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Abstract

The opioid crisis represents a significant moment in public
health that reveals systemic shortcomings across regulatory
systems, healthcare practices, corporate governance, and pub-
lic policy. Analyzing how these interconnected systems simul-
taneously failed to protect public health requires innovative
analytic approaches for exploring the vast amounts of data
and documents disclosed in the UCSF-JHU Opioid Industry
Documents Archive (OIDA). The complexity, multimodal na-
ture, and specialized characteristics of these healthcare-related
legal and corporate documents necessitate more advanced
methods and models tailored to specific data types and de-
tailed annotations, ensuring the precision and professionalism
in the analysis. In this paper, we tackle this challenge by or-
ganizing the original dataset according to document attributes
and constructing a benchmark with 400k training documents
and 10k for testing. From each document, we extract rich
multimodal information—including textual content, visual el-
ements, and layout structures—to capture a comprehensive
range of features. Using multiple Al models, we then generate
a large-scale dataset comprising 360k training QA pairs and
10k testing QA pairs. Building on this foundation, we develop
domain-specific multimodal Large Language Models (LLMs)
and explore the impact of multimodal inputs on task perfor-
mance. To further enhance response accuracy, we incorporate
historical QA pairs as contextual grounding for answering
current queries. Additionally, we incorporate page references
within the answers and introduce an importance-based page
classifier, further improving the precision and relevance of
the information provided. Preliminary results indicate the im-
provements with our Al assistant in document information
extraction and question-answering tasks.

Datasets —
https://huggingface.co/datasets/opioidarchive/oida-qa
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Introduction

The opioid crisis has severely impacted global health, ex-
posing weaknesses in healthcare systems and contributing to
issues like domestic violence and child abuse (NIDA 2024,
Oderda et al. 2015; Swedo et al. 2020). In 2019, 10.1 million
Americans reported opioid misuse, and from June 2021 to
May 2022, opioids were involved in 90% of the 108,000 U.S.
overdose deaths (CDC 2020; Tanz et al. 2022). Though effec-
tive for pain relief, opioids can induce euphoria, resulting in
misuse and addiction, particularly in regions with inadequate
healthcare services, underscoring the urgent need to address
drug misuse (Birnbaum et al. 2011). Recent advances in Al
have increasingly revealed its potential in healthcare. Particu-
larly, Al assistants based on LLMs have emerged as powerful
tools for extracting insights from unstructured medical data
and assisting healthcare professionals in clinical Question
Answering (QA) (Lee et al. 2020; Singhal et al. 2023a; Lu,
Dou, and Nguyen 2022). Thus, we wish to develop Al-driven
solutions to address the opioid crisis with the public data from
the UCSF-JHU Opioid Industry Documents Archive (OIDA
2021), a massive corpus of internal correspondence and other
documents arising from the opioid industry.

While LLMs perform well on general QA tasks, the mul-
timodal and long-context nature of healthcare data poses
challenges such as complex reasoning and increased halluci-
nation risks (Gao et al. 2023). Most LLMs also struggle with
multi-turn interactions, limiting their ability to handle sequen-
tial user queries effectively. Furthermore, they often fail to
link answers to specific pages or sections within documents,
resulting in poor answer provenance and reduced trustwor-
thiness. These challenges are compounded by the escalating
opioid crisis and the rapid growth of the OIDA dataset. Thus,
creating a low-cost, reliable, and scalable multimodal LLM
accessible to the public is essential.

In this paper, we propose OIDA-QA, a multimodel multi-
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What specific complications are associated with TENS?

Common side effects include an initial pain relief in 70% to 80% of patients. Patient comfort and adequate pain |
relief are essential for compliance with TENS therapy. (Page: 13) I

What are the possible complications with spinal cord stimulation (SCS)? I
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Common complications include lead migration, commonly seen adverse effects such as lead fracture, and

r@

How can granuloma formation at the catheter tip be managed? I
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~~What are the general complications associated with interventional pain management techniques?
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connections, failure to respond to trial stimulation, and interference with cardiac pacemakers. (Page: 16)
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Figure 1: Overview of the proposed OIDA-QA: Our QA dataset enables multi-hop QA with answers grounded to specific pages,
effectively handling multi-page documents by extracting dense information (textual, visual, and layout) from scanned documents.

page and multi-hop document question-answering bench-
mark based on the OIDA. To effectively handle large-scale
document data, we start by analyzing its distribution using
the taxonomy proposed in ADOPD (Gu et al. 2024), com-
bined with the CLIP (Radford et al. 2021) model finetuned
on ADOPD’s image-caption pairs. Utilizing the taxonomy-
derived clusters, we identify the 20 clusters with the most
documents and further diversify based on sub-categories and
page count. We compile 20K PDF documents from each se-
lected cluster to create the final training set. To develop a
comprehensive understanding of each PDF document, we
enrich the original PDFs by extracting textual information
(OCR words), visual elements (tags and masks), and layout
details (bounding boxes). These enriched, model-assisted
multimodal annotations provide the foundation for generat-
ing QA pairs. Then, we introduce user personas (Chan et al.
2024) when generating questions, simulating users from vari-
ous backgrounds to create a diverse set of queries. Meanwhile,
answerability and page-level grounding of the questions are
ensured by leveraging a multimodal LLM, which serves as
both a verifier and locator for the generated QA pairs. Further-
more, we recruit medical professionals, including doctors
and nurses, to annotate and refine 100k QA pairs in our
dataset, ensuring the accuracy and reliability of the ma-
jority of the generated QA pairs.

To handle long-context reasoning, we enable LLMs to
learn relations across extended contexts and ground an-
swers to the right pages using instruction-based page-finding

39250

prompts and a key-page identification model. By expanding
the model’s context window during training, we capture the
semantic information of long documents. During testing, for
documents that exceed the model’s processing capacity, we
use the key page identification model to preliminarily locate
important pages and feed these into the model to obtain pre-
cise answers and their corresponding page locations. This
approach effectively addresses the challenge of processing
ultra-long texts, improving both efficiency and accuracy. The
overview of our proposed method is visualized in Figure 1.
Experiments show that our model performs excellently in
both answering questions and locating pages, validating the
effectiveness of our approach. This highlights the potential
of multi-turn dialogue systems in the medical domain. We
believe our system plays a vital role in medical information
retrieval and opioid abuse prevention, providing robust tech-
nical support to address this pressing public health crisis.
The contributions of this paper are summarized as follows:
¢ We introduce OIDA-QA, a multimodal document QA
benchmark based on the OIDA, along with an effective
method for enriching PDF documents with textual, visual,
and layout annotations. This provides a data foundation for
the exploration of Al-driven solutions to the opioid crisis.
* We utilize the dense extracted data and LLMs to create
a persona-based, long-context, multi-page, multi-hop QA
benchmark. By integrating user personas and page-level
references, OIDA-QA benefits to a broader range of users
and enhances the answer verifiability of the benchmark.



* We develop a scalable model system for long-context
processing and answer page grounding. By employing
instruction-based prompts and introducing a key page iden-
tification model, our approach enhances the model’s ability
to locate relevant pages within lengthy documents, improv-
ing both efficiency and accuracy.

* We validate the effectiveness of our proposed methods
through extensive experiments. The results demonstrate
strong performance in both question answering and page
locating tasks, confirming the efficacy of our approach.

Related Work

Document Understanding Pre-training large models that
handle both textual and visual information have proven
highly effective for document understanding tasks (Huang
et al. 2022; Da et al. 2023; Shen et al. 2024b,c,d, 2025a,c).
Unlike traditional LLMs that process plain text, document
understanding requires models to consider layout informa-
tion (Tu et al. 2023; Yu et al. 2023; Shen et al. 2025b, 2024a,
2022, 2025e,d,g). Recently, LLMs and Multimodal LLMs
(MLLMSs) (OpenAl 2022, 2023; Yang et al. 2023; Liu et al.
2025a,b) have demonstrated outstanding zero-shot perfor-
mance across a wide range of Natural Language Process-
ing (NLP) and Computer Vision (CV) tasks. Leveraging
LLM:s for zero-shot document understanding has also shown
promise (Perot et al. 2023; Zhang et al. 2023; Shen et al.
2023, 2025f). Although existing models have demonstrated
promising results in document tasks, most training data origi-
nates from traditional datasets that lack sufficient document
data. The OIDA data poses challenges for existing models
due to its multi-page, multimodal characteristics. However,
previous works focus on general vision-language domain, not
for multi-page document understanding tasks.

Healthcare Question Answering With over one-third of
American adults seeking medical information online (Fox and
Duggan 2012), there is a growing need for robust healthcare
QA systems to support patient consultations. Previous health-
care QA systems with Pre-trained Language Models (Pergola
et al. 2021) faced challenges in real-world applications due
to limited language understanding and generation capabili-
ties (Liu et al. 2023). In healthcare, LLMs like Med-PaLM
2 (Singhal et al. 2023b) have shown remarkable progress,
achieving 86.5% on the USMLE dataset and outperforming
earlier models (Singhal et al. 2022). This advancement ex-
tends to other medical datasets, including MedMCQA (Pal,
Umapathi, and Sankarasubbu 2022) and PubMedQA (Jin et al.
2019). However, as summarized in Table 1, existing health-
care QA datasets often lack multi-turn conversations and
grounding information. Only datasets such as MedDialog-
CN (He et al. 2020) and MedDialog-EN (He et al. 2020)
provide multi-round dialogues but without grounding.

OIDA-QA Benchmark

Data Collection and Extraction

The original OIDA data is available in PDF format', along
with metadata, and extracted text for all documents. Layout

's3://opioid-industry-documents-archive-dataset-bucket/
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and visual information are not available due to the limitations
of OCR and document extraction models. For the OIDA doc-
uments, extracting as much detailed information as possible
is essential to fully explore the model’s capabilities and better
serve the community. To fully leverage OIDA for developing
an Al system, our data collection process includes the follow-
ing steps: (1) analyzing the distribution of the OIDA dataset,
(2) performing balanced data sampling, and (3) extracting
multimodal information.

Data Distribution Analysis To understand the distribution of
OIDA, we utilize the pre-trained CLIP model from ADOPD
and its taxonomy to tag the first page of each document in a
zero-shot manner. This is achieved by calculating the simi-
larity between the visual features of the page images and the
textual embeddings. The textual embeddings are composed
of the proposed taxonomy labels from ADOPD, formatted
as ‘a photo of jcandidate label;’. The top five most relevant
labels are selected for document grouping, which catego-
rizes each document into clusters based on the hierarchically
structured ADOPD taxonomy. The predicted document tags
and clustered results for all PDF documents offer a compre-
hensive overview of the OIDA dataset’s distribution. This
cluster-based sampling approach minimizes selection bias,
resulting in a more diverse training set.

Data Sampling Let the entire dataset be denoted by Dyy;.
We downsample Dy by selecting the top K largest clus-
ters based on distribution analysis above. For each clus-
ter k € {1,2,...,K}, we define the subset D =
{Dy1,Dkz2,...,Din,}, where each document Dy, ; con-
sists of multiple pages. In our experiments, we set K to 20.
For the sampling of each cluster, we balance the subcate-
gories according to the labels and the number of pages. We
collect a diverse training set from these 20 clusters, including
20K PDF documents per cluster (for a total of 400K docu-
ments). For the test set, we gather 500 PDF documents per
cluster, resulting in a total of 10K documents. To construct
multi-hop QA pairs, we select long documents—those ex-
ceeding 10 pages—from the extracted dataset for better QA
generation. In Figure 2(a), we visualize the distribution of
documents across eight different page counts within each
cluster. Figure 2(b) visualizes the distribution of documents
based on the logarithm of sequence length, emphasizing the
long-sequence characteristics of OIDA-QA.

Document Data Extraction For each document Dy, ;, we
extract textual, visual, and layout information from each page.
Using an OCR tool, we extract words to obtain a set of text
lines, which are then grouped into paragraphs {p ; ; } using
heuristic rules. We assign each paragraph py; ; a location
Liij = (ki bl b, b7, bE), where py ; j is the page num-
ber, and (b, b, by bg) are the normalized bounding box
coordinates. Figure 3 illustrates that text lines alone do not
capture the semantic relationships between words, and that
merging words using rule-based methods is also limited by
heuristic constraints. To address these limitations, we utilize
the Doc2Box model (Gu et al. 2024) to extract text blocks that
better preserve semantic structures. For visual information,
we provide two outputs: CLIP tags and entity masks. The
CLIP tags capture the high-level attributes of the documents.
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We apply the trained Doc2Mask model (Gu et al. 2024) to
identify the entity masks. By combining textual, visual, and
layout information, we create a comprehensive representation
of each document that supports advanced processing tasks
such as QA and information extraction.

Persona-Based Multi-Hop Question-Answering
Dataset Generation

Persona Setup To simulate diverse user interactions and gen-
erate questions from various perspectives, we incorporate
the vast Persona Hub (Chan et al. 2024), including over one
billion personas, into our benchmark for question generation.
We begin by generating the relevant personas for our bench-
mark. For each cluster, we randomly sample 500 personas
from the full Persona Hub and employ the GPT-40 (OpenAl
2023) to generate 48 detailed personas in average based on
the assigned labels of the cluster. The detailed personas, with
attributes: Name, Age, Gender, Major Background, Previous
Experience, and Hobbies, ensures the subsequent question
generation process draws from a diverse user profiles.

Multi-Hop QA Generation We employ a model-assisted
approach for question-answer data generation, structuring the
process into question generation and answer generation using
GPT-40. Algorithm 1 detailed in Appendix illustrates the QA

data generation process. Building upon our data extraction
method described in Section , we use only the grouped text
lines as input for this step. To ensure a wide range of perspec-
tives in the question generation process, we introduce the
characterized personas discussed earlier. For generating QA
pairs, we employ GPT-40 instances in the following role: (1)
a question generator that creates questions based on the docu-
ment content and persona attributes; (2) an answer generator
that determines if the answer is answerable and provides the
corresponding response with referred page number simulta-
neously. (3) a QA pair decomposer that decomposes single
QA into more than one QA sequence to form a coherent
multi-turn conversation. As a result, we generate over 360k
QA pairs with grounding information, indicating the specific
page each answer refers to right side of Figure 4 shows the
distribution of QA counts in our benchmark.

Method

In this section, we detail the training process of our model for
multi-round QA over long documents with page-grounded
answers. Our approach includes instruction tuning of the
LLM and introduces a page-finding mechanism, implemented
by adjusting the training loss to improve page grounding and
proposing a page-finding model to efficiently locate relevant
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Task Source Size #Round Grounding

= Alpaca 52k 1 No
5 Dolly 15k 1 No
3 ShareGPT 48k 1 No
© DocVQA 50k 1 No
HealthCareMagic 100k 1 No
iCliniq 7k 1 No
§ MedDialog-CN 792k >1 No
; MedDialog-EN 257k >1 No
= MedInstruct 52k 1 No
T Medical Flash Cards 34k 1 No
WikiDocPatient S5k 1 No
PubMedQA 211k 1 No
OIDA-QA (Ours) 370k >2 Yes

Table 1: Comparison of QA datasets across general QA and
HealthTech domains, including biomedical and clinical.

pages within the documents.

Instruction Tuning for Multi-Hop QA

We fine-tune the pretrained LLM using instruction tuning to
perform multi-hop QA tasks. Given the LLM as model with
parameters 6, the model is trained to generate appropriate
answers given an input context, a sequence of questions, and
the dialogue history.

Let D = {(C;, H;)} Y, denote the training dataset, where
C; is the input context for the i-th example, formulated
based on the extracted sentences S and their locations; and

H; = [(qF, af)]f:ll is the dialogue history consisting of
question-answer pairs, with K; being the number of dia-
logue turns in the i-th example. At each turn j, the model
generates the answer az conditioned on the context C;,
the current question qf , and the previous dialogue history

Hfj = [(qf, af)]ic:l, the conditional probability of gen-

erating a is given by P (af | Cs, ¢, H 9), where 6
represents the model parameters. Finally, the training ob-
jective is to minimize the negative log-likelihood over the
dataset as follows,

N K;

Loa(0) = fZngP(ag' 1Ci, of, HE 9). 1)

i=1 j=1

This loss function encourages the model to generate accurate
answers based on the context and dialogue history in a multi-
turn setting.

Query-Based Page Finding

When dealing with long documents, the input context C; may
exceed the model’s maximum context window size Lax.
To address this, we truncate the context to fit within the
allowable length, typically by focusing on the ground-truth
page. However, this introduces a training-testing mismatch,
as the model relies on the ground-truth page during training
but lacks this information during testing. To mitigate this,
we propose two improvements: (1) Enhancing Page-Finding
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Figure 4: Visualization of the QA pair counts within our
benchmark.

via Ground-Truth Content Reiteration to improve content
localization, and (2) Training a Query-based Page Finder
to enable effective page identification without relying on
ground-truth information during testing.

Enhancing Page-Finding via Content Reiteration The
training objective in Section focuses on optimizing the
model’s ability to generate accurate answers based on the
input context and questions. To enhance the model’s page-
finding capability through content reiteration, we introduce
an additional optimization step. Specifically, we modify the
model so that it outputs the associated page references along
with a relevant portion of the context as a single, unified re-
sponse. This is achieved by designing prompts that instruct
the model to include page indices and pertinent context ex-
cerpts in its output, thereby reinforcing the link between the
content and its location within the document. To formalize
this enhancement, we adjust the conditional probability to
jointly model the page indices and the relevant context por-
tion as one output as follows,

P (v, Cl1Cydl 75 0), @

where pg represents the page indices relevant to the query,

and C‘g is the extracted portion of the context associated with
those pages.

Additionally, we further employ a page-finding loss func-
tion that captures the joint probability of generating the cor-
rect page and context to balance the learning of both tasks as
follows,

N K;
Loe(0) = =3 Y tog P (v, €7 | Ciy ] HTP50).

i=1j=1

3
During training, we incorporate both the QA loss Lga(6)
and the page-finding loss Lpp(6) to enable accurate answer
generation and effective page-level grounding over long doc-
uments. We combine page-finding and QA data in a specific
proportion to train the model on both tasks. This approach
helps the model focus on relevant sections, output page refer-
ences, and generate responses grounded in specific document
parts, enhancing performance in multi-hop QA tasks.

Page Finder for Ultra-Long Contexts As mentioned ear-
lier, during testing, the input sequence can become very long,
potentially exceeding hardware limitations and causing sig-
nificant delays. This motivates us to propose a method to
assist in finding important pages during testing. Thus, we



develop a separate Page Finder module to identify relevant
pages before generating answers.

For multi-page documents, we first extract the content
of each page. We use an encoder model based on Sentence
Transformers (Reimers and Gurevych 2019) to generate em-

beddings for each page ¢; and the query qf as follows,

h, = ¢(c;), hy=o(q)), &)

where ¢ denotes the Sentence Transformer encoder.

To train the Page Finder module, we utilize the Multiple
Negatives Ranking Loss (Henderson et al. 2017), which is
effective for training retrieval models with in-batch negatives.
Given a batch of B query-document pairs {(qp,c; )} |,
where each ¢ is a query and cb+ is its corresponding positive
(relevant) page, we compute the similarity scores between
each query and all document embeddings in the batch. Then,
the total loss over the batch is then computed as follows,

B
exp(Sp.b/T)

B b=1 ZkB:I eXP(Sb,k/T)7

where s}, = cos(hg,, h_+) is the similarity score between
k

&)

LMNRL =

query ¢ and document c;, and 7 is a temperature hyperpa-
rameter that controls the softness of the probability distribu-
tion. This loss encourages the model to assign high similarity
scores to the correct query-document pairs while minimizing
the scores for mismatched pairs within the batch, which serve
as negative samples.

During inference, we employ the trained Page Finder to
compute the relevance scores between the query and each
page using cosine similarity. We then select the top-ranked
pages based on these scores and extend the selection by
adding additional adjacent pages until the context length
limit L. is reached as follows,

Cgeduced _ [ ’ CZK]» (6)
where K is determined such that the combined length of the
selected pages does not exceed L.

We then provide C4<¢d to LLMs for answer generation
as follows,

Clyy Clyy -

P (af | ot ol B 6). )

By integrating the Page Finder module into our system, we
effectively handle ultra-long documents by focusing on the
most relevant sections, mitigating hardware limitations and re-
ducing inference delay. Meanwhile, training the Page Finder
enables it to accurately retrieve the pages most pertinent to
the query, enhancing the overall performance.

Experiments
Experimental Analysis

Training Details In our main experiments, we utilize the
Mistral-7B-Instruct-v0.2 model (Jiang et al. 2023), employ-
ing full-parameter fine-tuning for improved optimization.
The training is conducted over one epoch with a local batch
size of 12 and a learning rate set to 5 x 107°, utilizing 8
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NVIDIA H100 GPUs. The AdamW optimizer (Loshchilov
and Hutter 2018) is used with cross-entropy loss, and the
maximum sequence length is set to 8192. Additionally,
we derive an extra 64,000 QA training examples from
the original training set, specifically tailored for content
reiteration. For the Page Finder module, we utilize the
multi-ga-mpnet-base-dot-v1 model (Reimers and
Gurevych 2021), and we further fine-tune it on 100,000 ran-
dom samples generated from the training set. The fine-tuning
process involves training for one epoch on 8§ NVIDIA H100
GPUs, with a local batch size of 16, a learning rate set to
2x107% and a warmup ratio of 0.1.

Evaluation Metrics We assess the generated answers us-
ing sentence-level automatic evaluation metrics provided by
the Hugging Face evaluation pipeline (HuggingFace 2024).
Automated metrics include BLEU (Papineni et al. 2002),
METEOR (Banerjee and Lavie 2005), ROUGE (Lin 2004),
and BERTScore (Zhang et al. 2019), which provide quanti-
tative measures of answer quality by comparing generated
responses to reference answers. We also introduce the page
generation rate and page accuracy to further demonstrate
the effectiveness of our proposed page-finding optimization
method. The page generation rate denotes the proportion of
generated answers that include a reference to a page. The
page accuracy refers to the proportion of these generated
page references that correctly correspond to the intended
reference pages.

Experimental Analysis

Impact of Context Window Size on Model Performance
In our experiments with long documents, we investigate the
effect of various context window sizes on model performance.
Specifically, we use context window sizes of 0, 1, 3, and the
maximum allowable size. Maximum window size includes as
many adjacent pages as possible until reaching the maximum
sequence length permitted by our experimental setup.

Results in Table 2 highlight the critical importance of
context window size. Training without any context window
(window size of 0) yields poorest performance, as condition-
ing on inputs without relevant context leads to unstable loss
optimization. As context window size increases, the model’s
performance improves significantly, particularly in terms of
page accuracy and page generation rate, as shown in Table 3.
Incorporating a larger context window enhances the model’s
ability to accurately identify and generate relevant pages.
These findings highlight the importance of using adjacent
page information to improve model performance on multi-
page document tasks, while balancing hardware constraints
from memory and bandwidth for optimal results.

Enhancing Model Performance with Content Reiteration
To further strengthen the model’s page-finding capabilities,
we implement a content reiteration strategy. This involves ran-
domly sampling training examples and reformulating the QA
pairs into a page-finding format. These reformulated samples
are then incorporated into the original training set, enabling
optimized instruction tuning. The experimental results in
Table 2 indicate that content reiteration-guided instruction



Window Content Page BLEU ROUGE BERT
Size Reiteration | Finder -1 -2 -3 METEOR -1 -2 -L Lsum | Score
/ X X 659% 524% 452% 38.5% 60.9% 56.8% 422% 53.6% 53.7% | 88.5%

/ X v 735% 63.7% 572% 48.6% 67.9% 639% 519% 61.7% 61.7% | 90.7%
1 X X 74.6% 62.8% 559% 49.7% 69.5% 66.1% 53.5% 63.7% 63.7% | 91.7%

1 X v 73.6% 61.5% 544% 48.1% 67.8% 64.1% 51.1% 61.7% 61.7% | 91.3%
1 v X 75.6% 64.1% 57.1% 51.0% 69.4% 66.5% 54.1% 643% 64.3% | 91.8%
1 v v 77.0% 663% 59.6% 53.7% 71.7% 689% 56.8% 66.5% 66.5% | 92.3%
3 X X 71.6% 61.1% 54.8% 48.7% 67.7% 63.5% 519% 61.2% 61.3% | 90.6%
3 X v 733% 634% 573% 52.0% 70.5% 669% 555% 64.7% 64.7% | 91.6%
3 v X 72.6% 62.0% 554% 49.5% 68.9% 649% 529% 62.6% 62.6% | 91.1%
3 v v 759% 659% 59.4% 53.6% 71.4% 68.1% 564% 658% 658% | 91.8%
Max X X 723% 61.8% 553% 49.8% 70.6% 662% 54.1% 63.8% 63.8% | 91.5%
Max X v 73.6% 63.8% 57.6% 52.2% 72.4% 68.0% 56.4% 65.6% 65.6% | 91.9%
Max v X 751% 64.1% 574% 51.4% 69.7% 66.7% 544% 64.4% 64.4% | 91.7%
Max v v 76.5% 662% 59.7% 54.0% 71.7% 68.7% 56.8% 66.4% 66.4% | 92.2%

Table 2: Main results with different settings, including varying window sizes and the use of content reiteration or the Page Finder
module. Window size refers to the number of adjacent pages included before and after the ground-truth page. The maximum
window size denotes truncation centered around the ground-truth page, extending to the maximum sequence length allowed.

Window Page Page Page Page
Size Finding | Finder | Generation Rate Accuracy
/ X X 68.7% 83.2%
/ X v 88.2% 90.8%
1 X X 69.7% 98.9%
1 X v 71.0% 99.1%
1 v X 73.9% 99.1%
1 v v 83.4% 99.2%
3 X X 80.4% 97.8%
3 X v 87.5% 98.5%
3 v X 79.2% 96.6%
3 v v 88.1% 98.0%
Max X X 80.8% 98.8%
Max X v 86.7% 99.2%
Max v X 80.8% 97.6%
Max v v 88.5% 97.6%

Table 3: Page generation rate and page accuracy results. The
generation rate represents the proportion of generated an-
swers that include the reference page.

tuning significantly enhances the model’s reading compre-
hension and page localization abilities. This approach proves
particularly effective when the context window size is small,
as presented in Table 3, by reinforcing the model’s ability to
pinpoint relevant pages. However, content reiteration alone
may not fully compensate for the limitations of a small win-
dow size. Despite its benefits, the page accuracy for models
trained with a small window size remains lower than that of
models trained with the maximum window size, even with-
out the use of content reiteration. This highlights that larger
context windows are still crucial for optimal performance.

Impact of the Page Finder on Model Performance We
further enhance our benchmark by incorporating the Page
Finder module and conducting additional evaluations to ver-
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ify its effectiveness, as shown in Table 2 and Table 3. The
inclusion of the Page Finder allows us to mitigate practical
limitations associated with processing very long documents,
especially on mobile devices with constrained GPU memory.
Inputting excessively long documents is often impractical
due to hardware limitations and can introduce irrelevant in-
formation that may hinder the model’s performance.

Moreover, the Page Finder facilitates better integration
with retrieval-augmented generation (RAG) methods (Lewis
et al. 2020; Izacard and Grave 2021). By providing ground-
ing information and narrowing down the search space, it can
aid subsequent research in developing more efficient and
accurate models. Our design of the Page Finder within the
QIDA-Quest offers a foundation for future studies to explore
advanced techniques in document understanding and ques-
tion answering tasks. Also, this groundwork paves the way
for efficient deployment in real-world applications, enabling
scalable solutions with rapid response.

Conclusion and Future Work

This paper introduces OIDA-QA, a multimodal QA bench-
mark designed specifically for OIDA document understand-
ing. OIDA-QA comprises 400K training documents and 10K
testing documents. In addition, we have collected over 370k
multi-hop QA pairs generated by various models to enhance
the dataset’s diversity and robustness. Our experimental re-
sults demonstrate the effectiveness of both the benchmark
and the Al assistant system in tackling multi-round QA tasks,
presenting a promising approach to addressing opioid crisis.
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QA Generation Algorithm

Algorithm 1: QA Data Generation Process

Input : Document set D;
Persona pool P;
Desired number of QA pairs per document Nqa;
Maximum attempts per document M
Output : QA dataset Q.A
Initialize QA « 0;
foreach document D € D do
Initialize QA count n < 0, attempt count m <— 0;
while n < Ngy and m < M do
Sample personas Pp from P based on CLIP tags;
foreach persona P € Pp do
Create prompt by combining document D and
persona P;
Generate question g using GPT-4o;
if g is answerable then
Generate answer a with referred page
using GPT-4o;
if (q, a) pair is decomposable then
Decompose (g, a) into QA sequence
{(% az‘)}f:l;
if s > 1 then
L Add {(qi,ai)}le to Q.A,

B n<+<n+1;

L m<+m-+1;
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