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Abstract

Large Language Models (LLMs) often under-
perform in domain adaptation for industrial set-
tings, where available corpora are limited and
structurally diverse. These corpora frequently
include non-natural formats such as tables, en-
tity lists, or bullet-point instructions that hinder
effective learning. To understand and improve
domain-adaptive pretraining on such data, we
introduce SParK-Eval (Structure-aware Para-
metric Knowledge Evaluation), a framework
that constructs question—answer pairs from pre-
training data and annotates each with its in-
put structure (e.g., natural sentence, table, list).
This enables fine-grained analysis of how input
structure affects parametric knowledge acquisi-
tion during DAPT. Additionally, we propose a
prompt-based input normalization method that
converts diverse inputs into coherent natural
sentences, providing a reference for isolating
structural effects. Our experiments show that
LLMs acquire substantially more knowledge
from natural sentences than from their struc-
turally non-standard counterparts. These find-
ings underscore the importance of structure-
aware evaluation in diagnosing learning chal-
lenges and guiding effective domain adaptation
strategies.

1 Introduction

Large language models (LLMs) acquire gen-
eral knowledge through pretraining on vast cor-
pora. This pretraining typically relies on widely
available general-domain sources—such as books,
Wikipedia, news articles, and web data—which pro-
vide large volumes of high-quality natural language
content (Gunasekar et al., 2023; Zhao et al., 2024;
Longpre et al., 2024). While this enables broad lin-
guistic and commonsense competence, LLMs often
struggle when applied to specialized domains that
feature unique terminology, structural patterns, and
discourse styles not represented in the pretraining
data.

Training data
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Figure 1: Overview of SParK-Eval, a framework for
measuring structure-aware knowledge acquisition for
evaluating LLM pretraining on limited, information-

dense corpora with diverse structures. Example shown

uses publicly available dishwasher specifications'; ac-

tual experiments use proprietary technical records.

To address this, Domain-Adaptive Pretraining
(DAPT) is widely adopted to specialize LLMs for
specific domains (Gururangan et al., 2020). How-
ever, DAPT corpora differ from general-domain
data not only in domain specificity but also in
size and structure. Broad domains such as law,
biomedicine, finance, and mathematics typically
provide large-scale resources—often billions of to-
kens—where redundancy ensures that knowledge
is repeated and phrased in many natural-language
variations. In contrast, industrial and enterprise
domains—covering areas such as manufacturing,
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energy, transportation, and I'T operations—often of-
fer much smaller corpora (only a few million tokens
or less), because available text is largely restricted
to highly specialized technical records (e.g., prod-
uct manuals, software release notes, maintenance
logs). These corpora are information-dense and
frequently exhibit diverse structures such as bullet-
point instructions, entity lists (e.g., supported prod-
uct names), tables, or short imperative fragments.

Common data filtering practices, such as remov-
ing short or unpunctuated sentences (Raffel et al.,
2020; Rae et al., 2022), may help in general cor-
pora but can be detrimental in niche settings, where
every sentence may carry important information.
Hence, learning from structurally diverse data be-
comes crucial for effective DAPT.

Moreover, while recent works have explored
data transformation techniques—such as rephras-
ing structured inputs into natural language (Cheng
et al., 2024; Maini et al., 2024) or generating syn-
thetic explanations from knowledge graph triplets
(Yang et al., 2025)—these approaches primarily
measure downstream task performance or overall
knowledge gain. They offer limited insight into
whether LLMs effectively encode knowledge from
structurally diverse inputs such as tables or entity
lists.

In industrial technical records, where data is
limited yet highly information-dense, identifying
which input structures hinder LLM learning is cru-
cial for monitoring and diagnosing the model’s
knowledge acquisition during domain adaptation.

To address this gap, we make two complemen-
tary contributions:

* Structure-aware Parametric Knowledge
Evaluation (SParK-Eval): We introduce a
method that jointly generates evaluation ques-
tions from training data and annotates them
with structure labels (e.g., natural sentence,
entity list, tabular). This enables fine-grained
analysis of how different data structures con-
tribute to the parametric knowledge acquired
during DAPT.

* Isolating structure effects via input nor-
malization within SParK-Eval: To isolate
the impact of data structure, we develop a
prompt-based transformation method that con-
verts all structurally diverse inputs into coher-
ent, natural sentences. This provides a refer-
ence against which performance from original
structures can be compared. We observe that:

— LLMs achieve the highest knowledge
gain from naturally structured sen-
tences—consistent with findings from
“Textbooks are all you need” (Gunasekar
et al., 2023).

— Structurally non-standard inputs—such
as entity lists and tabular data—Iead to
significantly lower knowledge acquisi-
tion compared to their naturalized coun-
terparts.

Building on these observations, by identifying
hard-to-learn structures (e.g., tables or entity lists),
SParK-Eval guides targeted normalization or re-
phrasing and also enables systematic evaluation of
these data transformation techniques. In our indus-
trial dataset, normalization yields substantial im-
provements for entity-list structures but only mod-
est gains for tabular data, underscoring the need for
more specialized data transformation approaches,
such as table comprehension methods, for handling
tabular content. Thus, it serves not only as an eval-
uation framework but also as a practical tool for
optimizing domain-adaptive pretraining pipelines
in industrial applications.

2 Related Work

2.1 DAPT Evaluation Techniques

Evaluating domain-adapted LLMs typically relies
on downstream tasks such as question answering,
summarization, conversational benchmarks, or pro-
fessional certifications (Kumar et al., 2026; Singhal
etal., 2023; Wu et al., 2023; Liu et al., 2024), which
capture overall domain competence but reveal little
about what knowledge the model actually acquires.

To isolate knowledge gain, fact-based probing
methods have been proposed. LAMA (Petroni
et al., 2019) reformulates knowledge triplets (sub-
ject, relation and object) into cloze-style queries
and obtains a ranking of the ground truth to-
ken among vocabulary candidates in order to
evaluate masked LMs. Recent studies including
AdaptLLM (Cheng et al., 2024; Kim et al., 2025)
apply a similar approach to causal LMs by mea-
suring next-token likelihood on “predict-the-next-
token” queries. EntiGraph (Yang et al., 2025)
instead employs few-shot multiple-choice ques-
tions (MCQs) and additionally derives queries from
training-aligned data to analyze training efficiency,
though MCQ formulations have been shown to
introduce positional and token bias (Wang et al.,
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2024; Pezeshkpour and Hruschka, 2024; Zheng
et al., 2024; Zhao et al., 2021).

Our approach similarly constructs probing
queries from training data but extends prior work
by explicitly linking them to diverse structural
patterns for fine-grained analysis. Furthermore,
we replace bias-prone MCQs with simpler ques-
tion—answering queries, ensuring an unbiased and
interpretable evaluation pipeline.

2.2 Training Data Characteristics

Beyond evaluation techniques, the characteris-
tics of training data themselves critically shape
LLM performance during domain adaptation.
Prior work shows that book-like or Wikipedia-
style text improves knowledge acquisition (Gu-
nasekar et al., 2023), whereas low-context or noisy
text—e.g., short, repetitive, or punctuation-free sen-
tences—often degrades model quality (Zhao et al.,
2024; Longpre et al., 2024).

To reduce noise in broad-domain corpora, pre-
processing pipelines apply aggressive filtering; for
example, the C4 dataset (used by TS5) removes short
or unpunctuated lines (Raffel et al., 2020). While
effective for large redundant datasets, such filtering
risks discarding structurally diverse but informative
text in specialized industrial domains, where every
sentence may encode critical knowledge.

To address this, recent work explores data
conversion techniques that transform non-standard
inputs into natural language. RephraseWeb (Maini
et al., 2024) rephrases raw text into Wikipedia-
like sentences using prompt-based LMs;
AdaptLLM (Cheng et al., 2024) generates
reading-comprehension tasks from raw text via
regex transformations; and EntiGraph (Yang
et al., 2025) constructs knowledge graphs and
prompts LMs to produce edge-level explanations.
While RephraseWeb and AdaptLLM target large
general-purpose datasets, EntiGraph focuses
on small-scale domain adaptation but operates
primarily on natural-sentence corpora, without
addressing structurally diverse formats like bullet
points, tables, or entity lists.

A complementary effort, QuRating (Wettig et al.,
2024), assesses data quality across dimensions such
as writing style, factuality, and educational value
using LLM-based judgments (GPT-3.5). However,
this approach remains training-independent and re-
lies on the subjective judgments of LLM evaluators
rather than explicit alignment with model learning
dynamics.

In summary, while prior work studies data fil-
tering, data conversion, and data quality assess-
ment, no existing method systematically analyzes
how structural diversity in training data influ-
ences knowledge acquisition during DAPT. Accord-
ingly, these methods are not directly comparable
to SParK-Eval, as they address different tasks or
settings; rather, they can be incorporated as alter-
native methods within different components of our
framework.

3 Method

We propose SParK-Eval to analyze how LLMs en-
code knowledge from diverse structures in train-
ing data. This setting is particularly important
for industrial technical records, where data is
information-dense, highly specialized, and avail-
able only at a relatively small scale (often a few mil-
lion tokens). Our method consists of two compo-
nents: SParK-Eval for structure-aware evaluation,
and an input normalization procedure to isolate
structural effects.

3.1 SParK-Eval

Figure 2 provides an overview of SParK-Eval.
We generate evaluation queries directly from the
training corpus rather than relying on public
datasets (Petroni et al., 2019; Cheng et al., 2024),
enabling direct monitoring of knowledge acquisi-
tion from specific portions and structures of the
training data while preserving links to the original
source documents.

Structure definitions We categorize source snip-
pets into three mutually exclusive structure types
commonly observed in industrial records: natural
sentences (standard prose conveying facts), entity
lists (linear enumerations such as product names,
versions, or supported platforms that are not ta-
bles), and tabular data (facts expressed in table
form). Short or imperative fragments typically oc-
cur within these types; we therefore restrict label-
ing to these three categories to enable clear, non-
overlapping analysis.

Evaluation query design To evaluate knowledge
recall rather than reasoning ability, we initially con-
sidered multiple-choice questions (MCQs) because
they simplify scoring, but prior work (Wang et al.,
2024; Pezeshkpour and Hruschka, 2024; Zheng
et al., 2024; Zhao et al., 2021) shows that MCQs
introduce positional and token biases and conflate
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Training data (i.e., technical records of dish-washer)

TECHNICAL MANUAL FOR UPRIGHT
DOOR DISHMACHINE SERIES

SECTION 5: SERVICE PROCEDURES

SECTION 1: SPECIFICATION
INFORMATION
OPERATING CAPACITIES

TOOLS REQUIRED

maintenance evolution:
1. 3/8” Nutdriver
OPERATING CAPACITY (PER HOUR): 2. 7/16” Combination Wrench
Model Racks Dishes Glasses 3. Needlenose Pliers
300X 57 1425 1425 4. Phillipshead Screwdriver
5
6

300XN 57 1425 1425 . Flathead Screwdriver
300XLT 57 1425 1425 . Ratchet with 1/2” Socket
OPERATING CYCLE (SECONDS): TIME REQUIRED

Wash Time 45 sec

Rinse Time 11 sec
Complete Cycle Time 58 sec

RINSE REGULATING THERMOSTAT REPLACEMENT

The following tools may be needed to perform this

It is estimated that it will take (1) person sixty minutes
to perform this task, not including all of the items
indicated in the section entitled “PREPARATION”.

Continual
pretraining

Questions DAPT LLM

(to be evaluated)

Generated
answers

Scoring LLM

Structures

Answers

QA dataset with structure labels
(structure-aware evaluation queries)

LLM for annotation

Structure | Accuracy

Natural X%

Question Answer

structure
Entity-list | Y%

What is the estimated time required for one person to
perform the rinse regulating thermostat replacement task?

Sixty minutes

N Tabular | 2%

Which screwdriver types may be required for the rinse
regulating thermostat replacement?

Phillipshead Screwdriver
Flathead Screwdriver

Entity-list 1

How many racks per hour can Model 300XN process? 57

Monitoring structure-aware
knowledge acquisition

Tabular

Figure 2: SParK-Eval for evaluating structure-aware knowledge acquisition from LLM pretraining. Example shown
uses publicly available dishwasher specifications (Footnote 1); actual experiments use proprietary technical records.

knowledge assessment with additional reasoning
requirements. We therefore use open-ended evalua-
tion queries whose answers are constrained to short
factual phrases or newline-delimited lists of enti-
ties, enabling reliable LLM-based scoring while
avoiding MCQ-related biases.

LLM-based query generation We use a general-
purpose instruction-following LLM (GPT-4.1-
2025-04-14) with a carefully designed prompt that
enforces three constraints: (i) each query must de-
rive from exactly one structure type to ensure clean
structural categorization, (ii) ambiguous or mixed
cases are discarded to maintain annotation reliabil-
ity, and (iii) questions must be self-contained so
that answers depend only on the provided source
passage rather than external context. Apart from
a minimal requirement to include any additional
context needed for disambiguation, all instructions
remain domain-agnostic; full details appear in Ap-
pendix A.1. We typically provide the entire doc-
ument as input; for longer files, we manually seg-
ment at semantically coherent boundaries (e.g., sec-
tion or subdocument level) to preserve meaning
while fitting within context limits.

Evaluation metrics We first experimented with
reference-guided pairwise comparison (Zheng
et al., 2023), where a judge LLM compares two
model answers against a reference. While this
yields pairwise win-rates and head-to-head scores
(Appendix A.2), it lacks global consistency when

comparing more than two models and remains sus-
ceptible to scalability and positional biases (Wang
et al., 2024). To overcome these limitations, we
adopt pointwise reference-guided evaluation: the
judge LLM examines a single model answer and
the reference, returning a binary decision indicat-
ing whether the prediction semantically matches
the reference while ignoring surplus text or format-
ting artifacts (Appendix A.3).

This evaluation provides a fine-grained measure
of knowledge acquisition across different struc-
tures; the next step isolates the effect of structure
itself by normalizing inputs for direct comparison.

3.2 Isolating Structure Effects via Input
Normalization within SParK-Eval

While SParK-Eval measures knowledge acquisition
across diverse structures, performance may also be
influenced by factors beyond structure, such as the
clarity or inherent difficulty of individual queries.
To isolate structural effects, we construct a refer-
ence baseline by converting all inputs into a single,
standardized narrative format. This enables direct
comparison between the original and normalized
data, ensuring that performance differences arise
solely from structural variation rather than query
complexity.

Reference baseline and normalization prompt
Motivated by prior work showing that book-
like (Gunasekar et al., 2023) and Wikipedia-
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Model Racks Dishes Glasses

300X 57 1425 1425

300XN 57 1425 1425

300XLT 57 1425 1425

OPERATING CYCLE (SECONDS):

Wash Time 45 sec

Rinse Time 11 sec

Complete Cycle Time 58 sec
OPERATING TEMPERATURES (°F):
Wash Temperature (Minimum) 150°F
Wash Temperature (Minimum) 66°C
Rinse Temperature (Minimum) 180°F
Rinse Temperature (Minimum) 83°C

dishes or 1,425 glasses within the same timeframe. This efficiency makes them ideal
for high-demand environments.

The operating cycle of these dishwashers is meticulously engineered for optimal
performance. The wash time is set at 45 seconds, followed by an 11-second rinse,
culminating in a complete cycle time of just 58 seconds. This streamlined process
ensures rapid and thorough cleaning.

Temperature control is a critical aspect of the Jackson Dishwasher models. The
minimum wash temperature is maintained at 150°F (66°C), while the rinse
temperature is set at a minimum of 180°F (83°C). These temperatures ensure
effective sanitation and compliance with industry standards....

Raw data +—» LLM for normalization —'{ Structure normalized data

SECTION 1: The Jackson Dishwasher models, including the 300X, 300XN, and 300XLT, are
;EES;;&%_?S&E;';ERATING CAPACITY designed to deliver exceptional performance with a high operating capacity. Each of
(PER HOUR): these models can process up to 57 racks per hour, equating to an impressive 1,425

Structure: —
Tabular I—> DAPT training
Entity-list

| DAPT-N training

Figure 3: An illustration of structure normalization, where raw structured data is converted into high-context narrative
sentences. Example shown uses publicly available dishwasher specifications (Footnote 1); actual experiments were

conducted on proprietary technical records.

style (Maini et al., 2024) text provides high-quality
pretraining signals, we approximate natural sen-
tences by converting structurally diverse inputs into
high-context narrative sentences (Figure 3). This
normalized representation preserves all relevant
information while presenting it in a coherent, de-
scriptive style designed to maximize training utility.
To achieve this, we design a detailed prompt for
GPT-4.1 that explicitly accounts for structural diver-
sity and the information-dense nature of industrial
data. Unlike RephraseWeb (Maini et al., 2024),
which paraphrases text using simple, short instruc-
tions for large-scale general-purpose corpora, our
prompt applies a chain-of-thought strategy where
the LLM (1) rates the quality of each segment,
(2) comments on its training suitability, and (3)
rewrites it into high-context narrative sentences for
structure-controlled evaluation (Appendix A.4).

Segmentation details Because input length was
found to substantially affect normalization qual-
ity (Maini et al., 2024), we empirically set the max-
imum segment length to 700 tokens: longer seg-
ments often introduced information loss through
summarization, whereas much shorter ones dis-
rupted document-level coherence. Each segment,
together with the instructions, is processed by the
LLM, and the converted text is extracted automati-
cally using regular expressions, achieving a 99.4%
extraction success rate; the negligible remainder is
discarded.

4 Experiments

4.1 Data and Evaluation

We conduct experiments on proprietary industrial
technical records from the release notes of a large
enterprise I'T management software suite. The
dataset covers topics such as installation, configu-
ration, administration, integration, and operational
guidelines.

The dataset exhibits four key properties typical
of industrial data: it is unseen for public LLMs,
limited in size, information-dense, and structurally
diverse. As this corpus is proprietary, it is not
included in the pretraining data of public general-
purpose LLMs, making it a suitable benchmark for
industrial domain adaptation. The dataset size (42
documents, 4M tokens) reflects typical constraints
of industrial adaptation settings, where available
text is limited but highly information-dense. Un-
like open domain corpora where the same fact may
appear in multiple forms across documents, indus-
trial records often provide a single, authoritative
source for each fact, with minimal redundancy and
no external repetition. Beyond natural sentences, it
contains extensive entity lists (e.g., product names,
supported operating systems) and tabular data cap-
turing version details, feature availability, and plat-
form support.

Using SParK-Eval, we generate structure-aware
evaluation queries, each comprising a question, an
answer, and a structure label. These queries are
derived exclusively from the training set, using a
subset of ten documents selected to maximize di-
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Structure Type #Queries Avg. QLen Avg. A Len Avg. Entities Min-Max Entities Entity Word Len
Natural Sentences 65 18.09 2.57 - - -

Entity Lists 85 16.27 16.72 5.44 1-33 3.12
Tabular Data 41 18.41 3.07 - - -

Table 1: Statistics of structure-aware evaluation queries. Q Len = average question length (words); A Len = average
answer length (words); Entities = number of entities in entity-list answers; Entity Word Len = average words per

entity.

versity across products, hardware platforms, and
operating systems. A total of 191 queries are con-
structed across three structural types: 65 from nat-
ural sentences, 85 from entity lists, and 41 from
tabular data. Table 1 summarizes query-level statis-
tics, including question lengths, entity counts, and
answer lengths. On average, the question compo-
nent of each query contains 17.35 words, with only
minor variation across structures. In contrast, an-
swer lengths differ substantially: 2-3 words for
natural and tabular structures and 16.7 words for
entity lists. This difference arises because entity list
queries include multiple entities in their answers,
averaging 5.4 entities per answer (ranging from 1
to 33).

During evaluation, model outputs are generated
in a zero-shot setting using deterministic decoding
(do_sample=False) to ensure reproducibility. Since
the experimental dataset is proprietary, we used
publicly available data with similar characteristics
for the demonstrations in Figures 1, 2, and 3.

4.2 Models and Continual Pretraining

Base We used Meta-Llama-3.1-8B (Grattafiori
et al., 2024) as our base model, selected for its
strong performance-to-size ratio and efficiency in
domain adaptation tasks.

DAPT To obtain a domain-adapted LLM, we
continually pretrained Meta-Llama-3.1-8B on our
proprietary industrial technical records. The train-
ing—validation split was 90-10, and training ran
for 11 epochs with a fixed random seed (42). We
used the AdamW optimizer (Loshchilov and Hut-
ter, 2019) with an initial learning rate of 5e-6, a lin-
ear scheduler, 20-step warmup, and weight decay
of 0.1. Training was performed on eight NVIDIA
H100 (80 GB) GPUs using DeepSpeed Stage 1 (Ra-
jbhandari et al., 2020) with bfloat16 precision, re-
quiring a total of ~2.0 GPU-hours. We set gradient
accumulation steps to 8 and the per-device batch
size to 1, yielding an effective global batch size
of 64. The maximum sequence length was 4,096

tokens.

DAPT-N Input normalization was performed us-
ing GPT-40-2024-08-06 with the prompt described
in Appendix A.4. Unlike augmentation approaches,
normalization is applied once to isolate structural
effects, reducing the dataset size from4 M to 1.5 M
tokens due to the removal of redundant phrases,
particularly in entity lists. Each input segment
was restricted to 700 tokens, following the em-
pirical analysis in Section 3.2, which balances se-
mantic coherence and processing efficiency. Text
segmentation employed the semchunk? library with
chunk_size as 700 to split documents into seman-
tically meaningful segments before normalization.
Training used the same hyperparameters as DAPT
and was configured for up to 20 epochs, requir-
ing ~3.0 GPU-hours in total. Validation loss and
gradient norms were examined after training and
were found to stabilize around epoch 11, indicating
convergence. We therefore selected epoch 11 as
the stopping point.

4.3 SParK-Eval Effects

Table 2 summarizes structure-aware evaluation re-
sults for the base model, DAPT, and DAPT-N. We
report findings for overall performance, structure-
specific differences, and the impact of normal-
ization. While the experiments use an indus-
trial dataset, SParK-Eval is designed as a general-
purpose evaluation framework for analyzing how
input structure influences knowledge acquisition
during domain-adaptive pretraining.

Structure-agnostic evaluation The base model
(Llama-3.1-8B) achieves only 2.62% accuracy
overall, confirming that general-domain LLMs re-
tain little or no parametric knowledge from this
proprietary industrial domain. Domain-adaptive
pretraining on raw data (DAPT) improves accuracy
to 16.23%, showing that even a small, structurally
diverse corpus of technical records enables mean-
ingful knowledge acquisition. Note that we apply

Zhttps://github.com/isaacus-dev/semchunk
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Model All  Natural Entity-List Tabular Model MMLU HellaSwag LAMBADA
Base 2.62% 6.15% 0.00% 2.44% Base 63.35+0.38 60.06+0.49 75.51+0.60
DAPT 16.23%  26.15% 12.94% 7.32% DAPT 62.33+£0.38 60.45+0.49 73.67+0.61
DAPT-N 2461%  26.15% 28.24%  14.63% A -1.02 +0.39 -1.84
DAPT-N 6241 +£0.38 59.95+049 73.26+0.62
A -0.94 -0.11 -2.25

Table 2: Accuracy (%) of base model, DAPT, and DAPT-
N across all and structure-specific evaluation queries.

a strict scoring criterion: partially correct answers
are counted as incorrect. Thus, reported scores
reflect fully correct knowledge retrieval.

While this confirms that DAPT can acquire
knowledge from the industrial domain, structure-
agnostic evaluation masks structural variation in
performance. To enable fine-grained analysis, we
next turn to structure-specific results via SParK-
Eval.

Structure-specific evaluation SParK-Eval en-
ables disaggregation of performance by input
structure. Under DAPT, natural-sentence queries
achieve the highest accuracy (26.15%), while
entity-list (12.94%) and tabular (7.32%) queries
trail behind. This indicates that knowledge gains
during DAPT arise primarily from naturally struc-
tured inputs, while non-natural formats pose greater
learning challenges.

These differences highlight the importance of
analyzing structure-specific effects, especially in
domains with highly heterogeneous formats. How-
ever, since query difficulty and other confounders
can also affect performance, we next examine re-
sults under DAPT-N, where all inputs are normal-
ized into high-context narrative sentences.

Impact of normalization (DAPT-N) DAPT-N
serves both as a conceptual reference for isolating
structural effects and as a practical data transforma-
tion strategy. Based on Table 2, we observe:

1. DAPT-N improves overall performance, con-
firming that narrative-style inputs facilitate
more effective pretraining.

2. The entity-list format benefits most from nor-
malization (12.94% — 28.24%), indicating
that raw entity-lists are particularly difficult
for the model to learn from in their original
structure.

3. Tabular data, while scoring lowest under
DAPT (7.32%), show only modest improve-
ment under DAPT-N (14.63%). This sug-
gests that the degradation may stem not only

Table 3: Performance (%) of the base model, DAPT,
and DAPT-N on standard LLM benchmarks with mean
+ standard error. Rows marked A show differences vs.
Base.

from structural format but also from structure-
agnostic factors such as the dense technical
content of tabular inputs. A detailed analysis
of these factors is presented in Section §5.2.

4. Natural-sentence performance remains un-
changed between DAPT and DAPT-N, con-
firming that normalization preserves the origi-
nal information without loss.

Practical implications SParK-Eval provides
fine-grained, structure-aware evaluation of LLM
knowledge acquisition, revealing which input for-
mats hinder learning. Such structure-level diag-
nostics are especially valuable in industrial set-
tings, where data are limited, heterogeneous, and
information-dense. By identifying hard-to-learn
structures (e.g., tables or entity lists), SParK-Eval
guides structure-dependent preprocessing decisions
such as targeted normalization or re-phrasing and
also enables systematic evaluation of these data-
transformation techniques. Thus, it serves not only
as an evaluation framework but also as a practi-
cal tool for optimizing domain-adaptive pretraining
pipelines in industrial applications.

5 Analysis and Discussion

5.1 General-domain Retention Without
Replay

Table 3 reports performance on general bench-
marks with mean * standard error along with
changes relative to the base model. Continual pre-
training on industrial data yields small drops on
MMLU (<£1.0 points) (Hendrycks et al., 2021)
and LAMBADA (2.3 points) (Paperno et al.,
2016), with negligible changes on HellaSwag
(£0.4 points) (Zellers et al., 2019). These mod-
est differences indicate limited catastrophic for-
getting, so replay would likely provide minimal
additional benefit. We omit general-domain replay
data intentionally to focus on domain knowledge
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acquisition rather than optimizing general-purpose
performance or prompting behavior.

5.2 Structure Normalization Efficacy and
Tabular Performance

Figure 3 illustrates examples of structure normal-
ization. Prompt-based LLMs effectively preserve
semantic content from raw data and convert it into
coherent narrative text. Both tabular data and en-
tity lists are successfully transformed into natural-
language form. Entity lists often contain repeti-
tive phrases with minor variations; normalization
merges these redundancies and adds contextual co-
herence (e.g., Wash Temperature (Minimum) 150°F
Wash Temperature (Minimum) 66°C — The min-
imum wash temperature is maintained at 150°F
(66°C)). Such redundancy frequently occurs in
our industrial dataset, particularly across product
names and OS variants, making entity lists well
suited for normalization and contributing to the
strong gains observed under DAPT-N.

Understanding low tabular gain Tabular inputs
are also normalized into narrative sentences, re-
ducing structural redundancy. To understand their
relatively low performance, we manually exam-
ined 12 tabular queries (half correctly answered
and half incorrect) to verify normalization quality.
The normalization LLM effectively translated ta-
ble contents into coherent sentences, occasionally
incorporating relevant cross-references beyond the
table. We did not account for segmentation-induced
input errors, as such artifacts occur across all struc-
tural types. Nevertheless, tabular data tend to en-
code denser, more granular technical details—such
as memory sizes, directory paths, or port specifi-
cations—than natural or entity-list inputs, which
primarily contain lexical or categorical information
(e.g., product names or component lists). We inter-
pret this as a structure-agnostic factor contributing
to lower tabular accuracy. This aligns with SParK-
Eval’s structure isolation results, where DAPT-N
yields smaller gains for tabular inputs than for en-
tity lists, suggesting that non-structural complexity
plays a more dominant role in tabular performance.

Numerical query analysis Technical-domain
data often include numerical answers, which may
influence model performance. Using regular ex-
pressions and rule-based matching, we identified
39/191 numerical queries (20.4% of all questions):
19/65 from natural-sentence inputs, 2/85 from
entity-list inputs, and 18/41 from tabular inputs

(Table 5 in Appendix B). Given their higher pro-
portion in tabular data, we initially suspected LLM
weaknesses in numeral modeling (Spithourakis and
Riedel, 2018; Mahendra et al., 2025) as a cause
of low tabular accuracy. However, we observed
no major discrepancy between numerical and non-
numerical performance within the tabular subset.
Interestingly, normalization significantly improved
overall numerical accuracy from 7.7% (DAPT) to
25.6% (DAPT-N), while non-numerical accuracy
rose from 18.4% (DAPT) to 24.3% (DAPT-N). Al-
though this trend suggests that narrative-style nor-
malization may help encode numerical information
more effectively, the limited number of numerical
queries calls for cautious interpretation and further
validation in future work.

In summary, our study is the first to propose a
framework for analyzing structural effects through
SParK-Eval and structure normalization. Build-
ing on this foundation, our work opens avenues
for stronger structure annotation and isolation tech-
niques within the SParK-Eval framework, includ-
ing ablations with synthetically controlled structure
and content to further disentangle structural effects.

6 Conclusion

We presented SParK-Eval, a structure-aware eval-
uation framework for analyzing how LLMs ac-
quire knowledge from diverse input formats dur-
ing domain-adaptive pretraining. By generat-
ing structure-labeled evaluation queries directly
from the training corpus, SParK-Eval enables fine-
grained analysis of parametric knowledge retention
across natural sentences, entity lists, and tabular
data.

To isolate the effects of structure, we introduced
a prompt-based normalization method that trans-
forms structured inputs into coherent narrative text.
Our experiments on industrial technical records
show that natural sentences contribute most to
knowledge acquisition, while entity lists and tabu-
lar data yield significantly lower gains unless nor-
malized.

These findings highlight the importance of in-
put structure in domain adaptation and demonstrate
that normalization can serve as a practical inter-
vention for improving learning from structurally
diverse corpora. SParK-Eval offers a general and
extensible framework for structure-controlled eval-
uation, with future work aimed at expanding struc-
tural definitions, improving normalization quality,
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and applying the method to broader domains and
model families.

Limitations

While SParK-Eval provides a structured frame-
work for evaluating knowledge acquisition across
diverse input structures, several assumptions and
constraints may limit its generalizability.

SParK-Eval assumes that structural categories
(e.g., tables, lists, and natural sentences) are dis-
joint and that each fact appears in a single structure
type. This assumption generally holds in techni-
cal documentation such as industrial release notes,
where redundancy is minimal. However, in more
open-domain or web-scale corpora, the same infor-
mation may appear in multiple structural formats,
complicating efforts to isolate structure-specific
learning effects.

Although the framework is conceptually domain-
agnostic, applying it to new domains may re-
quire light tuning, such as redefining structure
types or adjusting prompt templates to match
domain-specific patterns. The released prompts
(Appendix A.1 and A.4) serve as adaptable starting
points, and in practice, a brief inspection of domain
data is typically sufficient to apply the method ef-
fectively. As such, generalization requires minimal
effort rather than major redesign.

The normalization process depends on LLM
prompting and input segmentation, both of which
can influence output consistency. In particular, vari-
ations in input length may lead to outputs that di-
verge from expectations. However, with the rapid
advancement of LLMs in handling longer and more
complex contexts, we expect the robustness and re-
liability of normalization to improve accordingly.
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A SParK-Eval Method
A.1 Prompt for Annotation

The prompt designed for structure-aware annotation, shown in Figure 4, specifies the task objective,
constraints, chain-of-thought steps, output format guidelines, and few-shot examples. The example
few-shots originally derived from proprietary data are replaced in Figure 4 with few-shots constructed
from publicly available Jackson dishwasher specifications. Interestingly, these few-shots are generated
directly from the original prompt without any modifications, demonstrating that the LLM-based annotation
approach generalizes across datasets. Note: Curly-braced expressions (e.g., enterprise-job-scheduler)
denote anonymized proprietary terms.

- N

**I want you to create Question Answers from the document. I will provide the instructions and
constraints, and then later on I will provide the document.x**

## Instructions and Constraints for Creating Evaluation QA Pairs from Product Documentation

#it# **Purposex*

The purpose of this task is to generate evaluation data for Large Language Model (LLM) training
and assessment. The aim is to test whether the LLM has acquired specific domain knowledge, *
notx to evaluate its reasoning or inference abilities. Questions must be factual and
directly answerable by someone who has read the source document.

### *x*Constraints*x
#### 1. **xSource Text Selection*x
Questions should be created from **three mutually exclusive types** of source reference:

* **Natural Sentences:** Full, narrative/explanatory sentences from the document.
* **xEntity-lists:** List structures, such as product lists, enumerations of software, hardware,
supported platforms, abbreviations, or similar iterative lists that are not in table format.
(Answer may be a multi-line list.)
* **xTabular Data:** Information directly presented in table format (not just listed). The answer
should be simple, knowledge-based, and not require multi-step reasoning. Tabular and entity
-list types must not overlap.

> *xxDiscard any cases where you cannot confidently classify the source reference as one of these
three types, or if the information is ambiguous, mixed, or otherwise complex. Be strict in
ensuring that each QA pair is created from a source that clearly fits one and only one of
these types.*x

###H# 2. **Question Constructionxx

* For xxall types*x, each question should check a specific, knowledge-based fact xxexplicitlyxx*
stated in the source.

* Questions must be specific enough that the answer is only obvious if the source reference has
been read.

* For tabular and entity-list types, phrase questions so they can stand alone without requiring
reference to a specific table or list number/name. The question should be understandable and

answerable independently, even if the responder does not recall the specific source
structure.

* If the document is specific to a particular 0S (such as AIX), or if the answer may vary by 0S/
platform, explicitly include the 0S (e.g., "on AIX") in the question along with the product
name. This ensures clarity when the same product may support multiple platforms or
environments.

#### 3. **Answer Format**

* For xxnatural sentences and tabular** sources, the answer must be a single word, short phrase,
or (rarely) a simple sentence. Avoid explanations or multi-sentence answers.
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* For xxentity-list** sources, the answer should be a list with each entity on a new line.
Entity lists of any length are acceptable.
* For xxtabular*x and **naturalxx types, avoid combining or mixing answers from other types.

#### 4. **Product and 0S Contextx*

* If the question or answer could apply to more than one product or document, or if the
information is O0S-specific, specify the full product name and the 0S (e.g., "{enterprise-job
-scheduler} - Agent on AIX") in the question for clarity.

#### 5. *xSource Referencexx

* For each QA pair, include the original reference text (1-3 sentences, or the relevant entity-
list/table snippet) from which the QA is derived. Quote or lightly trim for clarity.

#i### 6. *xEntity-list Extra Requirementx=*

* For QA pairs with an *xentity-listx* answer, also include the number of entities in the list
as described in the output format.

###HE 7. **Strict Exclusivity**

* Strictly discard any pairs where type classification is ambiguous or where information is
mixed, complex, or not knowledge-based.

### xxStep-by-Step Procedure*x

1. **Carefully read*x the provided document, identifying suitable source references that match *x
exactly onex* of the three allowed types: natural sentence, entity-list, or tabular.

2. **xDraft a specific, knowledge-based question*x for each selected reference.
* If the document or answer is 0S-specific, always include the 0S/platform (e.g., "on AIX") in
the question text.

3. **Write a precise answer*x that matches the information, in the required format for its type.
4. x*xIf needed, add product and OS namex* to the question for clarity.

5. x*Attach the exact source reference textx* (1-3 sentences or the relevant list/table snippet).

6. **Assign the correct typex* for each QA pair, as described in the output format. For entity-
list answers, also add the entity count.

7. **xFinalize and Output:*x*
* Ensure all pairs meet these constraints.
* Create and present exactly ten QA pairs if possible (otherwise, as many as suitable).
* Output the results as a JSON array in the format below.
* Qutput must be only the JSON file so that the user can easily copy it. Do not include any
additional conversational text in the response.

### **JSON Output Format**

Each JSON entry **mustx* include the following fields:

* "question”: The constructed question.

"answer”: The answer in the appropriate format for its type.

"source_reference”: The original reference excerpt or relevant snippet.
"source_reference_type"”: One of "natural”, "entity-list”, or "tabular”.

If the type is "entity-list”, also include "entity_list_length” (number of entities, integer).

* % % %

**xExample: x*
L
{
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"question”: "What is the estimated time required for one person to perform the rinse
regulating thermostat replacement task?”,

"answer”: "Sixty minutes”,

"source_reference”: "TIME REQUIRED It is estimated that it will take (1) person sixty minutes
to perform this task, not including all of the items indicated in the section entitled

"PREPARATION".",
"source_reference_type": "natural”
}!
{
"question”: "Which screwdriver types may be required for the rinse regulating thermostat
replacement?”,
"answer"”: "Phillipshead Screwdriver\nFlathead Screwdriver”,
"source_reference”: "TOOLS REQUIRED The following tools may be needed to perform this
maintenance evolution: 4. Phillipshead Screwdriver 5. Flathead Screwdriver”,
"source_reference_type": "entity-list”,
"entity_list_length”: 2
}7
{
"question”: "How many racks per hour can Model 300XN process?”,
"answer": "57",
"source_reference”: "OPERATING CAPACITY (PER HOUR): Model Racks Dishes Glasses 300XN 57 1425
1425",
"source_reference_type"”: "tabular”
}

]

**Your output must be only the JSON file as shown above, with no extra text. It should not
contain JSON md like response with ‘json‘. Only json list as a answer is accepted.xx*

### **Document to Process**
{{document}}

Figure 4: LLM prompt for SParK-Eval query annotation. Note: The example few-shots originally derived from
proprietary data are replaced with few-shots derived from public data (Footnote 1).

A.2 Win-rate as a Scoring Metric

Before adopting accuracy as our primary evaluation metric, we experimented with a win-rate approach
inspired by the LLM-as-a-judge framework (Zheng et al., 2023). In this setup, a reference answer and two
model-generated responses are presented to a judge LLM (GPT-40-2024-08-06), which is tasked with
selecting the better response.

We evaluated model outputs along two dimensions: (1) Domain relevance to the given domain (ignoring
factual correctness), and (2) Correctness (ignoring domain specificity and other factors). This separation
allows us to assess whether models leverage domain-specific knowledge independently of factual accuracy.
Win-rate evaluation offers qualitative insights—for instance, the DAPT model generally outperforms
the base model, though both struggle with tabular inputs. Ties are frequent when both models fail.
However, this approach suffers from positional bias and lacks scalability for evaluations beyond pairwise
comparisons.

Therefore, we adopt a simpler, reference-based evaluation metric that directly compares predicted answers
with reference answers, reporting binary correctness. The full evaluation prompt is provided in a later
section.

A.3 Scoring LLM Prompt with Accuracy Metric

Figure 5 shows the prompt used to evaluate model responses using the accuracy-based metric. This
scoring LLM prompt is designed to compare a model’s output against a reference answer and determine
binary correctness.
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Correctness (%) Domain Relevance (%)

Comparison Question Type
A Wins B Wins Tie A Wins B Wins Tie
Overall 10.99 49.21 39.79 19.37 65.97 14.66
Base vs. DAPT Natural 13.85 47.69 38.46 24.62 61.54 13.85
(A vsB) Entity-list 9.41 61.18 2941 16.47 68.24 15.29
Tabular 9.76 26.83 63.41 17.07 68.29 14.63
Overall 13.09 54.45 32.46 23.56 67.02 9.42
Base vs. DAPT-N Natural 15.38 5231 3231 26.15 60.00 13.85
(A vsB) Entity-list 12.94 64.71 22.35 16.47 75.29 8.24
Tabular 9.76 36.59 53.66 34.15 60.98 4.88

Table 4: Pairwise win-rate comparison between models inspired by the LL.M-as-a-judge framework (Zheng et al.,
2023).

Base DAPT DAPT-N
Type Num. Acc. Non-Num. Acc. Num. Acc. Non-Num. Acc. Num. Acc. Non-Num. Acc.
Natural 0.0 (0/19) 8.7 (4/46)  10.5 (2/19) 32.6 (15/46) 31.6 (6/19) 23.9 (11/46)
Entity-list 0.0 (0/2) 0.0 (0/83) 0.0 (0/2) 13.3 (11/83) 0.0 (0/2) 28.9 (24/83)
Tabular 0.0 (0/18) 4.4 (1/23) 5.6 (1/18) 8.7 (2/23) 22.2 (4/18) 8.7 (2/23)
Overall 0.0 (0/39) 3.3 (5/152) 7.7 (3/39) 18.4 (28/152)  25.6 (10/39) 24.3 (37/152)

Table 5: Accuracy (%, with correct/total counts) on numerical vs. non-numerical queries across Base, DAPT,
and DAPT-N. Numerical queries are generally harder and normalization (DAPT-N) appears to improve numerical
accuracy.

[Instruction]

Please act as an impartial judge and evaluate the quality of the response provided by an AI
assistant to the user question displayed below. Your evaluation should consider only
correctness and helpfulness. You will be given a reference answer and the assistant’s answer.

Begin your evaluation by comparing the assistant’s answer with the reference answer.
Identify and correct any mistakes. Be as objective as possible. If the assistant’s answer
contains surplus information or irrelevant text after providing the answer, please ignore it

in your evaluation. If assistant’s answer is partially correct it is considered as
incorrect. After providing your explanation, output your final verdict by strictly following
this format:"[[True]l]” if assistant is correct, "[[False]]” if assistant is incorrect.

[Question]
{question}

[The Start of Reference Answer]
{reference_answer}
[The End of Reference Answer]

[The Start of Assistant’s Answer]
{model1_answer}
[The End of Assistant’s Answer]

Figure 5: Prompt used by the scoring LLM for accuracy-based scoring.

A.4 Input Normalization Prompt

The prompt used for structure normalization (Section 3.2) converts industrial data (release notes from
an enterprise IT system) into high-context narrative sentences. Note: Curly-braced expressions (e.g.,
enterprise-name and xx.xx) denote anonymized proprietary terms.
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Please analyze the data I provide, which consists of continual training data for domain
adaptation, specifically from the {enterprise-name} release notes version {xx.xx}. As you
may already know, low-quality data is typically removed from training datasets to enhance
performance. Publicly available large models are generally trained on data containing
natural sentences. For instance, book-like data is considered to be of the highest quality
for training large language models (LLMs).

With this in mind, I would like you to rate the quality of the data mentioned below on a scale

of 1 to 10. Additionally, please provide insights into its suitability for training LLMs. In
the next step, convert the text into high-quality data. Please ensure that the meaning is

preserved and that no information is lost during the conversion. The data is part of an
entire document, which I will later combine with all the converted parts, so do not shuffle
the sentences during conversion. Pay careful attention to page headers and footers, and
consider linking important information such as product codes or product names from the
release notes in the converted data for better reference. Ensure that all elements and
information are included when lists are encountered; do not trim the lists. Provide a
narrative structure and a natural sentence flow even for lists.

The converted text should be formatted as follows: ‘‘Conversion to High-Quality Data:<<<<<{{
converted-data}}>>>>>""’

The data is as follows:
{data}

Figure 6: Prompt for normalizing diverse structures into high-context narrative sentences.

For the Jackson Dishwasher manual example in Figure 3, we replaced “enterprise-name release notes
version xx.xx” with “technical manual for Jackson Dishwasher models”, and added the instruction “Task
Purpose: Convert given data into high-context narrative sentences.” at the beginning of the prompt.

B Analysis

We provide a breakdown of performance on numerical vs. non-numerical queries in Table 5.
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