundancy, consumable
pacing, and durable goods redundancy. The context also extends
beyond historical purchases to incorporate short-term user intent
(recent searches, clicks, and browsed categories). This is critical for
evaluating unfinished shopping tasks; for example, if recent clicks
indicate active exploration of a durable good despite a prior pur-
chase, the LLM learns to suspend redundancy penalties, recognizing
the customer is still comparing alternatives.
Prompt structure: 5 few-shot examples (good match, minimum vari-
ation redundancy, durable goods redundancy, consumable pacing, off-
category) → Customer context (6-month purchase history, recent
searches, recent clicks, browsed categories)→ Recommendation list
(10 items)→ Evaluation guidelines→ Output: REASONING, CATE-
GORY (Good/Partial/Poor Match), FLAGGED ITEMS.

3.3 Evaluation Modes
Pointwise evaluation assesses each recommendation list inde-
pendently using three named categories: Good Match (7+ relevant
items, diverse coverage, no quality issues), Partial Match (4–6 rele-
vant items or minor issues), and Poor Match (fewer than 4 relevant
items or severe issues). Named categories with explicit semantic
boundaries prevent the score clustering common in LLM evaluators.
LLMs evaluating on numerical scales tend to collapse outputs onto
specific integers, which compresses variance and artificially inflates
tie rates [18].

Pairwise evaluation compares full recommendation lists from
two algorithms for the same customer. To mitigate position bias [29,
32], each comparison is evaluated twice with reversed presentation
order using neutral labels (“Set 1”, “Set 2”). When both orderings
agree, that algorithm wins. When they disagree, the result is a
position-dependent tie. An explicit tie example in the prompt cali-
brates the LLM’s threshold for declaring ties.

3.4 Experimental Setup
Recommendation algorithms. We evaluate two fundamental
approaches in the Beauty & Personal Care category. Co-occurrence
filtering recommends items frequently purchased together by other
customers, capturing behavioral co-purchase patterns. Embedding-
based filtering retrieves semantically similar items using sentence
transformers and approximate nearest neighbor search.

Evaluation datasets. We construct two datasets for evaluation.
The standard dataset is a stratified random sample of 200 customers
spanning diverse engagement levels. For each customer, we gener-
ate top-10 recommendation lists from both algorithms, producing
400 pointwise lists and 200 pairwise comparisons. To test the judge’s
robustness against “rubber-stamping,” we develop an adversarial
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dataset containing 100 blind pairwise comparisons. Each case pairs
a customer’s genuine recommendation list (50 sourced from the
co-occurrence algorithm and 50 from the embedding algorithm)
against a random list taken from a different customer.

Human benchmark. To establish a rigorous baseline, a strat-
ified random sample of 200 customer recommendation scenarios
is independently evaluated by two experienced recommendation
developers. Crucially, to ensure a fair comparison, the human anno-
tators evaluate the lists using the exact same guidelines and quality
criteria provided in the LLM prompt. Both annotators complete
the pointwise and pairwise evaluations for all 200 standard cases,
as well as the 100 adversarial cases. This allows us to capture ex-
pert consensus, calculate inter-annotator agreement metrics, and
establish a human baseline for adversarial robustness.

Adjudication rules. To establish consensus ground truth from
human annotators, we apply deterministic adjudication rules. For
pointwise evaluation, we use strict adjudication, taking the harsher
label whenever annotators disagree (e.g., a Good and Poor match
defaults to Poor). For pairwise comparison, we use conservative
adjudication, defaulting to a Tie whenever annotators prefer differ-
ent algorithms. Similarly, to mitigate LLM position bias in pairwise
evaluations, SAER evaluates each pair twice with swapped order-
ings; if the LLM’s preference changes based on position, the verdict
is recorded as a Tie.

Reliability metrics. To quantify the reliability of the assess-
ments, we measure inter-rater agreement using Cohen’s Quadratic
Weighted Kappa (𝜅𝑤 ). Unlike simple percentage agreement, 𝜅𝑤
accounts for agreement occurring by chance and applies heavier
penalties to extreme disagreements on our ordinal scales (e.g., a
Good/Poormismatch is penalizedmore severely than aGood/Partial
mismatch).

4 Results
4.1 Offline Evaluation
Pointwise assessment. As shown in Table 1, co-occurrence pro-
duces more polarized results, yielding higher rates of both Good and
Poor Matches compared to the more conservative embedding-based
filtering. Co-occurrence’s higher Good Match rate reflects cases
where behavioral co-purchase patterns surface genuinely useful
complementary products. SAER’s reasoning frequently highlights
cross-category relevance. For example, it correctly identifies a ther-
mal heat protectant spray as highly relevant for a user who recently
purchased a curling iron, whereas embedding often just retrieves
more curling irons.

Both human annotators confirm SAER’s directional finding (Ta-
ble 1). While Annotator A was systematically stricter, resulting in a
low inter-annotator agreement (𝜅𝑤 = 0.38), the strictly adjudicated
SAER–human agreement reached 𝜅𝑤 = 0.58 (82.0% agreement).
This confirms SAER’s automated judgments align with human con-
sensus substantially better than the two annotators agree with each
other. We note that SAER’s Partial Match rates are higher than
both annotators’, suggesting some residual central tendency de-
spite named categories; future work could introduce finer-grained
sub-categories to improve discrimination at the distribution tails.

Pairwise comparison. Table 2 demonstrates SAER’s clear pref-
erence for co-occurrence over embedding. The LLM maintained its

Table 1: Pointwise quality assessment comparing SAER and
two human annotators (N=200 lists per algorithm).

Algorithm Rating SAER Human A Human B

Co-occurrence
Good Match 12.5% 13.5% 19.5%
Partial Match 82.0% 74.5% 68.0%
Poor Match 5.5% 12.0% 12.5%

Embedding
Good Match 1.5% 7.5% 9.0%
Partial Match 88.0% 75.0% 73.0%
Poor Match 10.5% 17.5% 18.0%

Agreement Metrics
Human–Human 𝜅𝑤 = 0.38 (70.0% agree)
SAER–Human (strict adjudication) 𝜅𝑤 = 0.58 (82.0% agree)

Table 2: Pairwise algorithm comparison between SAER and
human annotator consensus (N=200 pairwise comparisons).

Evaluation Scope Co-occ. Win Embed. Win Tie

SAER Raw (N=400 calls) 57.0% 38.5% 4.5%
SAER Adjudicated (N=200) 51.5% 33.0% 15.5%
Human Merged (N=200) 26.0% 16.0% 58.0%

Consistency & Agreement Metrics
SAER Position Consistency: 88.0% (176/200)
Human-Human Raw Agreement: 44.5%, 𝜅𝑤 = 0.13
SAER-Human Merged Agreement: 49.0%, 𝜅𝑤 = 0.43

verdict regardless of presentation order in 88.0% of cases, indicating
low position bias, and retained a strong adjudicated lead (51.5% vs.
33.0%).

Human annotators showed a similar directional preference, fa-
voring co-occurrence 1.6× more often than embedding when they
agreed. Although conservatively assigning ties to human disagree-
ments inflated their tie rate, the SAER-human merged agreement
reached 𝜅𝑤 = 0.43, confirming alignment on the ordinal scale.
Notably, when humans agreed on a directional preference, SAER
concurred 82.1% of the time.

Adversarial robustness and prompt ablation. To validate
that SAER evaluates recommendation content rather than surface
features, we construct 100 blind pairwise comparisons. Each pairs
a customer’s genuine recommendation list (50 from co-occurrence,
50 from embedding) against a random list taken from a different
customer. The evaluator receives the identical pairwise prompt
used in pairwise comparison (with no indication of adversarial
intent) and must judge purely on relevance to the purchase history.
Position is randomized to control for presentation bias.

Using the SAER prompt (Table 3), the LLM correctly identifies
the original recommendation as better in 91.0% of cases, with only
4.0% incorrect preferences and 5.0% ties. To quantify the contribu-
tion of prompt engineering, we test two ablation variants on the
same 100 adversarial pairs. A generic prompt that provides only
purchase history and asks “which is better?” achieves 74.0% detec-
tion. An over-specified prompt with a detailed five-criterion rubric
reaches 88.0%. The SAER prompt’s 91.0% represents a 17-point
improvement over generic and a 3-point gain over over-specified,
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Table 3: Adversarial robustness and prompt ablation for blind
pairwise detection (N=100 pairs).

Evaluator Variant Correct Wrong Tie

Generic Prompt (v1) 74.0% 18.0% 8.0%
Over-specified Prompt (v2) 88.0% 8.0% 4.0%
SAER Refined Prompt (v3) 91.0% 4.0% 5.0%

Human Annotator A 78.0% 21.0% 1.0%
Human Annotator B 73.0% 18.0% 9.0%

demonstrating that calibrated evaluation criteria (neither too sparse
nor too verbose) yield the best discrimination.

Human annotators achieve 78.0% (Annotator A) and 73.0% (Anno-
tator B) detection, bracketing the generic prompt but falling below
both the over-specified and SAER variants. This confirms that the
task is genuinely difficult for humans, who must mentally cross-
reference two 10-item lists against a purchase history, and that
structured LLM prompting provides a reliable, scalable alternative.

4.2 Online Experiment Case Study
To examine whether SAER’s offline judgments carry practical rele-
vance, we conducted a controlled online A/B test [17] in the Beauty
& Personal Care category, serving over 10M client impressions
across a 4-week period with 50/50 customer-level traffic alloca-
tion. Co-occurrence achieved a 0.619% client CTR (95% CI: [0.617%,
0.622%]) compared to embedding’s 0.523% (95%CI: [0.521%, 0.526%]),
a relative lift of +18.4% (95% CI: [+17.6%, +19.1%], 𝑝 < 0.0001). This
is directionally consistent with SAER’s adjudicated pairwise prefer-
ence (51.5% for co-occurrence vs. 33.0% for embedding) and with
human annotators’ consensus preference (26.0% vs. 16.0%). All three
evaluation signals (SAER, human annotators, and live user engage-
ment) point in the same direction, though we emphasize this is
a single-experiment observation and cannot establish a general
predictive relationship. Multiple confounds could explain this align-
ment: for instance, both SAER and users may independently favor
the co-occurrence algorithm for different reasons, such as SAER
rewarding textual cross-category relevance while users respond to
visual variety or familiarity.

SAER produced this directional signal in approximately 30 min-
utes for $28, whereas the online experiment required 4 weeks of
live traffic. For comparison, equivalent crowdsourced evaluation
costs $108–$153 [19, 22], which significantly understates the true
expense, as internal engineering teams typically perform these
qualitative reviews at a much higher hourly rate.

The primary value of SAER is not to act as a strict gatekeeper to
block weak algorithms, since falsely rejecting a viable variant incurs
an opportunity cost. Instead, SAER provides a scalable evaluation
layer capable of integrating complex textual metadata and short-
term behavioral intents that standard offline metrics fail to capture.
By continuously updating the judging criteria to better reflect live
traffic patterns, engineering teams can iteratively tighten the align-
ment between offline pre-screening and real customer behavior.
This positions A/B testing not as a blind empirical check, but as a
guided workflow informed by a reproducible prior expectation.

5 Discussion and Conclusion
Consistency and tunability. Human evaluators do not represent
ultimate ground truth; live behavior does. While SAER exceeds
individual human consistency [6], its primary value lies in explicit
tunability. Quality standards encoded in prompts are shareable, ver-
sionable, and can be iteratively aligned with live A/B test outcomes.
Furthermore, as foundation models advance, baseline reasoning
improves without requiring infrastructure changes or new data
annotation.

Position bias and uncertainty.While our position swap limits
inconsistency to 12.0%, positional bias remains a structural arti-
fact [29]. Our approach controls this effectively but relies on deter-
ministic point-estimates. Future work should explore uncertainty-
aware calibration to handle marginal comparisons more gracefully.
Recent advances in conformal prediction and confidence-driven
evaluation [4, 24, 27] could further mitigate residual order effects
without strict position swapping.

Semantic similarity bias. SAER exhibits a semantic similarity
bias, rating lists higher than humans do when items are relevant but
lack category diversity (e.g., SAER assigns significantly fewer ’Poor
Match’ labels to the embedding algorithm than humans do). This
indicates LLMs weight item-level relevance over list-level diversity,
motivating the need for complementary diversity metrics.

Limitations and future work. Our evaluation spans a single
product category and contrasts fundamentally different algorithmic
paradigms; future studies should evaluate variants with narrower
gaps (e.g., hyperparameter tuning). Furthermore, SAER relies en-
tirely on textual metadata, whereas human shoppers heavily weight
visual signals. To address this, we plan to extend the framework
using multimodal foundation models to process product images.
Finally, we aim to deploy SAER in a continuous shadowmode to lon-
gitudinally track offline preferences against live A/B test outcomes,
helping close the offline-online evaluation gap [13].

Conclusion. SAER demonstrates that LLM-based evaluation can
serve as a practical pre-screening tool for recommendation develop-
ment. A single large-scale online case study provides encouraging
directional evidence that LLM judgments can align with live user
behavior, producing this signal at a fraction of the time and cost of
A/B testing. However, further validation across distinct algorithm
pairs and product categories is needed to establish broader gener-
ality. By providing a reproducible, explainable directional signal,
SAER enables recommendation teams to iterate with confidence
rather than launching experiments without informed expectations.
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