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Abstract

Large language models (LLMs) excel at struc-
tured information generation but face cost and
latency challenges when deployed at scale in
user-facing products. We present a parameter-
efficient supervised fine-tuning pipeline for
adapting a small language model (SLM) to
structured attribute generation in e-commerce
product listing, enabling continuous model im-
provement with implicit user feedback without
expensive manual annotation. Our approach
involves completeness-deficit guided curation,
which ranks samples by divergence between
model predictions and catalog listing attributes,
selecting the highest completeness gap exam-
ples for progressive fine-tuning. Our system is
deployed on a large-scale product listing ser-
vice, reducing inference costs by 98% and p90
latency by 70% using a fine-tuned SLM relative
to the baseline LLM while preserving an 86.4%
user acceptance rate, translating to significant
monthly infrastructure savings.

1 Introduction

Structured attribute generation is a fundamental
task in e-commerce, where product listings require
accurate population of hundreds of attributes rang-
ing from structured fields (size, color, material)
to unstructured content (titles, descriptions). As
e-commerce services process millions of requests
daily, the need for efficient and cost-effective solu-
tions becomes paramount (Licardo and Tankovic,
2024). While large language models (LLMs) have
shown strong performance on this task through in-
context learning (Brown et al., 2020), deploying
them at scale presents significant cost and latency
challenges.

Modern product listing systems process multi-
modal inputs, combining product images with tex-
tual descriptions, to generate structured attributes
that must conform to predefined schemas (Fig-
ure 1). Using state-of-the-art models like Claude
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Figure 1: Structured attribute generation task. Mul-
timodal inputs (product images and descriptions) are
processed by a language model to generate schema-
compliant structured attributes.

Sonnet 4.5 (Anthropic, 2025) achieves high quality
but incurs substantial inference costs. The funda-
mental question becomes: Can we adapt smaller,
more efficient models to match the quality of larger
models for domain-specific industrial applications
through targeted fine-tuning?

We address this challenge with two key contri-
butions:

1. Completeness-Deficit Guided Curation:
Data curation is critical for effective fine-
tuning. We introduce a domain-specific sam-
ple selection method for structured attribute
generation that leverages implicit user feed-
back. We select training examples where the
model’s predictions have the largest “com-
pleteness gap” compared to catalog listing
attributes, focusing training on areas of weak-
ness.

2. Progressive Fine-Tuning: We demonstrate
that progressive model adaptation, where each
training iteration initializes from the preced-
ing model state rather than the original base
model, outperforms cumulative data aggrega-
tion approaches, achieving higher complete-
ness with less data and fewer training steps.

Our experiments on a large-scale product list-
ing system show that a fine-tuned small language
model (SLM), Amazon Nova 2 Lite (Amazon
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Web Services, 2025), achieves comparable qual-
ity to Claude Sonnet 4.5 (selected as the highest-
performing model for our use case at the time of
experimentation) while reducing inference costs
by 98% and p90 latency by 70%, maintaining an
86.4% user acceptance rate. We validate these re-
sults through both offline evaluation and online
A/B testing.

2 Related Work

Parameter-Efficient Fine-Tuning Low-Rank
Adaptation (LoRA) (Hu et al., 2022) enables ef-
ficient fine-tuning by training low-rank adapter ma-
trices while keeping base model weights frozen.
This approach has been successfully applied to var-
ious NLP tasks (Dettmers et al., 2023; Liu et al.,
2024b), including structured output generation.

Structured Output Generation LLMs have
been applied to structured information extraction
through prompting (Wei et al., 2022) and fine-
tuning (Wang et al., 2023; Dagdelen et al., 2024).
Recent work focuses on schema-constrained gen-
eration (Li et al., 2024) and structured attribute ex-
traction for e-commerce (Yang et al., 2023). Fine-
tuning best practices have been extensively docu-
mented (Parthasarathy et al., 2024), though domain-
specific adaptations remain challenging.

Active and Continual Learning Our
completeness-deficit guided curation relates
to active learning (Settles, 2009), where informa-
tive samples are selected to maximize learning
efficiency. Progressive fine-tuning connects to
continual learning (Parisi et al., 2019), which
addresses how models can learn from sequential
data without catastrophic forgetting (Kirkpatrick
et al., 2017). Unlike traditional continual learning
that focuses on preventing forgetting, our approach
leverages checkpoint initialization to accelerate
convergence on new hard examples.

3 Methodology

Figure 2 illustrates our progressive fine-tuning
pipeline for structured attribute generation.

3.1 Problem Formulation

As illustrated in Figure 1, given a product with
input features x (images, product description), the
task is to generate a set of structured attributes
y = {a1, a2, ..., an} where each attribute ai must

Figure 2: Progressive fine-tuning pipeline. Samples
with the highest completeness gap between model pre-
dictions and catalog listing attributes are selected for
LoRA fine-tuning (k new samples per iteration). Dashed
arrow indicates progressive training where Mt initial-
izes from Mt−1, unlike cumulative training which
restarts from base model M0.

conform to a predefined schema including allowed
values, formats, and constraints.

We define completeness as the percentage of
requested attributes for which the model generates
a valid value:

Completeness(y) =
|{ai : ai ̸= ∅ ∧ valid(ai)}|

|A|
(1)

where A is the set of all attributes requested for the
product category. Importantly, completeness mea-
sures schema-valid, non-empty predictions rather
than exact match against ground truth. For ex-
ample, if a “color” attribute has allowed values
including “Navy” and “Dark Blue,” a prediction
of “Navy” when the catalog listing value is “Dark
Blue” counts as complete, since both are schema-
valid. Exact match is ill-defined for such attributes
with multiple valid values. This design reflects the
deployment context: users review all model sug-
gestions before submission, so generating any valid
prediction reduces manual effort. Values outside
the schema’s allowed set (e.g., a new brand not yet
registered) are not counted as complete; schemas
are updated periodically to incorporate emerging
values. We measure correctness separately through
manual audits (Section 5.2).
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3.2 Completeness-Deficit Guided Curation
While various data selection strategies exist for
fine-tuning, many approaches do not explicitly tar-
get model weaknesses on the specific downstream
task. We propose completeness-deficit guided cu-
ration, which leverages implicit user feedback by
selecting samples where model predictions diverge
most from catalog listing attributes. Given the
same input x, we compute completeness for both
the catalog listing data Ccat(x) (representing exist-
ing attribute values in the product catalog) and the
model’s predictions Cmodel(x). The completeness
gap captures this divergence:

Gap(x) = Ccat(x)− Cmodel(x) (2)

For each training iteration t, we select the k
samples with the highest completeness deficit:

St = argmax
|S|=k,S⊆D

∑

x∈S

(
Ccat(x)− CMt−1(x)

)
(3)

where Mt−1 is the model from iteration t − 1
(or base model for t = 1). Many catalog listing
attributes are optional and frequently left blank.
The completeness gap identifies products where
the catalog contains attribute values that the model
fails to generate, revealing learnable patterns. This
approach focuses training on examples where the
model underperforms relative to existing catalog
listings, effectively using implicit feedback to guide
sample selection without requiring explicit annota-
tions.

3.3 Fine-Tuning Strategies
We compare two fine-tuning strategies. Let k de-
note the number of new samples selected per itera-
tion.

Cumulative Training Train from base model
M0 with accumulated data:

Mt = FineTune(M0,

t⋃

i=1

Si) (4)

Progressive Training Train from the preceding
model state:

Mt = FineTune(Mt−1, St) (5)

In cumulative training, each iteration adds k new
samples to the training set, resulting in progres-
sively larger datasets (k in iteration 1, 2k in itera-
tion 2, etc.), all trained from the base model M0. In

progressive training, each iteration trains on only
the k new samples from the current iteration, using
the preceding model state as initialization. Both
methods select the same number of new samples
per iteration, but differ in whether data accumulates
and whether training resumes from the preceding
state or the original base model.

Cumulative training is the standard protocol in
active learning (Settles, 2009), where newly labeled
data is added to the existing training pool, and the
natural baseline in continual learning (Kirkpatrick
et al., 2017). It resembles curriculum learning (Ben-
gio et al., 2009), where the model is exposed to pro-
gressively larger datasets. However, restarting from
the base model each iteration means previously
learned patterns must be re-acquired, and with fixed
training steps, larger accumulated datasets receive
fewer effective epochs, limiting convergence. In
contrast, progressive fine-tuning offers a key advan-
tage: each iteration refines model weights based
on newly curated hard examples while building
on previously learned representations. This allows
the model to progressively specialize on difficult
cases without re-learning patterns already captured
in earlier iterations.

3.4 Fine-Tuning Dynamics
Each training iteration follows a three-phase cycle:
(1) sample selection using completeness-deficit
guided curation on the current model, (2) LoRA
fine-tuning with the selected k samples, and (3)
evaluation on a held-out benchmark. For progres-
sive training, each iteration initializes from a check-
point of the previous iteration. Importantly, both
training and validation datasets change between
iterations as new samples are selected based on the
current model’s completeness gaps.

We compare strategies under a fixed compute
budget constraint, where each iteration uses the
same number of training steps regardless of dataset
size. This reflects practical production scenarios
where training time and cost are limited.

3.5 Batched Attribute Generation
Rather than generating all attributes in a single
prompt, we partition the attribute set A into B
batches {A1, A2, ..., AB} and generate each batch
separately. This batched generation approach im-
proves completeness because models perform bet-
ter with shorter output contexts (Liu et al., 2024a).
The trade-off is increased inference cost: more
batches require more API calls and repeated input
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tokens.

4 Experimental Setup

4.1 Training Configuration

We use LoRA (Hu et al., 2022) for parameter-
efficient fine-tuning with rank 32. Each iteration
uses k=1,000 new training samples and 100 vali-
dation samples, trained for 100 steps with learning
rate 1× 10−5, global batch size 32, and sequence
length 8,192 tokens. Training is performed on 4×
NVIDIA A100 GPUs using distributed training.
We use the same prompt template across all experi-
ments to ensure fair comparison between training
strategies. For batched attribute generation, we use
B = 4 batches, determined empirically to balance
completeness improvement against inference cost.
Batch assignment is randomized to avoid system-
atic biases from attribute ordering.

4.2 Dataset

We construct our dataset from a production product
listing system. The source consists of public-facing
catalog listing attributes that have been reviewed
and verified, serving as ground truth for training.
Inputs are multimodal, combining product images
and text descriptions. The schema contains more
than 50 structured attributes per product on average.
Each training iteration samples 1,000 new exam-
ples based on completeness-deficit guided curation.

For offline evaluation, we use a held-out bench-
mark dataset of approximately 1,000 products,
completely separate from training and validation
data. The benchmark spans over 1,000 product
categories with a long-tail distribution (the most
frequent category represents under 3% of prod-
ucts), covering diverse domains including jewelry,
apparel, electronics, home decor, personal care,
and toys. The benchmark comprises three input
modalities reflecting real-world listing scenarios:
text+image (37.6%), text-only (45.9%), and image-
only (16.5%). This distribution mirrors production
traffic patterns where users provide varying combi-
nations of product information. Multimodal inputs
(text+image) generally yield the highest complete-
ness, while image-only inputs present the greatest
challenge due to limited textual signal for attribute
inference.

4.3 Models

We compare three configurations: (1) Claude Son-
net 4.5 as the baseline, (2) Amazon Nova 2 Lite

with LoRA adapters as the fine-tuned model, and
(3) Amazon Nova 2 Lite without fine-tuning as the
base comparison. While our experiments use Ama-
zon Nova 2 Lite, the methodology (completeness-
deficit guided curation and progressive fine-tuning)
is model-agnostic and applicable to any LoRA-
compatible base model.

4.4 Evaluation Metrics

We evaluate models using both offline benchmarks
and online metrics.

Offline Evaluation (Fixed Benchmark) We
measure three metrics on the held-out benchmark
dataset:

• Completeness: Percentage of valid attribute
predictions (as defined in Section 3.1)

• Latency: p90 response time (90th percentile)
• Cost: Inference cost based on publicly avail-

able model pricing

Online Evaluation (Production A/B Test) We
measure real-world performance through produc-
tion deployment:

• Completeness: Attribute coverage on live pro-
duction traffic

• User Acceptance Rate: Percentage of model-
generated suggestions accepted without mod-
ification, reflecting real-world utility as per-
ceived by end users

5 Results

5.1 Training Dynamics Analysis

Figure 3 illustrates the training dynamics for both
strategies under our fixed compute budget con-
straint (100 training steps per iteration).

In progressive training (Figure 3a), Round 2
begins at lower initial loss (0.59 vs 0.80), re-
flecting a combination of checkpoint initialization
and the characteristics of newly selected samples.
The model builds on learned representations from
Round 1 while adapting to new hard examples.

In cumulative training (Figure 3b), each itera-
tion restarts from the base model with accumu-
lated data. Under the fixed compute budget, this
results in progressively fewer effective epochs as
data accumulates (Round 1: ∼3 epochs over 1K
samples; Round 5: ∼0.6 epochs over 5K samples).
This epoch dilution contributes to incomplete con-
vergence, with final loss increasing across rounds
(0.38 → 0.52) despite more training data.
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Figure 3: Training loss curves. (a) Progressive: Round 2 initializes from R1 checkpoint, starting at significantly
lower loss (0.59 vs 0.80), a 26% reduction that demonstrates knowledge transfer from prior training. (b) Cumulative:
All rounds restart from base model with accumulated data. Final loss increases across rounds (R1→0.38, R5→0.52)
because with fixed 100 training steps, larger datasets result in fewer effective epochs (R1: ∼3 epochs over 1K
samples; R5: ∼0.6 epochs over 5K samples), leading to incomplete convergence.

Model Iter. Compl. CC†

Claude Sonnet 4.5 – 70.40% –
Nova 2 Lite (base) 0 66.03% 17.70%

Shared Iteration 1∗

Custom (iter 1) 1 71.09% –

Progressive Training
Custom Prog (iter 2) 2 74.20% 20.50%

Cumulative Training
Custom Cumul (iter 2) 2 73.72% –

Table 1: Progressive vs. cumulative training with B=4
batches. All Custom models are Nova 2 Lite with LoRA.
Compl. = Completeness (schema-valid predictions). CC
= Correct Completeness from manual audits (complete-
ness × correctness). ∗Both strategies are equivalent at
t=1.

5.2 Offline Evaluation

Table 1 compares the two training strategies at it-
eration 2. Progressive training exceeded baseline
completeness in just 2 iterations with higher com-
pleteness than cumulative training on the same data
volume.

At iteration 2, progressive training outperforms
cumulative training (74.2% vs 73.7%) despite us-
ing the same data volume, with progressive using
only the 1K newly curated samples while cumula-
tive trains on all 2K accumulated samples from the
base model. In extended experiments (not shown),
cumulative training continued to decline through 5
iterations (72.4%) despite accumulating 5× more
data, confirming that progressive training better ad-
dresses model weaknesses through targeted learn-
ing on the current model state.

To validate that completeness gains translate

to real quality improvements, we conducted sep-
arate manual audits measuring correct complete-
ness (completeness × correctness), where correct-
ness is human-judged accuracy per attribute. As
shown in Table 1, progressive fine-tuning improves
correct completeness by 16% relative (17.70% →
20.50%), confirming that the model generates valid
predictions for substantially more attributes af-
ter fine-tuning, reducing manual effort to fill at-
tributes. Note that catalog listing attributes were
used as proxy labels for training, while manual au-
dits served as the independent ground-truth bench-
mark for evaluation.

To validate that progressive training’s advantage
is not merely due to epoch dilution in cumulative
training, we ran an additional ablation: doubling
cumulative iteration 2 to 200 training steps, match-
ing progressive iteration 2’s effective epochs on
the same data volume. The scaled cumulative
model showed slightly lower completeness than the
100-step version, ruling out insufficient training as
the explanation and confirming that the advantage
stems from checkpoint-based progressive learning
rather than compute allocation.

Beyond completeness improvements, the fine-
tuned SLM offered substantial efficiency gains.
Based on publicly available model pricing at the
time of experimentation, Nova 2 Lite reduced in-
ference costs by approximately 98% compared to
Claude Sonnet 4.5. Additionally, the smaller model
architecture resulted in approximately 70% lower
p90 latency, enabling faster response times in user-
facing applications.
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Metric Claude Sonnet 4.5 Nova 2 Prog

User Accept. Rate 88.3% ±0.2 86.4% ±0.5
Completeness 63.0% ±0.3 59.1% ±0.7

Table 2: Production A/B test results with 95% confi-
dence intervals. All differences are statistically signifi-
cant (p < 0.001, two-proportion z-test).

5.3 Production A/B Test Results

We deployed Nova 2 Lite Custom Prog (iter 2)
in a production A/B test with thousands of users
randomly assigned to treatments. Table 2 shows
the results comparing against Claude Sonnet 4.5,
the highest-performing model for our use case at
the time of experimentation.

The fine-tuned model maintained comparable
user acceptance (1.9 percentage point reduction) de-
spite using a much smaller model. While the SLM
outperforms Claude offline (74.2% vs 70.4%), the
ordering reverses in production (59.1% vs 63.0%)
due to distribution shift between the curated bench-
mark and live traffic. The SLM has been fine-
tuned on only 2K samples from the offline dis-
tribution and does not yet generalize as broadly as
the larger model. Production completeness also
differs methodologically, measuring attributes gen-
erated and accepted by users rather than schema-
valid generation alone. Our progressive pipeline
addresses this by curating subsequent iterations
from current production weaknesses.

6 Conclusion

We presented a progressive fine-tuning approach
for adapting LLMs to structured attribute gener-
ation in e-commerce. Our completeness-deficit
guided curation leverages implicit user feedback
to select training examples, and our progressive
training strategy achieves 98% cost reduction and
70% p90 latency improvement while maintain-
ing an 86.4% user acceptance rate, comparable to
larger models. The key insight is that progressive
model adaptation with targeted sample selection
converges faster than cumulative data aggregation
from the base model.

The core contributions, completeness-deficit cu-
ration and progressive fine-tuning, generalize to
any structured generation task with implicit feed-
back signals, such as form filling, data entry as-
sistance, or configuration generation. Future work
includes continuing progressive fine-tuning itera-
tions with fresh data to address data drift, as well as

extending the approach to reinforcement learning
with verifiable rewards for attributes with determin-
istic validation rules.

Limitations

Our experiments focus on a single product listing
domain and a single base model; generalization to
other structured generation tasks and model fam-
ilies requires validation. As noted in the produc-
tion results, the fine-tuned SLM shows sensitivity
to distribution shift, with relative performance re-
versing between offline and production settings.
Progressive training was evaluated through only
two iterations; longer-horizon behavior, including
potential compounding of distribution bias from
iterative curation, remains an open question.

Ethics Statement

This work uses only publicly available product cat-
alog information (e.g., size, color, material) with
no personally identifiable information. All data
used for training and evaluation consists of public-
facing product attributes from catalog listings. Hu-
man oversight is maintained through submission
workflows, where all model-generated suggestions
require explicit user approval before publication.
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