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Abstract

The advent of Large Language Models (LLMs)
has significantly advanced web-based Question
Answering (QA) systems over semi-structured
content, raising questions about the continued
utility of knowledge extraction for question an-
swering. This paper investigates the value of
triple extraction in this new paradigm by ex-
tending an existing benchmark with knowledge
extraction annotations and evaluating commer-
cial and open-source LLMs of varying sizes.
Our results show that web-scale knowledge ex-
traction remains a challenging task for LLMs.
Despite achieving high QA accuracy, LLMs
can still benefit from knowledge extraction,
through augmentation with extracted triples
and multi-task learning. These findings pro-
vide insights into the evolving role of knowl-
edge triple extraction in web-based QA and
highlight strategies for maximizing LLM ef-
fectiveness across different model sizes and
resource settings.

1 Introduction

Over the past decade, Knowledge Graphs (KGs)
have played a pivotal role in advancing Ques-
tion Answering (QA) systems, powering major in-
dustrial applications such as Google and Bing’s
search (Zou, 2020). Closely tied to this progress
is the field of Information Extraction, which fo-
cuses on deriving structured knowledge—typically
in the form of triples—from unstructured or semi-
structured text (Srihari et al., 1999; Khot et al.,
2017). Recently, Large Language Models (LL.Ms)
have shown remarkable proficiency in interpret-
ing unstructured content and generating accurate
responses directly from it, a capability central to
techniques like Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020). In light of these devel-
opments, an important question arises: in an era
dominated by powerful generative models, does the
task of structured knowledge extraction still hold
relevance for question answering?

In this paper, we investigate a specific category
of web content: semi-structured webpages, where
information is presented with some underlying
structure such as web tables or attribute—value pairs,
rather than in natural language texts. Our focus on
semi-structured webpages is motivated by two key
factors. First, the web contains a wealth of semi-
structured data, typically populated by data from
large underlying databases, thus offering a valuable
source of factual knowledge (Dong et al., 2014).
Second, it remains uncertain whether LLMs are
equally adept at handling semi-structured content,
which is rich in format but often lacks the gram-
matical signals to guide language understanding.

Knowledge extraction from semi-structured web-
pages has been extensively studied in the litera-
ture (Lockard et al., 2020, 2019, 2018; Gulhane
et al., 2011; Kushmerick et al., 1997). These
studies highlight the unique challenges and op-
portunities posed by semi-structured content, dif-
ferentiating it from extraction on unstructured
texts (Lockard et al., 2018). Despite the demon-
strated high quality for the ClosedIE setting, where
attributes are pre-defined and training examples
abound, OpenlE, where attributes and even do-
mains are unknown, remains difficult, with perfor-
mance capped at a 46% F-measure (Lockard et al.,
2020). This paper investigates three key questions
to assess the value of knowledge extraction for QA
on semi-structured data.

RQ1: How well do state-of-the-art LLMs extract
knowledge from semi-structured web data?

RQ2: Do the extracted knowledge triples, added
upon original semi-structured data, improve answer
accuracy?

RQ3: Can equipping LLMs with explicit knowl-
edge extraction capabilities enhance their QA per-
formance?

Our foremost contribution towards addressing
these questions is an extension of the WebSRC
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Figure 1: We categorize layouts of semi-structured data into three types: attribute-value pairs (e.g., Figure 1a),
horizontal tables (e.g., Figure 1b), free-form (e.g., Figure 1c). Figure 1d lists the extracted triples from Figure 1b.
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Figure 2: Enhancing semi-structured content with ground truth knowledge triples during inference (i.e., (b)) surpasses
the baseline without augmentation (i.e., (a)). Multi-task fine-tuning with triple extraction (d) outperforms QA-only
fine-tuning (i.e., (c)). Their combination (i.e., (e)) offers the greatest potential for improving QA performance in

smaller models. (MT: multi-task, FT: fine-tuned.)

benchmark (Chen et al., 2021) with more realis-
tic and challenging data'. WebSRC was originally
designed for QA over cleaned semi-structured con-
tent. We enhance it by incorporating original whole
webpages from additional websites, similar to those
encountered in RAG tasks with web retrieval. Addi-
tionally, we introduce a knowledge extraction task
by annotating ground-truth knowledge triples, to
enable direct evaluation of extraction quality and
facilitate analysis of how extracted knowledge im-
pacts QA performance. (Section 2-3)

We conducted comprehensive experiments us-
ing state-of-the-art LLMs for knowledge extrac-
tion (RQ1). Our findings reveal that LL.Ms obtain
F1 scores of 77% for triple extraction on cleaned

'We release the data for non-commercial use at https:
//github.com/facebookresearch/SemiBench.

semi-structured content, much higher than previ-
ous methods using GNN-based extraction (reported
46% F-measure (Lockard et al., 2020)). However,
the score drops to 28% on whole webpages, show-
ing that web-scale knowledge extraction remains
challenging even with LLMs. (Section 4)

Our third contribution studies whether we
can improve QA by augmenting the original
semi-structured content with the extracted triples
(RQ2). Our experiments show that although LLMs
achieved high QA quality (95%) on cleaned semi-
structured content, they struggle on whole web-
pages as appearing in real RAG systems, and the
quality drops to 76%. Encouragingly, augmenting
the pages with ground-truth knowledge triples can
increase QA accuracy to 84%; despite the poten-
tial, we cannot take for granted the availability of
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ground truth triples in practice. (Section 5)

As a fourth contribution, we investigate whether
improved capability of knowledge extraction can
enhance LLMs’ QA performance. We show that
multi-task fine-tuning on both QA and triple ex-
traction tasks leads to improved QA performance
even on unseen websites, and the quality improve-
ment is comparable to augmenting webpages with
ground truth knowledge triples (83.5% vs. 83.8%).
We also show that fine-tuning on triple extraction
and providing extracted triples at inference time as
augmentations offer complementary benefits, and
adding them together can further improve QA qual-
ity to 87% (Figure 2). (Section 6).

Finally, as LLM-based knowledge extraction can
be expensive, we investigate a new mechanism for
knowledge extraction: we prompt LLMs with a
few extraction examples, and let it write extraction
scripts on semi-structured data. Remarkably, such
methods can generalize across websites, yielding
a 61% F1-score on cleaned semi-structured con-
tent, comparable to fine-tuned LLMs (51% (3B);
72% (70B)). Additionally, the extracted triples can
bring a 5% gain in accuracy over zero-shot LLM-
based QA—demonstrating a promising pathway
for scalable knowledge extraction. Despite the
potential, we have not seen success on whole web-
pages, where scripting is much harder.

Our studies suggested that knowledge extrac-
tion can still effectively enhance LLMs’ QA over
semi-structured data, through teaching of extrac-
tion capabilities and augmentation with extraction
results. In addition to QA, knowledge extraction
has broader values, such as offline indexing, knowl-
edge integration, and user-facing presentation for
improved interpretability (compared to unstruc-
tured content). Yet, the current quality of extrac-
tion at web scale remains sub-optimal, and LLM-
based extraction is expensive especially at the web
scale. Improving it, especially with the low-cost
script-based approach, is essential for enabling
high-stakes, large-scale applications.

2 Datasets

2.1 Problem definition

Semi-structured data is a type of data that has some
level of organization, but does not conform to the
rigid structure of traditional relational databases.
There are three forms of semi-structured data. Each
form is illustrated in Figure 1.

Attribute-value pairs / vertical tables (A-V): The
data are in the form of attribute-value pairs. They
may be in a table form, but with only two columns:
one column for attributes, and one for values.
Horizontal web tables (Hz): The table typically
has multiple rows and columns. Normally a row
represents an entity and a column represents an
attribute, and the corresponding cell gives the value.
There are also cases where a column represents an
entity and a row represents an attribute.
Free form semi-structured data (F-F): Free
forms typically has a subject on the top of the
page or a chunk, and key-value attributes in various
layouts, horizontally aligned or vertically aligned;
sometimes the predicates are skipped.

We consider the two problems below on semi-
structured data.
Question answering. Given a question and an
associated semi-structured reference document as
input, the goal is to output the answer.
Triple extraction (TE). Given a semi-structured
document as input, the goal is to generate a struc-
tured representation in text, typically in the form
of (subject, predicate, object) triples.

2.2 The enriched WebSRC benchmark

Cleaned webpages. Part of our work is built upon
WebSRC, the only large-scale semi-structured QA
dataset available. Comprising question-answer
pairs from 70 diverse websites across various top-
ics and layouts, this dataset offers a comprehen-
sive representation of the complexities inherent
in semi-structured data. Webpages in this dataset
have been cleaned, with noise elements such as
ads and navigation tabs removed, and large objects
truncated (Chen et al., 2021). Among these 70
websites, 60 have publicly accessible ground truth
QA annotations. We focus on these 60 websites
and extend them with a new task — triple extraction:
we extract all (subject, predicate, object) triples
from the HTML (HyperText Markup Language) of
a webpage, in the order they appear on the page.
Specifically, we randomly selected three web-
pages from each of the 60 websites and manually
annotated all triples present in these webpages. The
subjects, predicates, and objects generally adhere
to the original wording, primarily derived from text
spans within the webpage. However, annotators
were permitted to add supplementary disambigua-
tion information when necessary; such information
had to be enclosed in special characters. They may
skip any incomplete triples (e.g., missing predi-
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Metric Value

Cleaned pages

# QA pairs / # webpages 6,186/ 180
o A-V 1,089 /72
o Hz 3,224/51
¢ F-F 1,873 /57

# triples 4,741

# triples per page (average) 26.3

Whole pages

# QA pairs / # webpages 1,006 /251

# triples 30,263

# triples per page (average) 120.6

Table 1: Statistics of the enriched dataset.

cate) if a part is missing from the webpage. An
example is shown in Figure 1b and 1d, and see
Appendix A.4 for more details.

To facilitate the investigation of the connection

between triple extraction and QA, we leveraged QA
pairs from WebSRC that correspond to the same
set of sampled webpages described above. Given
the presence of paraphrased questions in WebSRC,
we only retained one instance of each question with
a unique ground truth answer.
Whole webpages. Additionally, we sampled 139
websites with semi-structured content from the top
2,500 registered domains ranked by page captures
in Common Crawl?. For 56 of these sampled web-
sites, we collected three webpages each; for the
remaining 83 websites, we collected one webpage
each. We manually annotated all triples on these
webpages using the same process as for cleaned
webpages, and developed human-audited QA pairs
for each webpage with the support of LLMs. See
Appendix A.5 for more details.

Table 1 summarizes the overall statistics.

2.3 Evaluation metrics

QA accuracy. We use Accuracyy,y, defined as the
percentage of correctly answered questions, where
we utilize an LLM (Llama 3.1-70B-Instruct) to
check whether the response aligns with the ground
truth. Llama was selected for its open-source na-
ture and reproducibility. We verified human judg-
ment against this metric for 150 random instances,
with 99% agreement (149 out of 150). An addi-
tional rule-based metric is reported and discussed
in Appendix A.2.

Triple extraction quality. We evaluate the perfor-
mance of triple extraction using both global and
triple-level matching metrics.

- Global match. We use fuzzy match (FM), de-
fined as the normalized character-level edit distance

https://commoncrawl.org/.

between the prediction and the ground truth, con-
sidering all extracted triples as a whole.

- Triple-level match. We first calculate the
character-level edit distance between each pair of
triples from the prediction and the ground truth,
resulting in a score matrix. We then obtain the
maximum weight matching of the score matrix us-
ing the Munkres algorithm (Munkres, 1957). Next,
we employ an LLM (Llama 3.1-70B-Instruct) to
check whether each pair of triple from the maxi-
mum weight matching are semantically the same.
Based on this, we define the following metrics.
Pry (LLM-based Precision): The percentage of
extracted triples that are matched to ground-truth
triples; Ry v (LLM-based Recall): The percentage
of ground-truth triples that are matched to extracted
triples; F-1yy (LLM-based F-1 Score): The har-
monic mean of precision and recall, calculated as
2 - Prm - Rim/(Pom + Rom).

We manually verified the agreement between
human judgment and the LLM for 150 randomly
sampled triple pairs. The results showed a 95%
agreement rate (142 out of 150), which we consider
acceptable, given that some cases may be open to
interpretation. We additionally report and discuss
other triple-level metrics in Appendix A.2.

During evaluation, we disregard disambiguation
information and incomplete triples in both the pre-
diction and the ground truth.

3 Experimental Setup

3.1 Configurations

For cleaned webpages, we employ two distinct con-
figurations when utilizing the datasets:
In-domain. We split the data such that we use the
same set of websites during training and evaluation,
with 120 webpages (two webpages per website) for
training and 60 webpages (a webpage per website)
for evaluation.

Out-of-domain. We split the data such that there is
minimal domain overlap between the training and
evaluation websites, with 90 webpages for training
and 90 for evaluation.

For whole webpages, among the 56 websites
from which we collected three webpages each, we
used two webpages per website (a total of 112
webpages) for model training. The remaining web-
pages from these 56 websites were used for in-
domain evaluation. Additionally, the 83 websites
from which only one webpage was collected were
used for out-of-domain evaluation.
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in-domain out-of-domain

Backbone Setting Global Triple-level Global Triple-level

FM Prm Rpm F-1pm FM Prm Rim F-1pm
Llama 3.2-3B-Instruct zero-shot 49.6 31.7 459 37.5 49.7 31.3 42.3 36.0
Llama 3.2-3B-Instruct 2-shot (in-domain) / 3-shot (out-of-domain) 48.7 50.4 73.6 59.8 45.7 26.5 29.2 27.8
Llama 3.2-3B-Instruct fine-tuned 69.3 60.1 63.7 61.9 64.0 52.0 50.6 513
Llama 3.1-70B-Instruct zero-shot 57.8 53.1 71.8 61.0 58.6 60.3 74.1 66.5
Llama 3.1-70B-Instruct 2-shot (in-domain) / 3-shot (out-of-domain) 90.2 88.4 92.0 90.2 74.1 69.4 70.1 69.7
Llama 3.1-70B-Instruct fine-tuned 785 71.8 76.3 74.0 75.7 72.1 71.0 71.5
Claude 3.7 Sonnet 2-shot (in-domain) / 3-shot (out-of-domain) 92.4 89.9 92.8 91.3 78.3 76.0 77.4 76.7
GPT-40 2-shot (in-domain) / 3-shot (out-of-domain) 94.1 939 95.5 94.7 75.9 76.4 76.9 76.6
generated scripts single call 59.0 53.1 49.3 51.1 59.0 50.9 45.6 48.1
generated scripts multiple calls with feedback 74.5 75.8 69.9 72.7 64.4 63.8 579 60.7

Table 2: Triple extraction performance on cleaned pages. All numbers are in percentage (%).

Backbone Page Cleaning  Setting Global Triple-level
M PLM RLM F-1 LM
Llama 3.1-70B-Instruct ~ / zero-shot 174 17.8 11.0 13.6
in-domain Llama 3.1-70B-Instruct Trafilatura zero-shot 30.1 22.8 12.5 16.1
Llama 3.1-70B-Instruct Trafilatura fine-tuned 34.4 22.8 15.1 18.2
Llama 3.1-70B-Instruct ~ / zero-shot 17.6 12.5 12.6 12.5
Llama 3.1-70B-Instruct Trafilatura zero-shot 333 243 15.7 19.1
out-of-domain Llama 3.1-70B-Instruct Trafilatura fine-tuned 39.5 27.1 214 239
Claude 3.7 Sonnet Trafilatura zero-shot 32.7 26.2 23.0 24.5
GPT-40 Trafilatura zero-shot 30.9 35.1 23.8 28.3

Table 3: Triple extraction performance on whole webpages. All numbers are in percentage (%).

3.2 Foundational models

We primarily focus on the experimental results
obtained using Llama 3.2-3B-Instruct (L-3B) and
Llama 3.1-70B-Instruct (L-70B) (Grattafiori et al.,
2024). For a more comprehensive understand-
ing, we also report the performance of Qwen 2.5-
3B-Instruct (Q-3B), Qwen 2.5-72B-Instruct (Q-
72B) (Qwen et al., 2025), GPT-40 (40), GPT-40
mini (40 mini) (OpenAl et al., 2024), and Claude
3.7 Sonnet (3.7 Sonnet)® where relevant. Training
and inference details are available in Appendix A.3,
and prompt details are available in Appendix A.1.

4 Triple Extraction (RQ1)

4.1 Experiment setup

We considered three types of approaches for triple
extraction:

(i) Off-the-shelf LLM-based extractors.
In-domain: We employ zero-shot and 2-shot ex-
traction (Prompt 3 and 4 in Appendix A.1). For the
2-shot setting, each example contains a webpage
from the same website, demonstrating triples that
shall be extracted from the webpage.
Out-of-domain: We use zero-shot or 3-shot ex-
traction, where the latter provides three examples
each from the three forms of semi-structured con-
tent (i.e., attribute-value pair, horizontal table, and

3https ://www.anthropic.com/news/
claude-3-7-sonnet

free-form). The out-of-domain setting illustrates
web-scale extraction, where even providing two
examples per website is still impractical.

(ii) Fine-tuned LLM-based extractors. We fine-
tune the LLM using in-domain and out-of-domain
training sets for respective configurations. Each
training instance contains a webpage and the
ground truth triples embraced by the page.

(iii) Triple extraction through automatically gen-
erated scripts. Running LL.Ms on each webpage
can be prohibitively expensive. We employ Llama
3.1-70B-Instruct to generate a script for triple ex-
traction from HTML for each website, and then run
the scripts for triple extraction, which is much less
resource-consuming.

- Single call: We provide the LLM with two ex-
emplar instances of triple extraction, prompting
it to generate a script. For in-domain extraction,
the exemplar instances consist of HTML pages
from the same website in the training set, along
with their corresponding ground truth triples. For
out-of-domain extraction, the exemplar instances
consist of HTML pages from other webpages of
the same website in the evaluation set, paired with
triples extracted by the 3-shot extraction model,
since ground truth triples are unavailable.

- Multiple calls with feedback: We generate mul-
tiple scripts through multiple calls and iteratively
refine the generated scripts by executing the LLM-
generated script and providing the execution results
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Augmentation L-3B L-70B Q-3B Q-72B 40 mini 40

cleaned pages  M© augmentation 72.6 94.7 81.6 95.1 93.3 96.3
PAEES  \ith ground truth triples  85.1 9.3 924 97.1 97.0 967

whole pages no augmentation 58.2 75.9 61.0 814 77.1 86.3
pages with ground truth triples  68.9 838 723 85.1 841  90.5

Table 4: Out-of-domain QA performance in Accuracyyy (%).

Backbone Cleaning Accuracyym
in-domain Llama 3.1-70B-Instruct ~ Trafilatura 49.3
Llama 3.1-70B-Instruct ~ / 76.2
Llama 3.1-70B-Instruct Trafilatura 51.8
Llama 3.1-70B-Instruct ~ / 759

out-of-domain
GPT-40 /
Claude 3.7 Sonnet /

86.3
77.1

Table 5: Question answering performance on whole
webpages in Accuracypy (%).

as feedback to the LLM. We select the best one
based on a chosen metric evaluated on the exem-
plar instances. See Appendix A.8 for more details.

We also discuss traditional triple extraction ap-
proaches in Appendix A.7.

4.2 Triple extraction quality

Cleaned pages. Table 2 shows various triple extrac-
tion approaches’ performance on cleaned pages.

- In-domain extraction. We have the following
observations. (1) Zero-shot triple extraction has
mediocre performance on semi-structured data, ob-
taining triple-level F-1 of 61% with Llama 3.1-70B.
(2) With only two examples from the same web-
site, the 70B model quality (F-1) improved signif-
icantly to 90%, meaning as far as we manually
annotate a couple of pages, we can achieve rea-
sonable extraction quality. (3) The fine-tuned 70B
model underperforms 2-shot, likely because the
training data contains a broader set of 120 web-
pages from 60 websites, losing focus on the spe-
cific website during inference compared to 2-shot
in-content learning. (4) Notably, LLM-based script-
writing is almost comparable to the fine-tuned 70B
model, with much lower computation resources for
inference-time extractions. The inference time of
the generated scripts on a single Xeon Platinum
8339HC core is ~1/3000th of the inference time of
a 3B LLM running on a single A100 (40GB) GPU.
However, note that script coding poses consider-
able difficulties compared to directly understanding
and converting semi-structured contents to triples;
the multiple-call approach provides significant im-
provement over single-call for script generation

(further ablation study in Appendix A.8).

- Out-of-domain extraction. In contrast, out-of-
domain triple extraction is still challenging. We
highlight three differences from in-domain extrac-
tion. First, compared to zero-shot, 3-shot in-context
learning does not help much, since different web-
sites often have very different formats. Second,
fine-tuning helps better than 3-shot in-context learn-
ing; the improvement is marginal on 70B model
(+2% on F1), but much more pronounced on 3B
model (+24%). Finally, overall quality is much
lower than in-domain—all state-of-the-art models
have F1-score below 80%, showing that triple ex-
traction is not ready for web scale even with LLMs.
- Triple extraction on different forms. Table 11 in
Appendix summarizes the performance across the
three different layouts. We observed the highest
quality for the key-value form: even for out-of-
domain, we achieved up to 90% F-1. In contrast,
the quality for horizontal tables is lower (up to 81%
F-1), and for free-form is the lowest (up to 63%).
This is as expected, as there is the least common-
ality among websites for free-form data, making
out-of-domain extraction more challenging.

Whole pages. Table 3 show the performance on
whole webpages. Note that the context window of
popular LLMs, including those we benchmarked,
is typically limited to 128K tokens, which poses
challenges for processing whole webpages. Specif-
ically, the average and maximum token counts in
our evaluation set (measured using the tokenizer
of Llama 3.1) are 110K and 1.1M tokens, respec-
tively. As a result, 29% of whole webpages exceed
the 128K context window and cannot be processed.
For these instances, we assign their quality metrics
(i.e., PLm, Row, ete.) a value of zero. To mitigate
this issue, we apply Trafilatura (Barbaresi, 2021)
for automatic page cleaning, which removes non-
content noise (e.g., headers, footers, ads). This
significantly reduces the average and maximum to-
ken counts to 6K and 105K, respectively. We did
not benchmark few-shot extraction and LLM-based
script writing performance because the maximum
sequence length they require exceeds 128K tokens,
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in-domain

out-of-domain

Additional reference L-3B  L-70B Q-3B Q-72B L-3B L-70B Q-3B Q-72B
/ 77.1 95.1 81.5 93.5 72.6 94.7 81.6 95.1
Script-extracted triples 80.6 94.9 87.5 942 71.7 92.9 86.5 94.2

Table 6: Zero-shot QA performance in Accuracyry (%) on cleaned pages. Script-extracted triples improve QA

quality for 3B models.

even after page cleaning. We highlight two obser-
vations: (1) The extraction quality is substantially
lower, with the highest F-1y; reaching only 28%,
indicating a significant gap between triple extrac-
tion from cleaned versus whole pages. (2) Page
cleaning generally contributes to improved triple
extraction performance.

Summary: Even with the advanced understanding
capabilities of LLMs, triple extraction remains a
challenge on semi-structured content. Extraction
on cleaned semi-structured content achieves up to
77% F1-score on out-of-domain websites; on full
webpages, the F1-score drops to 28%, showing the
difficulties in web-scale extraction. Encouragingly,
we observe that script-based extraction achieves
comparable results to few-shot extraction, offering
an alternative low-cost medium-quality approach.

5 Improving QA Through Triple
Augmentation (RQ2)

We next examine LLMs’ quality in question an-
swering leveraging semi-structured content, and
whether or not augmenting the original content
with the extracted knowledge triples can enhance
QA performance. For this purpose, we conducted
experiments where we concatenate the extracted
triples obtained from a triple extraction model with
the original reference text to create a new reference.
QA on semi-structured data. Table 4 reports
results for out-of-domain QA. Whereas smaller
models (i.e., Llama 3B, Qwen 3B, and GPT-40
mini) obtain only medium QA accuracy on cleaned
pages, larger models (i.e., Llama 70B, Qwen 72B,
and GPT-40) already achieve high accuracy (94-
96%). However, the quality drops significantly on
whole webpages; even larger models achieve at
best 86% QA accuracy. The nuance is that we use
the flattened page for QA (see Appendix A.3 for
details), which is shorter than the original HTML.
Page cleaning using Trafilatura reduces the page
length but at the cost of mistakenly missing a sub-
stantial amount of useful information (49.3% vs.
76.2%), highlighting the gap between information
extraction from cleaned pages versus whole pages

using LLMs (see Table 5).

Ground-truth triples. We start with ground truth
triples for augmentation to illustrate the upper-
bound benefit. Table 4 shows that incorporating
ground truth triples can significantly enhance the
QA performance: for smaller models, which have
only medium quality on cleaned pages, the augmen-
tation can improve by up to 13%; for larger models,
which still fall short on whole pages, ground-truth
triples bring substantial benefits and increase accu-
racy by up to 8%. Despite the potential benefits,
ground truth triples are not readily available for
augmentation.

Script-extracted triples. We further experiment
with augmentation using script-extracted triples,
which are more feasible in practice but may con-
tain a level of noises. Table 6 presents overall
QA quality. Even when augmented with script-
extracted triples, we already observe much higher
QA accuracy for 3B models for zero-shot QA, im-
proving accuracy by up to 6%. Further analysis
reveals that this trend also holds for 2-shot QA,
and that the primary source of improvement comes
from better performance on horizontal tables (Ta-
ble 12 in Appendix). Larger models already obtain
high QA accuracy on cleaned pages, thus do not
gain additional benefits from script-based extrac-
tions because of the potential distractions caused
by wrongly extracted triples.

Summary: Whereas LLMs already achieve high
QA quality (96%) on cleaned semi-structured con-
tent, the quality drops by up to 20% on whole pages
in the wild. Augmenting webpages with triples that
capture factual knowledge from the semi-structured
content can improve QA quality substantially. In
practice, however, noisy triples such as those ex-
tracted by scripts, improve more for smaller LLMs
but less for large LLMs that already achieve high
QA quality.

6 Improving QA Through Enhanced
Triple Extraction Capabilities (RQ3)

We next examine whether by teaching LLMs to ob-
tain triple-extraction capability can enhance QA on
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Backbone Setting Al A-V Hz F-F
in- L-3B zero-shot 77.1 85.9 724 80.0
domain  L-3B fine-tuned  98.2 97.0 99.6  96.5
L-3B zero-shot 72.6 81.1 70.1 81.8
L-3B fine-tuned 81.0 97.5 76.7 96.0
out-of- L-70B zero-shot 94.7 91.8 947  96.8
domain L-70B fine-tuned 96.8 99.1 96.7 95.6
40 zero-shot 96.3 94.0 96.3 98.0
3.7 Sonnet zero-shot 97.2 95.9 97.2 98.2
Table 7: Question answering performance in

Accuracyy v (%) on cleaned pages.

FT task L-3B  L-70B  Q-3B  Q-72B
/ 72.6 94.7 81.6 95.1
QA 81.0 96.8 82.8 96.7
TE 74.3 94.6 81.4 95.3

QA +TE 84.1 97.8 85.4 97.2

Table 8:  Out-of-domain QA performance in
Accuracyp v (%) on cleaned pages.

FT task Additional ref. L-3B  L-70B Q-3B Q-72B

/ 81.0 9.8 828 96.7

QA FT 3B ext. triples 78.6 / 82.7 /
FT 70+B ext. triples ~ 87.0 9.0 834 95.9

Ground truth triples 94.6 96.9 93.5 96.8

/ 84.1 97.8 854 97.2

FT 3B ext. triples 84.0 / 84.1 /

QA+TE  progiBext. triples 894 966 854 963
Ground truth triples 95.2 97.2 94.5 97.1

Table 9:  Out-of-domain QA performance in

Accuracyy v (%) on cleaned pages.

FT task Additional ref. L-3B  L-70B Q-3B Q-72B
/ / 58.2 759 61.0 81.4
Ground truth triples 68.9 83.8 723 85.1
/ 66.5 832 66.5 82.6
QA FT 3B ext. triples 69.2 / 67.7 /
FT 70+B ext. triples 70.1 82.3 68.6 82.3
Ground truth triples 76.2 875 73.5 85.7
/ 72.6 83.5 68.0 82.0
FT 3B ext. triples 71.0 / 67.1 /
QA+TE  pro0iBext. triples 701 845 716 823
Ground truth triples 76.5 86.6 74.7 86.6

Table 10: QA performance on whole webpages from
out-of-domain websites in Accuracyy v (%).

cleaned pages. We perform multi-task fine-tuning
on both QA and triple extraction tasks. See Ap-
pendix A.3 for implementation details.

Cleaned pages. We summarize the QA perfor-
mance of zero-shot and fine-tuned LLMs in Ta-
ble 7. The fine-tuned Llama 3B achieves strong
performance (98%) on in-domain QA.

We have three observations on out-of-domain
QA. (1) It is harder than in-domain. Top com-
mercial models (GPT-4o0, Claude 3.7 Sonnet) and
Llama 70B all demonstrate strong zero-shot perfor-
mance (up to 97% in accuracy) in question answer-

ing. (2) Fine-tuning lifts QA accuracy, significantly
for the 3B model and marginally for the 70B model.
(3) Fine-tuning normally helps when original qual-
ity is sub-optimal, such as on attribute-value pairs
for the 70B model, and on free-form for the 3B
model; however, even after fine-tuning, a major
gap remains on horizontal tables for 3B model.

- Effect of multi-task training. We next inves-
tigate if the knowledge-extraction capability im-
proves QA capability. Table 8 compares the per-
formance of LL.Ms fine-tuned on different tasks.
Multi-task fine-tuning with triple extraction pro-
vides additional benefits, particularly for 3B mod-
els. Moreover, as further detailed in Table 17 in the
Appendix, multi-task fine-tuning primarily and con-
sistently improves QA accuracy on the two harder
forms: horizontal tables and free-form data, over
sole fine-tuning on the QA task.

- Adding in addition triple augmentation. Finally,
we augment the input with extracted triples and run
the fine-tuned models. Table 9 reports results for
out-of-domain QA. We observe that fine-tuning is
less effective than triple augmentation. For exam-
ple, multi-task fine-tuning of Llama 3B for QA
improves quality by 3%, while adding triples from
70+B models boosts it by 6%. With that being said,
these two approaches are complementary to each
other. Continuing with the same example, combin-
ing the two improves QA accuracy by 8%. Despite
the combined power, we point out that the QA mod-
els generally do not benefit from triples extracted
by fine-tuned models of the same size, which do
not seem to add additional value.

Whole pages. The conclusions drawn from cleaned
pages generally hold for whole pages, as shown in
Table 10. Since larger models have only medium
QA quality on whole webpages, we observed much
higher quality gain with fine-tuning (up to 8%), and
multi-task fine-tuning improves further (6%) over
fine tuning with only QA tasks. On the other hand,
incorporating triples extracted by 70+B models
may degrade performance, likely due to their lower
triple extraction accuracy on whole pages.

Summary: We show that we can further improve
QA accuracy by fine-tuning LLMs with triple ex-
traction tasks, and the improvement is comparable
to using triple augmentation. When combined with
triple augmentation, we observe a quality boost
(+11% with ground truth triples on full webpages).
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7 Related Work

Benchmarks. Several publicly available bench-
marks exist for semi-structured websites, includ-
ing SWDE (Hao et al., 2011) and WEIR (Bronzi
et al., 2013), which focus on extracting prede-
fined attributes of entities. In contrast, Expanded
SWDE (Lockard et al., 2019) aims to recover all
(subject, predicate, object) triples for detail web-
pages that each contains information about a par-
ticular entity. Additionally, WebSRC (Chen et al.,
2021) is a dataset aimed at answering questions
about semi-structured webpages. Our dataset dis-
tinguishes itself by covering both knowledge triple
extraction and question answering tasks.

Approaches. Early works have explored di-
rectly providing an answer to user questions by
knowledge extraction from webpages (Mausam,
2016), from distantly-supervised knowledge ex-
traction (Dong et al., 2014; Lockard et al.,
2018) to GNN-based zero-shot knowledge extrac-
tion (Lockard et al., 2020). The success was capped
by our capability of precisely extracting knowl-
edge and leveraging the extracted knowledge which
can contain errors. In contrast, we have observed
more success in leveraging web tables (Cafarella
et al., 2018), which takes the retrieval approach
to return a webtable to answer the user question,
bypassesing the hard retrieval and summarization
steps. In recent years, there has been significant
progress in knowledge extraction and QA with the
help of pre-trained language models (Xie et al.,
2021; Zhao et al., 2022; Deng et al., 2022; Wang
et al., 2022; Zhang et al., 2024; Hong et al., 2024)
and LLMs (Sarkhel et al., 2023; Tan et al., 2025).
Following this trend and aiming to shed insights
on this evolving landscape of web-based QA, we
are the first to assess whether knowledge triple
extraction can still provide value for QA over semi-
structured content in the era of LLMs.

Another line of research has focused on leverag-
ing accessible structured data sources, such as KGs,
tables, or databases, for QA (Jiang et al., 2023), and
employing direct multimodal LL.Ms that process
semi-structured data presented as images (Faysse
et al., 2025; He et al., 2024). In contrast, our work
is motivated by the standard web-based RAG set-
ting, where the semi-structured data arises from
retrieval results without relying on additional dedi-
cated, cleaned artifacts like databases, nor framing
the problem as image or multimodal understanding.

8 Conclusion

We show that while LLMs excel at QA over semi-
structured web data, knowledge extraction still of-
fers measurable benefits, especially for smaller
models. However, the incremental value dimin-
ishes for top LLMs on cleaned pages, highlighting
the need for further research on real-world, noisier
whole pages. Improving extraction quality remains
essential for broader applications beyond QA, such
as knowledge integration and interpretability.
Finally, we summarize the practical takeaways
and recommendations as follows:
Triple extraction.

* In general, large models (70+B) achieve rea-
sonable triple extraction quality with prompt-
ing alone. When webpages exceed the context
window, preprocessing (e.g., cleaning with
tools such as Trafilatura) can be beneficial. By
contrast, small models (3B) are inadequate for
high-quality extraction.

* LL.M-generated extraction scripts provide a
cost-effective alternative with comparable
quality, especially for websites with a large
number of similarly structured pages.

QA on semi-structured webpages.

* Fine-tuned 3B models perform well on in-
domain, cleaned pages; for out-of-domain or
uncleaned pages, larger models are typically
required.

* Multi-task fine-tuning on QA and knowledge
extraction can improve QA accuracy.

* Concatenating the original webpages with (po-
tentially noisy) extracted triples can further
improve QA performance, even for fine-tuned
models.

Limitations

Script Writing for Whole Pages. Our LLM-based
script writing approach was not further discussed
for whole web pages due to context length con-
straints. Beyond applying Trafilatura for automatic
content cleaning, we did not extensively experi-
ment with alternative strategies for reducing token
count. This decision reflects the primary focus of
our work: to provide a comprehensive evaluation of
the current capability boundaries of LLMs, rather
than to propose or optimize solutions for this spe-
cific challenge. We acknowledge that developing

2063



more effective approaches for handling long and
noisy web pages is an important direction for future
research, and we encourage further exploration in
this area.

Nevertheless, in Appendix A.6, we report supple-
mentary results with Llama 4 (Adcock et al., 2026),
which has a larger context length. These results
demonstrate that the findings for script writing on
whole pages are consistent with those observed in
the cleaned page setting. Furthermore, we refer
readers to our follow-up work (Liu et al., 2025),
which addresses the aforementioned challenges in
script writing for whole pages.
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A Appendix
A.1 List of prompts

Prompt 1: Prompt employed in computing LLM-based
QA metrics.

<system>

You need to check whether the prediction of a question-
answering system to a question is correct. You should
make the judgment based on the ground truth answer
provided to you. Your response should be "correct" if the
prediction is correct or incorrectif the prediction is wrong.
<user>

Question: {question}

Ground truth: {ground_truth}

Prediction: {prediction}

Correctness:

Prompt 2: Prompt employed in computing LLM-based
triple extraction metrics.

<system>

You are given two (subject, predicate, object) triples. Your
response should be "Yes" if the triples are semantically
the same or "No" if they are semantically different.
<user>

{triple_1}

{triple_2}

Prompt 3: Triple extraction prompt.

<system>

You are given a doc in HTML and its title. Please return
all (subject, predicate, object) triples that can be extracted
from the doc, in the order they appear in the doc. Subject,
predicate, and object should generally be gained from
the text spans in the doc or the title. Please only include
complete triples; if for any section the predicate or object
is missing from the doc, you may skip it. Each line in your
response should be a triple.

<user>

#it title

{title}

### HTML

{html}

Prompt 4: Triple extraction prompt with demonstra-
tions.

<system>

You are given a doc in HTML and its title. Please return
all (subject, predicate, object) triples that can be extracted
from the doc, in the order they appear in the doc. Subject,
predicate, and object should generally be gained from
the text spans in the doc or the title. Please only include
complete triples; if for any section the predicate or object
is missing from the doc, you may skip it. Each line in your
response should be a triple.

# Example 1

### Input

title:

{title_1}

HTML:

{html_1}

### Output

{triples_1}

# Example 2

### Input

title:

{title_2}

HTML:

{html]_2}

### Output

{triples_2}

<user>

#i#H# title

{title}

### HTML

{html}

Prompt 5: Prompt employed by GenerateScriptFrom-

LLM in Algorithm 1 #4.

<system>

Your task is to write a program following the instruction.
Your response should be a Python function(html: str) only
without extra words.

<user>

Please write a Python function parse(html: str) to extract
all (subject, predicate, object) triples from the html.

The return value should be a list of triples, in the order
they appear in the html.

Subject, predicate, and object should generally be gained
from the text spans in the doc.

The return value should only include complete triples; if
for any section the predicate or object is missing from the
doc, it may be skipped.

Below is an sample of Input and Output

# Input (html)

<head><title>{title } </title></head>

{html}

# Output (triples)

{triples}
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Prompt 6: Prompt employed by GenerateScriptFrom-

LLM in Algorithm 1 #2.

<system>

Your task is to write a program following the instruction.

Your response should be a Python function(html: str) only
without extra words.

<user>

Please write a Python function parse(html: str) to extract
all (subject, predicate, object) triples from the html.

The return value should be a list of triples, in the order
they appear in the html.

Subject, predicate, and object should generally be gained
from the text spans in the doc.

The return value should only include complete triples; if
for any section the predicate or object is missing from the
doc, it may be skipped.

Below are two samples of Input and Output

# Sample 1

## Input (html)

<head><title>{title_1 }</title></head>

{html_1}

## Output (triples)

{triples_1}

# Sample 2

## Input (html)

<head><title>{title_2}</title></head>

{html_2}

## Output (triples)

{triples_2}

Prompt 8: Prompt for QA with reference.

<system>

You are given a question and a reference that may or may
not help answer the question. Please answer the question.
Be concise.

<user>

### Question

{question}

### Reference

{reference}

Prompt 9: Prompt for QA without reference.

<system>

Please answer the question. Be concise.
<user>

### Question

{question}

Prompt 7: Prompt employed by GenerateScriptFrom-

LLM in Algorithm 1 #8.

<system>

Your task is to fix/improve a program following the in-
struction if possible. Your response should be a Python
function(html: str) only without extra words.

<user>

Please fix/improve a Python function parse(html: str) to
extract all (subject, predicate, object) triples from the html.
The return value should be a list of triples, in the order
they appear in the html.

Subject, predicate, and object should generally be gained
from the text spans in the doc.

The return value should only include complete triples; if
for any section the predicate or object is missing from the
doc, it may be skipped.

Below is an sample of Input and Output

# Input (html)

<head><title>{title } </title></head>

{html}

# Output (triples)

{triples}

Here is the function and its execution result given the
sample input:

# Function

{previous_script}

# Execution result

{execution_result}

Prompt 10: Prompt for QA with demonstrations.

<system>

You are given a question and a reference that may or may
not help answer the question. Please answer the question.
Be concise.

# Example 1
### Question
{question_1}
#i## Reference
{reference_1}
### Output
{answer_1}

# Example 2
### Question
{question_2}
### Reference
{reference_2}
### Output
{answer_2}
<user>

### Question
{question}
#i## Reference
{reference}




Backbone Setting Global FM Triple-level F-1;m
A-V Hz F-F A-V Hz F-F
Llama 3.2-3B-Instruct zero-shot 54.5 51.8 414 425 39.6 27.6
Llama 3.2-3B-Instruct 2-shot 54.0 444 45.8 62.9 66.1 49.7
Llama 3.2-3B-Instruct fine-tuned 82.4 60.9 60.3 71.7 53.0 57.1
) ) Llama 3.1-70B-Instruct  zero-shot 626 656 448 643 760 404
in-domain Llama 3.1-70B-Instruct ~ 2-shot 953 849 886 924 853 914
Llama 3.1-70B-Instruct  fine-tuned 893 81.8 619 832 80.1 565
Claude 3.7 Sonnet 2-shot 96.0 928 876 934 916 88.1
GPT-40 2-shot 97.5 914 921 96.5 922 946
generated scripts single call 673 647 433 557 574 397
generated scripts multiple calls with feedback 848 759 603 851 732 56.0
Llama 3.2-3B-Instruct zero-shot 66.1 425 43.0 54.8 243 32.1
Llama 3.2-3B-Instruct 3-shot 623 40.0 358 531 134 213
Llama 3.2-3B-Instruct fine-tuned 84.4 56.3 53.0 74.0 350 542
) Llama 3.1-70B-Instruct  zero-shot 66.7 60.2  45.0 71.1 68.9 51.1
out-of-domain | Jama 3.1-70B-Instruct  3-shot 86.0 692 688 835 675 561
Llama 3.1-70B-Instruct  fine-tuned 85.8 73.8 66.5 762 727 63.2
Claude 3.7 Sonnet 3-shot 872 792 650 87.0 806 539
GPT-40 3-shot 87.6 754 618 89.8 766 58.0
generated scripts single call 784 545 432 645 464  30.1
generated scripts multiple calls with feedback 82.7 573 552 81.0 562 435

Table 11: Global FM and triple-level F-1y; across different layouts on cleaned pages. All numbers are in percentage
(%).

Setting Additional reference L-3B Q-3B
All AV Hz F-F Al AV Hz F-F
/ 77.1 8.9 724 8.0 815 8.1 799 804
zero-shot  Script-extracted triples 80.6 87.6 792 789 8715 89.2 878 85.9
Ground truth triples 89.1 912 888 885 8.2 898 914 8.1
/ 756 912 693 775 831 950 787 837
2-shot Script-extracted triples 829  89.8 835 778 868 950 87.1 81.6
Ground truth triples 856 87 854 840 894 948 903 847

Table 12: In-domain QA performance in Accuracyyy (%) across different layouts on cleaned pages. Script-extracted
triples enhance QA results with the most pronounced improvement observed in horizontal layout.

Setting Additional reference L-3B L-70B Q-3B Q-72B
hot 63.9 81.7 63.9 81.4
#ero-sho Script-extracted triples 70.6 84.6 72.1 82.9
2-shot / 69.8 92.3 79.6 93.0
Script-extracted triples 75.3 92.7 81.5 94.2

Table 13: In-domain QA performance in Accuracy, (%) on cleaned pages.

FT task L-3B  L-70B Q-3B Q-72B
/ 65.2 87.8 67.7 88.4
QA 79.9 95.9 80.1 93.7
TE 68.5 88.1 63.0 89.5
QA +TE 84.4 97.2 82.7 94.2

Table 14: Out-of-domain QA performance in Accuracya (%) on cleaned pages.

Fine-tuning task Additional reference L-3B  L-70B Q-3B Q-72B
/ 79.9 95.9 80.1 93.7

QA FT 3B extracted triples 713 / 79.8 /
FT 70+B extracted triples 85.0 94.2 82.0 94.4

Ground truth triples 932 94.8 89.9 93.1

/ 84.4 97.2 82.7 94.2

. . FT 3B extracted triples 83.2 / 80.8 /

QA + Triple Extraction  pp 20 g ovicted triples 8.5 954 837 949
Ground truth triples 94.0 96.2 90.8 93.6

Table 15: Out-of-domain QA performance in Accuracya (%) on cleaned pages.
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Backbone Setting Triple-level
EM Pgm  Rgm F-lgm Pem  Rpm F-lpu

Llama 3.2-3B-Instruct zero-shot 0.4 0.4 2.0 0.6 414 65.3 50.7
Llama 3.2-3B-Instruct 2-shot 42.4 424 61.2 50.1 60.2 87.8 71.4
Llama 3.2-3B-Instruct fine-tuned 40.7 476 45.5 46.5 74.6 77.9 76.2
=
'g Llama 3.1-70B-Instruct  zero-shot 8.0 8.5 12.3 10.1 54.3 76.0 63.4
S Llama 3.1-70B-Instruct ~ 2-shot 75.3 71.7 81.7 79.6  90.3 92.8 91.5
= Llama 3.1-70B-Instruct fine-tuned 50.6 52.7 54.3 53.5 78.6 82.7 80.6
Claude 3.7 Sonnet 2-shot 79.8 805 83.4 81.9 929 949 93.9
GPT-40 2-shot 81.8 839 83.0 835 938 941 94.0
generated scripts single call 309 588 32.0 41.5 57.5 52.7 55.0
generated scripts multiple calls with feedback ~ 56.1 73.6 56.9 642  8l.1 75.6 78.2
Llama 3.2-3B-Instruct zero-shot 4.5 4.5 6.6 53 442 58.8 50.5
= Llama 3.2-3B-Instruct 3-shot 9.3 15.5 10.3 124 375 35.7 36.6
‘é Llama 3.2-3B-Instruct fine-tuned 267 294 28.9 29.2 708 66.3 68.5
5]
= Llama 3.1-70B-Instruct  zero-shot 8.8 9.4 11.4 103 603 73.5 66.3
g Llama 3.1-70B-Instruct ~ 3-shot 42.1 453 46.2 457 76.5 76.2 76.4
3 Llama 3.1-70B-Instruct  fine-tuned 41.1 453 429 44.1 79.1 77.0 78.0
Claude 3.7 Sonnet 3-shot 48.1 496 512 504  80.8 832 82.0
GPT-40 3-shot 40.1 41.7 425 42.1 78.1 78.5 78.3

Table 16: Triple extraction performance on cleaned pages. All numbers are in percentage (%).

Fine-tuning task L-3B L-70B Q-3B Q-72B
A-V Hz F-F  A-V Hz F-F AV Hz F-F  A-V Hz F-F
QA 975 767 960 99.1 967 956 947 815 828 991 965 96.0

QA + Triple Extraction  97.8 803 978 994 975 98,6 972 844 842 965 97.0 98.6

Table 17: Out-of-domain QA performance in Accuracyry (%) across different layouts on cleaned pages. Compared
to solely fine-tuning on the QA task, multi-task fine-tuning with triple extraction consistently improves results on
horizontal (Hz) tables and free-form (F-F) data.

Reference Accuracyy Accuracypm
L-3B  L-70B L-3B  L-70B

(None) 3.6 7.4 4.4 11.5
HTML 62.8 88.0 69.2 94.0
Flattened 65.2 87.8 72.6 94.7

Table 18: Zero-shot QA accuracy (%) on cleaned pages.

Global Triple-level
FM Pim  Rim F-lim
Llama 4-Maverick-17B-128E, zero-shot 31.5 20.0 10.1 13.4
generated scripts, single call 235 15.7 11.0 12.9
generated scripts, multiple calls with feedback 27.9 19.0 14.5 16.4

Table 19: Triple extraction performance on whole webpages utilizing Llama 4 Maverick. All numbers are in
percentage (%).
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A.2 Discussion of alternative metrics

Compared to LLM-based metrics, rule-based met-
rics offer the advantages of being more determin-
istic and having lower computational costs. There-
fore, we define and report additional rule-based
metrics for both QA and triple extraction tasks.

QA accuracy. We report Appearance-based Ac-
curacy (Accuracy, ), where the correctness is de-
termined by whether the ground truth answer ap-
pears within the first 50 tokens of the model’s re-
sponse after normalization (i.e., lowercase, space
normalization, remove leading and ending punctu-
ations).

Table 14 and Table 15 report the QA perfor-
mance in Accuracya, which correspond to Table 8
and Table 9, respectively. Overall, we can observe
that the performance measured in Accuracyyy is
generally higher than Accuracy,, especially for the
zero-shot setting. This is because LLMs, particu-
larly when not fine-tuned, occasionally provide a
correct response that does not strictly contain the
ground truth answer as a substring. This suggests
that the real performance can be underestimated by
Accuracya. Nevertheless, Accuracyy aligns with
Accuracyy y in terms of the relative performance
and conclusions.

Triple extraction quality. Let A be the set of
triples in the prediction and B be the set of triples
in the ground truth, we define exact match-based
metrics as follows, where we consider two triples
are the same if subject, predicate, and object are the
same after normalization (i.e., lower-casing, space
normalization, and punctuation stripping).

 Exact Match (EM):= |ANB|/ max(|A|, |B|)
* EM-based Precision (Ppyv):= |[A N B|/|A|
* EM-based Recall (Rgm):=|A N B|/|B]

e EM-based F-1 Score (F-1gy):= 2 - Ppy -
Rem/(Pem + Rem)

Additionally, we define Fuzzy Match-based
Precision Pgyg, Recall (Rpy), and F-1 Score (F-
1pm). These metrics are analogous to their LLM-
based counterparts, with the exception that we uti-
lize the mean character-level fuzzy match scores of
the triple pairs from the maximum weight matching
as the numerator in calculating precision and recall,
rather than relying on the matching rate verified by
the LLM.

Table 16 shows the triple extraction performance
in the exact match-based and fuzzy match-based
metrics, which corresponds to Table 2.

A.3 Implementation details

Training and inference. When the target task is
triple extraction, we pass the webpage in HTML
to LLMs as input. For question answering and
multi-task training, we use the flattened page for
page representation obtained by Beautiful Soup*,
as our preliminary study (Table 18) showed that it
yields slightly better performance compared to us-
ing HTML directly. Additionally, our preliminary
study (Table 18) validated that the answers in our
experiments are mainly generated through RAG,
as LLMs without references (Prompt 9) achieve an
accuracy lower than 12%.

We generally used Prompt 3 and Prompt 4 for
triple extraction, and Prompt 8, Prompt 9, and
Prompt 10 for question answering. These prompts
were employed with nuanced adaptations as needed
(e.g., add an additional demonstration according to
the particular experimental setting). In particular,
when using the flattened page as a reference, the
reference was set to be the concatenation of the
title (provided separately in the WebSRC dataset)
and the flattened text (returned by Beautiful Soup
after passing the HTML to it).

We leveraged Transformers (Wolf et al., 2020)
and Unsloth (Daniel Han and team, 2023) for super-
vised fine-tuning on A100 (40G) or H100 (80GB)
GPUs. In all fine-tuning experiments, we employed
QLoRA (Dettmers et al., 2023) with settings r=16
and alpha=32, and utilized prompt-masking. Fine-
tuning was performed for 1 epoch, with a batch
size of 2, and learning rates of 2e-4 for 3B models
and 5e-5 for 70+B models.

Evaluation. Our LLM-based metrics involve a
two-stage process. First, we apply straightforward
rules to assess clear-cut cases (i.e., the triples match
exactly, the response matches perfectly the ground
truth answer). For the remaining cases, we rely on
LLMs, employing Prompt 1 for QA metrics and
Prompt 2 for triple extraction metrics.

A.4 Additional annotation examples and
details

For the example in Figure 1a, the extracted triples
include:

4https: //www.crummy .com/sof tware/
BeautifulSoup/.
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* ("Tuskegee Institute, and its
industries / Shepherd Photo Co., St.

Paul, Minn.", "Title", "Tuskegee
Institute, and 1its industries /
Shepherd Photo Co., St. Paul,
Minn.")

e ("Tuskegee Institute, and its
industries / Shepherd Photo Co.,
St. Paul, Minn.”, "Summary”, "15

views of Tuskegee Institute, Alabama,

showing activities of students,
including cabinet making, sewing,
and millinery.")

e ("Tuskegee Institute, and its

industries / Shepherd Photo Co., St.
Paul, Minn."”, "Created / Published”,
"[ca. 1900]")

and so on. The subject is “Tuskegee Institute, and
its industries / Shepherd Photo Co., St. Paul, Minn.”
for all triples in this example. The predicates come
from texts in bold, and the texts following each
predicate are the objects.

For the example in Figure 1c, the extracted
triples include:

* ("EDGAR Filing Documents for
0000894189-10-002875", "Filing
Date"”, "2010-08-10")

e ("empiric_63010ng.htm",
"Description”, "QUARTERLY  NOTICE
OF PORTFOLIO HOLDINGS")

e ("Series S000002964", "Name", "Core

Equity Fund")

and so on. Note that “EDGAR Filing Documents
for 0000894189-10-002875” comes from the web-
page title (not in the screenshot).

For the webpage shown in Figure 3, predicates
such as “CPU” and “GPU” do not have correspond-
ing objects. As a result, they do not form complete
triplets and can be skipped. However, there are two
instances of the predicate “Base” with different
meanings. In such cases, we may add disambigua-
tion information to the predicates to clarify their
context.

We conducted two phases of annotation valida-
tion:

* Phase 1: After the initial annotation (per-
formed by a group of five annotators with a lin-
guistic background), 20% of the annotations

were randomly sampled and carefully checked
by the paper’s authors. The authors then pro-
vided feedback to the annotation group on
common issues observed during this review.

e Phase 2: Based on this feedback, the most
experienced annotator in the group manually
reviewed the quality of all annotations and
corrected any issues as necessary.

A.5 Details of QA pair construction for whole
webpages

To prevent generating questions solely about con-
tent that the LLMs easily interpret, an initial set
of candidate QA pairs was generated by prompt-
ing a 70B Llama model with the webpage content
and corresponding ground truth triples. We then
refined the set with the LLMs by: (1) Removing
questions that require heavy reasoning, as we fo-
cus on evaluating the ability to comprehend semi-
structured webpages rather than heavily reasoning
over them. (2) Removing questions that combined
multiple distinct questions into one (e.g., “What
is an atom and how big is it?”) to avoid artifi-
cially increasing difficulty by combining multiple
questions. (3) Filtering out questions that were cor-
rectly answered by all LLMs from the set { Llama
3.1-70B-Instruct, Llama 3.1-8B-Instruct, GPT-4o,
GPT-40 mini, Claude 3.7 Sonnet, Gemma 3-27b-
it (Team et al., 2025), Phi-3.5-MoE-instruct (Abdin
et al., 2024)} to create questions that effectively
differentiate model performance. Finally, we per-
formed human audits to eliminate QA pairs where
questions were not grounded in the webpage con-
tent or where answers were incorrect.

A.6 Script writing for whole pages

We utilize Llama 4 Maverick (Adcock et al., 2026)
(with a 1M context window) and compare direct
LLM extraction to script-based extraction in Ta-
ble 19. We report performance only for webpages
in the in-domain evaluation set, as only a single
webpage was collected for each website in the out-
of-domain evaluation set in our dataset. Trafilatura
was applied for all runs. Our findings, which are
consistent with those observed in the cleaned page
setting, are as follows: (1) The multiple-call ap-
proach outperforms the single-call approach. (2)
The quality of triples extracted by generated scripts
is comparable to that of direct LLM extraction.
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Piv Rum F-lim

ReVerb 0.7 0.5 0.6

cleaned pages, in-domain REBEL -large 8.5 21 34
> Llama 3.1-70B-Instruct, zero-shot 53.1 71.8 61.0

Llama 3.1 generated scripts, multiple calls with feedback ~ 75.8 69.9 72.7

ReVerb 0.0 0.0 0.0

cleaned pages, out-of-domain REBEL large 8.3 1.9 3.1
? Llama 3.1-70B-Instruct, zero-shot 60.3 74.1 66.5

Llama 3.1 generated scripts, multiple calls with feedback ~ 63.8 57.9 60.7

ReVerb 23 1.2 1.5

whole pages, in-domain REBEL-large 1.1 1.2 1.1
’ Llama 4-Maverick-17B-128E, zero-shot 20.0 10.1 13.4

Llama 4 generated scripts, multiple calls with feedback 19.0 14.5 16.4

Table 20: Triple extraction performance comparison between non-LLM and LLM-based approaches. All numbers
are in percentage (%).

cPU GPU
DDR4 Release
Model Clock L2 Clock TDP -
price
Step. h Comput Memory Socket Released  Part number
number (GHz) cache n 0D (GHz,
Cores  (GH2) MUl | Voo, Model L ED | g €@ (wsD)
(MB)
Base Turbo Base Turbo
X3216 Unknown| 2 1.6 30 1 Unknown Unknown Unknown 4 — 1600 OX3216AAY23KA | Unknown
X3418 | Unknown 18 382 Unknown Unknown Unknown 6 0o B 12-| BGA  June, | OX3418AAY43KA |Unknown
4 2 Radeon ) 2400 15 | (FP4) 2017
X3421 | Unknown 21 | 34 Unknown | Unknown 8 - OX3421AAY43KA | Unknown
Subject  Predicate Object

X3216 <— CPU Clock (GHz) —> Base 1.6

X3216 <-GPU Clock (GHz) —> Base 0.8

Figure 3: A triple annotation example with disambiguation information.

Global Triple-level
FM EM Pgy Rgy Flgy
multiple calls with feedback, 3 iterations (i.e., Algorithm 1) 74.5 56.1 73.6 56.9 64.2
multiple calls with feedback, 2 iterations (i.e., change 3 to 2 in #6) 74.2 55.1 72.6 55.9 63.2
multiple calls with feedback, 1 iteration (i.e., change 3 to 1 in #6) 74.8 51.3 67.1 52.3 58.8
multiple calls with no feedback (i.e., remove #6—#10) 70.2 42.1 62.1 42.6 50.5
single call (i.e., remove #3—#11) 59.0 30.9 58.8 32.0 41.5

Table 21: Ablation tests for Algorithm 1 on cleaned pages.

Algorithm 1 GenerateScript(A, B)

Require: Two samples A and B, each containing HTML and the ground truth triples
1: Initialize collection of candidate scripts: scriptCands < {}
2: Generate script using both samples and add to candidate scripts: scriptCands < scriptCands U
{GenerateScriptFromLLM(samples = {A, B})}

3: for each sample s € {A, B} do

4: Generate sample-specific base script: script, <— GenerateScriptFromLLM((samples = {s})

5: Add base script to candidate scripts: scriptCands < scriptCands U { script}

6: fori < 1to3do

7: Execute previous script on sample’s HTML: execResultPrev < ExecuteScript(script =
script;_q, html = s.html)

8: Generate improved script using feedback: script; < GenerateScriptFromLLM(samples =
{s}, previousScript = script;_, evecResult = execResultPrev)

9: Add improved script to candidate scripts: scriptCands < scriptCands U {script; }

10: end for

11: end for

12: return SelectBestScript(scriptCands, evaluationSamples = { A, B})
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A.7 Comparison with traditional (non-LLM)
triple extraction approaches

There are very few established open-source OpenlE
systems. We benchmarked ReVerb (Fader et al.,
2011), which, to our knowledge, is the only non-
LLM system that can be directly applied to our
task. Additionally, we evaluated the performance
of REBEL (Cabot and Navigli, 2021). Although
REBEL is not strictly an OpenlE system, it is
trained to cover more than 200 of the most fre-
quent relations in Wikidata. As shown in Table 20,
the performance of both systems falls significantly
short of zero-shot LLM baselines and script-based
extraction.

A.8 Details of triple extraction through
automatically generated scripts

Algorithm 1 describes the steps of generating a
script for in-domain triple extraction through mul-
tiple calls with feedback, where GenerateScript-
FromLLM in #2 #4 and #8 employs Prompt 6,
Prompt 5, and Prompt 7, respectively. For fast, low-
cost iteration, we employed exact match defined
in Appendix A.2 as the metric for script selection
in SelectBestScript. We report ablation tests in Ta-
ble 21. The out-of-domain triple extraction follows
the same algorithm, except that it uses triples ex-
tracted by the 3-shot extraction model (based on
Llama 3.1-70B-Instruct) instead of ground truth
triples.
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