
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

Toward Self-Evolving Recommenders: Agentic Feature
Engineering in High-Throughput Systems
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Abstract
Feature engineering is a complex, labor-intensive bottleneck re-
quiring extensive effort to extract predictive signals. To automate
this, we present an industrial case study where LLM agents explore
semantic feature spaces for click-through-rate (CTR) prediction in a
massive real-time recommender. The system converts unstructured
creative input into compact categorical features via an LLM en-
richment library; pre-ranks thousands of candidates using an open-
source tool; evaluates survivors via cold-start-aware AutoML; and
deploys them through production training and serving pipelines.
Deploying these semantic features across two production CTR
models yielded relative offline RIG gains and online business lift.
However, these gains incurred material serving costs, increasing
inference latency by 30–50% and CPU time by 25–30%. We detail
the architecture, evidence chain, and failure modes needed to tran-
sition agentic feature discovery into a deployable AI data scientist
workflow.

CCS Concepts
• Information systems → Recommender systems; • Comput-
ing methodologies→ Artificial intelligence; Multi-agent sys-
tems.

Keywords
AI data scientist, LLM agents, feature engineering, recommender
systems, CTR prediction, real-time bidding

1 Introduction
Online recommendation systems serve as an ideal, yet exceptionally
demanding, testbed for automating data science workflows [2].
Because they are driven by direct, measurable user interactions,
they provide the rapid feedback loops necessary to evaluate an
AI data scientist system in the wild. However, shepherding a new
idea into production requires surviving a rigorous process data
extraction, feature materialization, model training, strict serving
latency constraints, and live A/B testing.

In advertising recommenders, pipelines typically optimize click-
through rate (CTR), the primary economic engine dictating ad
ranking and revenue. While the space of potential CTR signals
within unstructured creatives is vast, manual extraction is notori-
ously slow. Industrial CTR models heavily leverage high-cardinality
feature crosses; yet, while architectures like DCN-v2 and AutoFIS
efficiently learn these interactions [6, 16], they only optimize over
available fields. Our agentic loop instead expands the field space
itself by generating semantic feature specifications directly from
unstructured creative data.

Recently, multi-agent LLM systems have proven highly effective
at autonomously generating interpretable features from unstruc-
tured contexts [1, 7]. However, the strict real-time requirements
of CTR prediction make querying foundation models in the live

request path infeasible. To resolve this, our system shifts the heavy
LLM inference offline using a closed-loop evolutionary paradigm:
an LLM iteratively proposes feature specifications, an enrichment
component materializes the values, and an evaluation stack scores
them. While sharing conceptual similarities with early feature dis-
covery methods [12], our core contribution is the production bridge:
distributing this exploratory loop, productizing the pipelines, and
validating the features in two live CTR models.

The paper makes three practical points. First, LLM-extracted fea-
tures successfully surface predictive signals from unstructured cre-
atives. By designing these as compact multi-value categorical fields
rather than dense embeddings, they remain inspectable and eas-
ily fit existing feature-crossing machinery. Second, agentic search
requires a two-speed evaluation stack: rapid pre-selection over thou-
sands of candidates, followed by computationally heavy AutoML
and A/B testing. Third, while online business wins were substantial
even with modest offline lifts, they incurred material serving costs;
thus, latency, CPU, and traffic effects must be rigorously evaluated
alongside prediction metrics.

2 Related Work
LLMs for recommendation. Recent surveys show that LLMs can

support recommenders through item/user representation, prompt-
ing, explanation, reranking, and industrial deployment patterns [15,
17]. Much of this work studies LLMs as recommenders or as rep-
resentation engines. Our setting is different: the LLM is offline
infrastructure for producing compact semantic fields, while the on-
line recommender remains a conventional low-latency CTR model.
Features, once discovered, are utilised in real-time inference via
lookup based mechanism.

Automated feature engineering with LLMs. A growing line of re-
search leverages LLMs for feature generation, predominantly on
tabular datasets. Methods generate binary rules [4], apply Python
transformations to existing columns [1], or fine-tune models via
DPO [5]. Some also introduce iterative optimization using decision-
tree reasoning [1, 7]. However, these methods rely on combining
already-structured inputs. Conversely, when applied to unstruc-
tured text, LLMs typically extract opaque dense embeddings in a
single, non-iterative pass [10]. Our work bridges these domains
by iteratively optimizing over unstructured creatives to explicitly
output transparent categorical fields rather than embeddings.

Agentic data science. LLM-agent work provides the tool-use and
feedback-loop substrate [11, 14, 18]. Agent0 applies this idea to
multi-value feature discovery for recommenders [12]. We build on
that direction but focus on the missing production layer: batch en-
richment, human approval gates, online A/B evidence, and serving-
cost guardrails.
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Table 1: Related work overview.

Line of work Distinction of this paper

LLMs for recommenders [15,
17]

LLMs run offline to emit compact categorical fields for an
existing low-latency CTR model, rather than serving as the
ranker or retriever

CTR feature search [6, 16] The agent expands the field space with semantic specifications
over creative assets, rather than only selecting crosses over
existing fields

General LLM agents [14, 18] Tool use, memory, and reflection are constrained by feature con-
tracts, production training, human gates, and online guardrails

Agent0-style discovery [12] The system adds distributed execution, batch enrichment, Out-
Rank preselection, A/B evidence, and serving-cost analysis

3 System architecture
Figure 1 summarizes the system.

Data Flow and Orchestration. The system ingests ad creatives
and request contexts (e.g., text, URLs, image descriptors). Driven by
an agentic Architect-Executor framework, an architect model
(GPT 5.4) proposes novel features while an executor (GPT 4.1
nano) extracts them. The output augments the original data with
structured categorical fields. Rather than using opaque embeddings,
these fields decode visual and structural semantics—such as an
ad’s core value proposition—transforming unstructured marketing
intuition into discrete, actionable and interpretable recommender
signals.

The Two-Speed Agentic Research Loop. To efficiently discover and
validate these signals, the exploration loop operates at two distinct
evaluation speeds:

• The Fast Path: TThe architect generates thousands of
candidate features. These are rapidly filtered in minutes
using an mRMR-style approach [8, 9] via the OutRank li-
brary [13]. Candidates are ranked based on their mutual
information (MI) with user clicks and redundancy against
already-selected fields. To ensure fair comparison, MI scores
are normalized against the feature’s cardinality.

• The Slow Path: Survivors from the MI-based pre-selection
enter a direct model-in-the-loop evaluation phase. Each
selected feature is appended to the baseline model, which is
then fine-tuned. The system ultimately scores and validates
these candidate features based on the performance lift they
provide to the newly fine-tuned model.

Scalable Batch Enrichment. To prevent feature enrichment from
becoming a computational and financial bottleneck, we imple-
mented a scheduled, config-driven Python library. This unified
pipeline replaces fragile, ad hoc scripts with a production-ready
system that shares a single code path across offline research, in-
memory workflows, and automated Airflow based feature emission.

Three core design choices ensure this infrastructure remains
both scalable and reliable:

• Dynamic Schemas: The library converts feature specifi-
cations into strict structured outputs. Depending on the
feature, the executor uses single-value classifiers to extract
simple value/confidence pairs, or multi-value extractors
that yield multiple normalized categorical values, explicitly
associated with individual confidence scores.

• Multi-Axis Scaling:To aggressively reduce overhead, through-
put is scaled via deduplication of repeated data, batch prompt-
ing [3], and batch API calls. Together, these optimizations
reduced batch processing costs by two orders of magnitude
– from thousands of dollars per day to tens of dollars.

• Operational Resilience: To avoid the failure modes com-
mon to notebook-scale prototypes, the system is fortified
with robust error-handling mechanisms, including token
refreshes, fallback models, direct-call fallbacks for degraded
batches, unmapped row retries, deadline enforcement, cir-
cuit breaking, and stale-file sweeps.

Human Gates and Online Promotion. Transitioning features to
live traffic requires a rigorous, non-autonomous promotion pro-
cess. Data scientists first audit prompts for leakage and review
offline metrics. Upon approval, offline LLM outputs are flattened
into standard multi-value categorical features, retaining only high-
confidence labels. Finally, automated checks verify coverage, cardi-
nality drift, and hashing compatibility, ensuring compliance with
strict production latency and stability constraints.

4 Evaluation Framework
4.1 Experimental Setup and Metrics
We evaluate the agentic workflow across three distinct levels: of-
fline model performance, online business impact, and system-level
serving costs.

Offline Metrics. Offline, candidate features are evaluated using
relative information gain (RIG). For binary clicks 𝑦𝑖 and predictions
𝑝𝑖 , RIG is formally defined as:

RIG = 1 − CE(p̂, y)
CE(𝑝, y) ,

where CE denotes the cross-entropy loss and 𝑝 is the empirical
CTR. Candidate features are also judged through feature ablations,
calibration checks, feature-vector validation errors, and cold-start
AUC (evaluated in the early hours after a new creative signature
appears in the feature store).

Online Business KPIs. Online experiments compare control and
variant serving stacks under the production budget-split A/B frame-
work, using stable randomization units and pre-specified primary
and guardrail KPIs. We monitor core system metrics, including
a margin proxy (a per-mille revenue-minus-media-cost measure),
gross revenue (GR), clicks, conversion-value utilization (CVU) rela-
tive to spend, and CPA behavior. We also track downstream traffic-
type metrics and budget transfer effects.

System and Operational Metrics. Because the recommendation
system operates under strict real-time constraints, we rigorously
monitor system health. Key metrics include inference latency per-
centiles, CPU time per ad, timeouts, and client error rates.

Note on Attribution and Anonymization: We report all lift values
as relative changes against control models, omitting or bucketing
exact traffic and absolute metrics for anonymity. For deployments
bundling LLM features with other updates, attribution is weaker;
we therefore rely on offline ablations and segment slices to isolate
specific effects.
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Figure 1: Agentic recommender workflow. An architect proposes features, an executor evaluates them, and feedback drives the
search loop.

Table 2: Agentic search protocol and evidence funnel. Counts are bucketed.

Stage State or artifact Funnel Gate

Candidate generation JSON specs: inputs, task, examples, output schema, confidence
rule, leakage checks

103 specs Reject leakage, unsafe semantics, ambiguity,
high cardinality

Batched enrichment Typed config, dynamic schema, cache key, cover-
age/null/cardinality report

50+ enriched Fail closed on invalid outputs; retry un-
mapped rows

Fast preselection OutRank relevance/redundancy score within cardinality
bucket

101–102 survivors Ranking is a filter, not a deployment decision

Slow evaluation Single-feature tests, from-scratch search, HPO, RIG/csRIG,
validation errors

100–101 finalists Require calibration, ablation, and validation-
error checks

Production A/B Versioned feature emission, serving variant, rollback trigger,
online outcome

2 shipped Monitor margin proxy, GR, CVU, CPA, la-
tency, CPU, loss codes

Table 3: Two production deployments of LLM-derived semantic features.

CTR (traffic type A) CTR (traffic type B)

Experiment design Production A/B; traffic bucket redacted Production A/B; traffic bucket redacted
Promotion status Passed internal KPI/guardrail gate; CI redacted Passed internal KPI/guardrail gate; CI redacted
Main comparator Production control plus semantic-field removal ablation Production control; semantic fields checked against validation

errors
Feature-count change ≈ +11% ≈ +8%
Representative semantic fields 6 fields 4 fields
Offline lift positive relative RIG lift, promoted to online test ≈ +0.26% relative RIG
Cold-start evidence AUC wins 12/13 early buckets; ≈ +0.1–0.3% relative monitored; no validation regression
Online business lift ≈ +6% margin proxy; ≈ +5% CVU ≈ +6.6% GR; ≈ +6.3% margin proxy
Ablation evidence Removing semantic fields reduced advantage; exact delta

redacted
Semantic fields isolated from validation regressions; online ab-
lation not disclosed

Calibration / CPA similar; favorable CPA direction similar calibration
Latency cost ≈ +50% ≈ +30–40%
CPU cost ≈ +30% ≈ +25%

CSV / dict
typed columns

streaming
dedup

in-context
batch 𝐾

Batch API
split planner

parallel
batch jobs

parse +
reconstruct

content+spec
cache

retry
unmapped

Figure 2: Productized batch enrichment. The pipeline min-
imizes API calls via deduplication, caching, and in-context
batching, followed by parallel execution, schema validation,
and full-cardinality reconstruction.

4.2 Production Deployments and A/B Test
Results

CTR (traffic type A) This model used semantic features from cre-
ative text and description, and HPO at the online-learning-objective
level. Offline search found a small set of features with a consis-
tent positive relative RIG lift over production; the exact absolute
RIG movement is omitted for anonymization. Online, the variant
achieved about+6% on the margin proxy and+5% conversion-value
utilization, with consistently higher clicks and revenue. Cold-start
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analysis over the first hours of creative life was especially support-
ive: the variant won AUC in 12 of 13 hour buckets, with typical
relative gains of roughly +0.1–0.3%. An ablation removing the LLM
fields while keeping other changes reduced the advantage; the exact
delta is redacted, but the direction was strong enough to keep the
semantic fields in the promoted variant. Because this deployment
also included request/context additions and HPO, we report it as
strongest evidence for the end-to-end agentic workflow rather than
as a perfectly isolated LLM-only treatment.

CTR (traffic type B) This added four production-ready LLM
fields, most notably assumed result horizon – a field that attempts
to estimate time horizon of the ad’s "impact" (e.g., immediate, mid-
term etc.). The offline movement was smaller, about +0.26% relative
to the production model, but large enough to justify an online test.
Online, traffic improved strongly: roughly +6.6% gross revenue
and +6.3% on the margin proxy, with more clicks and revenue
and similar calibration. Feature-vector validation error rates were
similar to control. On the broader marketplace view, gains were
not fully canceled by downstream engagement effects, yielding a
positive aggregate marketplace result.

5 What We Learned
Offline evidence is necessary but not calibrated. MI preselec-
tion and offline evaluation were useful for pruning a huge feature
space, but online effect sizes did not scale linearly with search scores.
This was most visible for ad-side features: some offline lifts were
modest, yet online business impact was large once the model inter-
acted with bidding, budget, and cold-start traffic. Ultimately, this
disconnect reveals a flaw in how autonomous AI systems are cur-
rently evaluated. Future benchmarks for AI data scientists should
not merely score an agent’s ability to maximize offline prediction
metrics; they must also measure its ability to navigate the offline-
to-online gap and select features that drive true production impact.

Compute is the main product trade-off. However, these pre-
dictive wins were driven by multi-value fields and complex feature
crosses, which substantially increased serving complexity. For site
traffic, inference latency rose by roughly 50% and CPU time by
30%, with timeout diagnostics indicating a +6.5% increase in critical
loss over the control. Similarly, app traffic experienced a 30–40%
increase in p95 latency across most regions, alongside a 25% rise
in CPU time per ad. Because subsequent speed optimizations de-
graded the observed KPI lifts, the final production deployment
accepted the higher latency overhead while strictly monitoring
client errors. These material increases highlight the central tension
of industrial-scale deployments. As emphasized by Anil et al. [2],
modern recommendation systems are heavily bottlenecked by the
"factory floor" realities of serving infrastructure. Consequently, of-
fline RIG gains cannot be viewed in isolation; future iterations of
the agentic loop must learn to optimize not just for predictive rele-
vance, but explicitly for the strict computational budgets required
to serve these features in real-time.

Agentic search benefits from distributed diversity, but can
still converge prematurely. Distributing the architect-executor
loop across multiple machines with shared memory significantly
accelerated feature exploration and provided critical robustness

against worker failures. However, this shared-memory architec-
ture introduced a new challenge: when all parallel runs observed
the same high-scoring prompts, the agents tended to prematurely
converge on narrow regions of the semantic space. To counteract
this mode collapse, we implemented explicit diversity constraints,
cardinality-aware ranking, and a two-stage "fast-then-slow" evalua-
tion protocol, which ultimately proved far more effective at discov-
ering orthogonal signals than a single greedy optimization loop.

6 Limitations and Future Work
Limitations. Reproducibility is a primary limitation. Unlike pub-

lic benchmarks, this study relies on proprietary datasets and KPIs,
necessitating the redaction of exact A/B sample sizes, absolute met-
rics, and confidence intervals. Furthermore, responsible deployment
introduces non-trivial risks (e.g., data leakage, sensitive inferences,
harmful semantics). Consequently, the system is not entirely au-
tonomous; it treats feature specifications as human-reviewable
artifacts and strictly isolates LLMs from the online request path.

Future Work. These learnings suggest several future directions.
First, meta-transfer HPO could share search experiences across
CTR models, avoiding isolated searches. Second, the framework
could expand beyond ad-side CTR to conversion rate (CVR) and
impression-side features. Third, we aim to incorporate multimodal
foundation models to process raw images directly, while carefully
managing computational costs. Finally, our early, unsuccessful at-
tempts at "semantic gradient" search—where agents use ranked fea-
tures to iteratively guide new hypotheses—highlight an unsolved
problem. While LLMs easily generate plausible initial hypotheses,
mathematically optimizing over purely semantic feature spaces
remains a formidable challenge.

7 Conclusion
We presented an industrial case study of agentic data science for
recommender feature engineering. By combining LLM-generated
semantic specifications, batched enrichment, OutRank preselection,
AutoML, and production guardrails, the system selected features
driving positive offline and online outcomes in two live CTRmodels.
This experience suggests a practical definition of anAI data scientist:
a tool-using loop proposing hypotheses, materializing data, learning
from feedback, and remaining accountable to serving constraints.
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