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We introduce OfficeQA Pro, a benchmark for evaluating Al agents on grounded, multi-document
reasoning over a large and heterogeneous document corpus. The corpus consists of U.S. Treasury
Bulletins spanning nearly 100 years, comprising 89,000 pages and over 26 million numerical values.
OfficeQA Pro consists of 133 questions that require precise document parsing, retrieval, and analytical
reasoning across both unstructured text and tabular data. Frontier LLMs including Claude Opus
4.6, GPT-5.4, and Gemini 3.1 Pro Preview achieve less than 5% accuracy on OfficeQA Pro when
relying on parametric knowledge, and less than 12% with additional access to the web. When provided
directly with the document corpus, frontier agents still struggle on over half of questions, scoring
34.1% on average. We find that providing agents with a structured document representation produced
by Databricks’ ai_parse_document yields a 16.1% average relative performance gain across agents.
We conduct additional ablations to study the effects of model selection, table representation, retrieval
strategy, and test-time scaling on performance. Despite these improvements, significant headroom
remains before agents can be considered reliable at enterprise-grade grounded reasoning.
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1 Introduction
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Figure1 Agent performance on OfficeQA Pro. Each agent framework—Google Agent (Gemini CLI), OpenAl Agent
(Codex CLI), and Anthropic Agent (Claude Agent SDK)—is evaluated with the provider’s latest flagship model, along
with the flagship model available at the time OfficeQA was created. Agent performance with latest frontier models is
34.1% on average and none of the agents surpass 50% accuracy.

Recent benchmarks such as Humanity’s Last Exam (HLE) (Phan et al., 2025) and ARC-AGI-2 (Chollet
et al., 2026) probe frontier reasoning ability, but often remain decoupled from practical tasks encountered in
enterprise environments. GDPval (Patwardhan et al., 2025) represents an important step towards evaluating
economically valuable tasks, but does not fully capture the demands of real-world enterprise workflows. Tasks
are designed for a closed-world setting where the full context (fewer than two artifacts on average) is provided
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directly in the prompt, which neglects the challenge of faithful retrieval across large enterprise collections.
Real-world tasks require navigating large, heterogeneous document corpora, identifying and retrieving relevant
materials and then performing grounded analysis — a task we refer to as Grounded Reasoning. Finally, the
benchmark relies on human experts for grading tasks, which makes evaluation onerous.

To bridge these gaps, we introduce OfficeQA Pro — a verifiable benchmark specifically designed to proxy
economically valuable tasks centered on Grounded Reasoning. Unlike existing benchmarks that focus on
niche academic knowledge or closed-world tasks, OfficeQA Pro evaluates end-to-end real-world enterprise
capabilities of agents across document-intensive workflows, built on an archive spanning a century of U.S.
Treasury Bulletins. Answers are also designed to be easily verifiable, and do not require human-expert grading.

While frontier models already excel at specialized Olympiad-style reasoning tasks (Hubert et al., 2025), this
proficiency does not translate across economically valuable tasks, such as those proxied by OfficeQA Pro.
Frontier models answer OfficeQA Pro questions correctly less than 5% of the time when relying on parametric
knowledge. Even with access to the full corpus, state-of-the-art agents with the latest frontier models (Claude
Opus 4.6, GPT 5.4, Gemini 3.1 Pro Preview) answer <50% of questions correctly, as shown in Figure 1.

In this paper, we introduce OfficeQA Pro and describe the design principles and methodology used to construct
it. We evaluate a range of frontier models and agent architectures, including Claude Agent SDK, OpenAl
Codex SDK, and Gemini CLI, and compare their performance with human annotators. We further study the
impact of document parsing quality, showing that specialized parsing via Databricks’ ai_parse_document
yields a 16.1% average relative performance gain across agents. Finally, we analyze how agent design choices
such as table representation, search strategies, and test-time scaling affect performance.

2 The OfficeQA Pro Benchmark

In this section, we describe the design principles behind OfficeQA Pro, the process used to create the
benchmark, its final composition, and the evaluation methodology used to measure performance.

2.1 Dataset Desiderata

1. Emulating enterprise data complexity: The dataset must capture the full diversity of real-world
physical documents, which involves various data formats such as prose and tabular information, data
drift over long periods, and the noise and scale of real-world archives.

2. Evaluating multi-step reasoning: The benchmark must test multi-step reasoning that extends
beyond parametric knowledge and forces systems to navigate to the correct documents and sections,
extract relevant evidence while considering context, and compute values.

3. Supporting high-precision, verifiable evaluation: Questions must have a single unambiguous
ground truth and enforce strict correctness, mirroring the precision required in real-world financial
workflows and enabling straightforward, automated evaluation.

2.2 Benchmark Composition

To achieve these goals, we constructed OfficeQA Pro: a large-scale benchmark designed to mirror the structural
complexity of enterprise document workflows, requiring models to locate and reason over information across
hundreds of reports spanning multiple decades. The OfficeQA Pro corpus consists of U.S. Treasury Bulletins,
which were published monthly from 1939-1982 and quarterly thereafter.

Each bulletin is 100-200 pages long and consists of written analysis, numerical tables, figures, and charts.
Tabular data in the bulletins can be highly complex, with multiple levels of nested hierarchy, changing units,
and extensive footnotes. Published statistics are often revised in subsequent months and years, requiring
longitudinal reconciliation. Additionally, the corpus transitions from scans of physical documents to digital-
native PDFs in 1996, introducing variability in character recognition quality and layout consistency. Many
PDFs include an embedded text layer, which we remove to ensure fair assessment of document interpretability.

IPerformance of GPT 5.1 and Claude Opus 4.5 Agents differ from what was originally reported in the OfficeQA blog due to
using updated agent architectures, reporting on OfficeQA Pro vs. Full, as well as revisions to a subset of questions.
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Figure 2 Representative pages from the OfficeQA Pro corpus, illustrating how Treasury Bulletins vary in formatting
and layout across decades. Left: March 1941 customs duties and taxable imports by tariff schedule with CY1939-1940
aggregates and monthly values (thousands of dollars). Right: March 1980 Treasury Survey of Ownership of interest-
bearing marketable public debt securities by type, maturity, and issue across investor classes (millions of dollars).

OfficeQA Pro consists of 133 questions. We additionally release a companion set of 113 easier questions to
support iteration, hill-climbing, and evaluation of non-frontier systems. The combined set of Pro and Easy
questions is referred to as OfficeQA-Full and is described further in Appendix B. Unless otherwise noted, all
results are reported on OfficeQA Pro.

Questions are grounded in the corpus and designed to reflect realistic analytical tasks and test diverse
capabilities. They may require information from one to over twenty pages; 11% require data from three or
more bulletins; 22% involve internet search for external values such as historical exchange rates; 3% require
visual reasoning over figures, charts, or graphs; and 62% require data analysis beyond basic arithmetic (e.g.,
linear regression). Non-expert human solvers may need to reference certain financial or statistical terms and
formulas, but with this background knowledge the questions should be solvable by a numerically literate
college graduate (sample questions are shown in Figure 3). Each question has a single, unambiguous answer.

2.3 Creation Process

Question and Answer Creation We authored an initial seed set of questions and answers and scaled dataset
creation in collaboration with data annotation partners SuperAnnotate and Turing. Annotators were provided
with sample questions and instructed to generate new questions by referencing information in the corpus.
They were advised to avoid common pitfalls such as ungrounded or trivia-style questions (e.g., “Who was
the first person to track national defense spending?”) and to specify questions unambiguously (e.g., clearly
distinguishing fiscal vs. calendar year or real vs. nominal dollars). Questions were additionally reviewed
in collaboration with USAFacts—a not-for-profit organization that regularly analyzes government data—to
ensure they reflect the types of queries a real-world analyst might ask.

Verification We performed multiple rounds of quality control to ensure that all questions had a single correct
and verifiable answer. After question creation, a new annotator was asked to answer the question using the
PDF pages that were used to create it to ensure the answer was reproducible using the same documents. If




OfficeQA Pro: An Enterprise Benchmark for End-to-End Grounded Reasoning

the new annotator’s answer differed from the original, the sample was sent for a third annotator to review.

After initial verification, we ran two rounds of end-to-end quality assurance. Reviewers inspected questions
where AI agents produced conflicting answers and evaluated each discrepancy to understand if (1) the
alternative answer came from a failure mode of the agent, (2) the alternative answer was equally correct under
the current phrasing of the question, or (3) the alternative answer was actually correct and the ground truth
was not. In case (2) the question was revised to remove ambiguity, and in case (3) the ground truth answer
was corrected. The full verification flow is shown in Figure 4.

Sample Question UID0013 Sample Question UIDO005

“Using U.S. federal individual income tax receipts, net of “Using specifically only the reported values for all individ-
refunds, for fiscal years 1929-1942, reported in billions of ual calendar months in 1953 and all individual calendar
nominal dollars, fit an ordinary least squares linear regres- months in 1940, what was the absolute difference of these
ston with year (numeric, untransformed) as the predictor corresponding years’ total sum wvalues of expenditures for
and receipts as the outcome. Return the slope and intercept the U.S. national defense and associated activities, specifi-
inside square brackets, separated by commas, containing 2 cally correcting the calculated sums for inflation by using the
numbers that are both rounded to the nearest thousandth.” annual average BLS CPI-U (without seasonal adjustment)
according to the Federal Reserve Bank of Minneapolis for
1953, rounded to the nearest hundredths place?”

Figure 3 Sample questions from OfficeQA Pro. Question UID0013 (left) requires information from 1 bulletin, and linear
regression analysis. Question UID0005 (right) requires information from 2 separate bulletins, multi-step math, and
web-search to retrieve the correct CPI value.
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Figure 4 Overview of the benchmark creation process. In Phase 1, the question is created and initially verified by
a new annotator. In Phase 2, two passes of end-to-end quality assurance are completed using Al agents to produce
alternative answers, which are used to inform human verification of both the question and the ground truth answer.

Filtering To ensure that questions required retrieval from the corpus, we filtered out those solvable using
frontier models’ parametric knowledge alone’. We found that models had memorized a surprising breadth
of historical financial statistics. For example, some models could answer “What were the monthly average
forward rates implied by U.S. Treasury market bid yields between the 10-year and 30-year maturities in
December 19957 Report the value rounded to the nearest hundredth.” without consulting external sources.
After this filter, 246 questions remained. We then evaluated them using the strongest agent systems available
during benchmark development®. Questions both agents answered correctly were labeled Fasy and retained
only in the OfficeQA Full split, leaving 133 questions in OfficeQA Pro.

2This filtering step used the frontier models available at the time of dataset construction, specifically Claude Opus 4.5 and
GPT-5.1. More recent frontier models available at the time of writing, such as Claude Opus 4.6 and GPT-5.4, can answer some
of these questions via parametric knowledge that earlier models could not.

3The frontier agents used during benchmark construction were powered by Claude Opus 4.5 and GPT-5.1 and leveraged
Databricks Parsed documents to improve performance.
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2.4 Evaluation

Each question in OfficeQA Pro has a single unambiguous answer, enabling deterministic evaluation via exact
match. Since 99% of answers in the benchmark are numerical, we additionally report accuracy under varying
allowable absolute relative error thresholds. Given a ground-truth value y and prediction ¢, the absolute
relative error is defined as:

U—y

Absolute Relative Error (%) = Y x 100 (1)

A prediction § is considered correct if its absolute relative error falls within the specified threshold; otherwise
it is marked incorrect. For example, if the ground truth is 543 million, a prediction of 543.1 million would be
incorrect at a 0.0% allowable error threshold but correct at 0.1%. Unless otherwise stated, we report OfficeQA
Pro performance using a 0.0% allowable absolute relative error threshold.

To ensure fairness across diverse answer formats, the evaluation metric normalizes variations in punctuation,
mathematical symbols, and common abbreviations. For complex responses such as dates or multi-part answers,
correctness requires overlap in both the primary text and numerical components to prevent false matches.
Non-numerical responses are evaluated using fuzzy text matching that tolerates minor formatting differences
while preserving semantic equivalence. The full reward implementation is available here.

3 Frontier Al Performance on OfficeQA Pro

In this section, we evaluate how frontier AI systems, including both LLMs and agent-based approaches,
perform on OfficeQA Pro. We define LLM baselines as systems consisting of a single call to a frontier model,
optionally augmented with additional context or web search capabilities. Agent baselines refer to orchestration
frameworks that enable autonomous tool use and multi-step reasoning by the underlying LLM. In addition to
the AI baselines described in this section, human performance baselines are also presented in Appendix C.

3.1 LLMBaselines

To understand how frontier LLMs perform on OfficeQA Pro, we evaluate models from OpenAlI (GPT 5.4 - high
reasoning”), Anthropic (Claude Opus 4.6) and Google (Gemini 3.1 Pro Preview) using the configurations”:

e Prompt Only: LLMs answer with the question alone, and no documents, tools, or external context.
This isolates the models’ parametric knowledge and provides a lower bound for performance.

e Web Search Enabled: LLMs can access the internet through their native web search tool capabilities.
This tests how well models locate the Treasury Bulletin information available online.

e Oracle PDF Page(s) + Web Search: LLMs are provided directly with the oracle PDF page(s)
required for answering the question. When a question spans multiple PDFs, the relevant pages containing
the referenced information are concatenated as the composite oracle input. This allows us to evaluate
model performance under oracle retrieval settings while additionally enabling the web search tool for
LLMs, allowing models to retrieve any external information needed for some questions.

e Oracle Parsed Page(s) + Web Search: To isolate the effect of document parsing of PDFs on the
downstream accuracy, LLMs are presented with the oracle page(s) after pre-parsing the PDFs using
Databricks’ ai_parse_document, which extracts document content into a structured representation
that encodes text, tables and other relevant information. °

System prompts for each configuration are provided in E.4. We plot accuracy for all configurations in Figure 5
with full results including average latency in Appendix E.1. In the prompt-only setting, every model performs
poorly at under 3% accuracy at 0.0% allowable absolute relative error. Interestingly, models demonstrate an
ability to make reasonable Fermi estimates, as performance increases to 17-24% at 5% allowable absolute
relative error. Traces suggest that models often use data from internalized government sources but frequently

4GPT 5.4 was configured to run with high reasoning because Claude Opus 4.6 uses high reasoning by default and Gemini 3.1
Pro Preview uses high thinking level by default.

5For each setting, we configure the models to have 50k maximum output tokens.

6Because parsed outputs include additional layout metadata such as bounding boxes, we extract the text content from each
page element and concatenate it in reading order to produce a simplified .txt representation of each PDF. This transformation
is applied to the parsed-document corpus in all experiments throughout the paper.
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LLM Baseline Performance on OfficeQA
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Figure 5 Performance of frontier LLMs on OfficeQA Pro across three configurations: Prompt Only, Web Search Enabled,
and Oracle Page(s) Provided + Web Search. Results are reported as correctness (%) across allowable absolute relative
error thresholds of 5.0%, 1.0%, 0.1%, and 0.0% for the three models. The Oracle configuration denotes the original
documents as “PDF” while “Databricks Parsed” refers to parsing via Databricks’ ai_parse_document. Leveraging the
Databricks’ parsed pages provides a relative gain of +50.2% on average at 0.0% allowable absolute relative error.

cite values in different contexts or misremember latest data. For instance, on a federal debt ratio question,
models referenced Office of Management and Budget figures instead of the Treasury Bulletin and applied the
wrong debt definition, yielding approximately 0.5% deviation, equating to a difference of tens of millions of
dollars. Additionally, models recognize their knowledge limits, refusing to answer 10-15% of questions.

Enabling web search substantially improves performance, with GPT-5.4 reaching 11.3% accuracy compared
to less than 1% in the prompt-only setting. However, many incorrect responses arise from limitations in
completing multi-step reasoning within a single generation. Concretely, Opus 4.6 fails to produce a final
answer in ~80% of cases, exhausting generation tokens before completing search and reasoning, as does
Gemini 3.1 Pro Preview in 15% and GPT-5.4 in 2%. Additionally, the models exhibit similar behavior as the
prompt-only baseline in misapplying adjacent terminology or extracting plausible yet incorrect values from
different sources. Despite referencing sources that mention U.S. Treasury Bulletin data such as the FRASER
Data API (Federal Reserve Bank of St. Louis, 2026) in ~ 70% of reasoning traces for Opus 4.6, 50% for
GPT-5.4 and 5% for Gemini 3.1 Pro Preview, models still extract and apply data incorrectly.

These findings suggest that single-turn LLM interactions are poorly suited to the search and reasoning
capabilities OfficeQA Pro requires. We next evaluate an Oracle Pages plus Web Search setting, where models
receive the oracle page(s) needed for the question and can use web search for external values. Oracle Pages
are provided in two forms: original PDFs and pre-parsed documents via Databricks’ ai_parse_document.

With raw PDFs, models achieve 36-57% accuracy at 0.0% allowable absolute relative error. With Databricks
parsed documents, we observe gains across models: GPT-5.4 improves from 57.1% to 65.4% (+8.3pp), Claude

"Interestingly, none of the models reference the publicly available dataset hosted on GitHub which contains the exact questions,
answers and ground truth source documents and links. While an acknowledged risk, this also highlights limitations of the models’
search capabilities.
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Opus 4.6 from 36.1% to 57.1% (+21.0pp), while Gemini 3.1 Pro Preview improves from 52.6% to 56.4%
(+3.8pp). The raw PDF gaps are driven by extraction errors such as misreading nested multi-table layouts,
and incorrectly parsing values from older scanned documents. GPT 5.4 performs ~15% worse on questions
involving documents from the 1930s-1970s compared to the more digitally native PDFs from 1980s-2020s,
while Opus 4.6 and Gemini 3.1 Pro Preview show a smaller ~5% gap across these periods. Models also exhibit
reasoning failures: applying incorrect financial formulas, misaligning units or misinterpreting visual figures.
Despite providing oracle pages with web search and high-quality parsing, substantial headroom of ~35-44%
remains under the best configuration across models.

3.2 Agent Baselines

Agent Corpus Format Correctness (%) Latency (min) Tool Calls Cost ($)°
Full PDF 48.12 31.2 82.4 4.55
Claude Opus 4.6 DBX Parsed 54.14 5.3 68.5 5.93
Oracle PDF 60.90 7.3 26.5 1.19
DBX Parsed 66.92 3.5 24.5 2.76
Full PDF 36.09 13.1 57.0 1.79
GPT-5.4 DBX Parsed 56.39 3.6 34.5 1.26
Oracl PDF 54.89 4.4 31.6 0.44
4%¢ " DBX Parsed 65.41 2.2 20.7 0.33
Full PDF 18.05 26.4 75.2 6.21
Gemini 3.1 DBX Parsed 29.32 2.9 12.8 1.61

Pro Preview

Oracl PDF 39.10 4.2 28.4 0.76
T DBX Parsed 46.62 2.6 11.4 0.23

Table1 Agent performance across evaluated configurations including the Full Corpus vs. Oracle Pages (Full vs. Oracle);
and PDFs vs. documents parsed with Databricks’ ai_parse_document (PDF vs. DBX Parsed). We report correctness
(%) at 0.0% allowable absolute relative error, average latency, average tool calls, and cost per sample.

Next, we evaluate agent baselines implemented using publicly-available agent frameworks from the same set
of model providers: Codex CLI (OpenAl), Claude Agent SDK (Anthropic), and Gemini CLI (Google). All
agents are run with their respective frontier models and are provided with full access to their native tool
ecosystems run in non-interactive modes. These tools include and are not limited to file search, shell command
execution, code interpreters, and web search. Questions are processed independently within an isolated virtual
environment so that an agent importing a new package does not impact performance on other questions. All
agents also share a common system prompt (Appendix E.3).

We test out the following configurations when evaluating our agents:

1. Oracle Page(s) vs. Full Corpus. To measure the retrieval bottleneck, we compare performance
when agents are given the full corpus versus the oracle page(s) needed to answer the question.

2. PDFs vs. Parsed Documents. To assess the impact of document parsing, agents are evaluated on the
original PDF documents (which must be parsed internally by the agent) and on pre-parsed documents
generated using Databricks’ ai_parse_document.

In pilot runs, agents spent most latency and tool calls installing PDF parsing libraries, often taking hours
to answer questions. To avoid this overhead, we preinstall a suite of PDF parsing and OCR dependencies
gathered from earlier runs (full list in Appendix E.3). The parsed text setting does not require these packages,
relying on native Unix command line tools, with any additional installs left to the agent. None of the agents
attempt to parse PDFs using their own model capabilities, relying only on tools or external libraries.

Results are shown in Table 1 and Figure 6. Among full-corpus PDF configurations, Claude Opus 4.6 achieves
the highest accuracy at 48.1%, followed by GPT-5.4 High (36.1%) and Gemini 3.1 Pro Preview (18.1%). The
Claude Opus 4.6 agent makes ~11k tool calls, with 65% using Claude Code’s native Read tool to extract
values across pages. In contrast, Codex with GPT-5.4 operates primarily through Bash, with ~90% of tool
calls leveraging OCR and PDF CLI tools. The GPT-5.4 agent relies on a tesseract + pdftoppm + Pillow

8 Agents using PDFs would incur significantly higher costs and latencies without the preinstalled parsing dependencies
(Appendix E.3); pilot runs without preinstallation resulted in 2-4 hour latencies and 2-3x the cost per question.
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Agent Baseline Performance on OfficeQA
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Figure 6 Agent correctness on OfficeQA Pro (left: full corpus; right: oracle pages) across allowable absolute relative
error thresholds (5.0%, 1.0%, 0.1%, 0.0%). Solid lines (“Databricks Parse”) use documents parsed via Databricks’
ai_parse_document; dashed lines (“PDF”) use the raw PDF corpus.

OCR pipeline, brute-forcing page-by-page extraction rather than text-based PDF parsing. Despite this, the
GPT-5.4 agent is still ~2.4x faster than the Claude agent, because it batches OCR extraction into shell
one-liners that process many pages locally without API overhead.

When presented with the Databricks’ parsed documents, agent correctness improves by 6.0-20.3 absolute
percentage points (12.5-62.4% relative) over PDF corpus baselines. In addition to being more correct, agents
with these parsed documents are also 4-9x faster. Similarly, the GPT-5.4 agent’s cost drops by ~30% while
the Opus 4.6 agent’s cost remains comparable as it shifts from many extraction calls to fewer but more
token-intensive reasoning steps over the pre-parsed text.

We next evaluate agent performance with oracle PDF page(s) provided directly to the agent, isolating the
contribution of document retrieval to overall performance. Under this setting, accuracy improves by 13-21
absolute percentage points compared to full-corpus PDF runs. Average latency decreases by approximately
76%, and costs fall by 74-88% across agents. Despite the dramatic reduction in search space, latency improves
less than might be expected, as most remaining runtime is still dominated by per-document PDF extraction
overhead, including repeated file reads and OCR, attempts.

When agents are provided with oracle Databricks’ parsed documents, we observe the best overall performance
for all agents. In this setting, correctness improves by 6—11 percentage points for the Opus 4.6 and GPT-
5.4 agents relative to oracle PDF inputs. The Claude Opus 4.6 agent achieves the highest overall score,
reaching 66.9% accuracy. All agents in this configuration also reflect the lowest latencies and tool calls used,
demonstrating the benefit of leveraging parsing capabilities. They are also the most cost-efficient, with the
GPT-5.4 agent at $0.33 per sample, approximately 82% cheaper than the full-corpus PDF configuration.

A majority of remaining errors stem from final answer precision (ex. rounding too early) or applying incorrect
formulas for more challenging statistical questions. Other failure modes include retrieving the wrong value
from the column-row attribute or an incorrect value from web search for a historical statistic. Finally, figures
were omitted from the parsed representations, which expectedly led to agents struggling on such questions
involving visual understanding. We leave exploration of encoding strategies for visual figures for future work.
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4 Custom Agent Experiments

Next, we evaluate how different components of agent systems impact performance. We conduct these studies
using a custom agent, which enables controlled evaluation of individual design decisions. The base agent
architecture used in these experiments is described in Section 4.1, and parser selection is examined in
Section 4.2. Additional ablations exploring model choice, table representation, retrieval tools, and test-time
compute scaling strategies are presented in Appendix D.

4.1 Base Agent Design

The agent is allowed up to 200 steps per question and uses a sliding window that retains the 30 most
recent messages, along with a reminder message of remaining steps. The LLM used for the agent backend is
responsible for using tools, reasoning about next steps, and producing the final answer.

We provide all agents with the following tools” by default:

1. Web-Search: A web search tool using the DuckDuckGo Search API, enabling the agent to query the
open internet for supplementary information.

2. Python Execution: The Python REPL tool provides the agent with a persistent, stateful Python
execution environment for performing numerical computations, data manipulation, and multi-step
reasoning. It is sandboxed to prevent bulk file scanning (e.g., glob, os.listdir, os.walk) over the corpus.

3. File Search: Custom fs_search and fs_read tools, which allow the agent to perform basic file search
actions similar to grep, sed, cat, and Is (mappings highlighted in Table 3). These custom classes include
functionality to ensure that the agent cannot read outside of its current working directory, and doesn’t
read large outputs (e.g., large files potentially returned by fs_read).

4.2 PDF Parser Selection

Agent Performance across Parsers

@ Claude 4.6 Opus

60 Databricks' parse E GPT-5.4High
. ’ Gemini 3.7 Pro Preview
Databricks' parse

50 .
=
< Databricks' parse O
g @ ©
£ 40
]
5 O o
o

30

o ©

2 4 6 8 10 12 14 16
Cost / Sample (USD)

Figure 7 Custom agent correctness (%) at 0.0% error threshold vs. average agent cost per sample on the full OfficeQA
Pro corpus using file search, across 3 models and 3 parsers. Databricks’ ai_parse_document is highlighted in bold.

As shown in the baseline experiments, parsing quality can significantly affect agent performance. We therefore
compare three parsing setups to determine which performs best:

1. Docling: Open-source PDF document conversion library, using RapidOCR and TableFormer settings.
2. unstructured.io: Proprietary high-resolution document parser, costing $2,670 for full corpus parsing.
3. Databricks’ ai_parse_document: Databricks Al function, costing $178 for full corpus parsing.

9To prevent out of context errors, tool outputs are truncated at 25k characters. All agents are run with a script that allows
up to 30 retries to restart the agent from its last attempted sample if the agent crashes or times out during the run.
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The parsers’ outputs contain potentially extraneous information, such as bounding boxes that encode the
texts’ location on pages. To simplify these inputs, we extract text from each page element and concatenate
this together, producing a .txt file for each PDF containing concatenated text appearing in reading order.

To understand which parser achieves the best performance on OfficeQA Pro, we run the custom agent (using
3 different frontier models: GPT 5.4, Claude Opus 4.6, and Gemini 3.1 Pro Preview) using the output
corpus from each parser. The resulting accuracies and costs across different parsers are shown in Figure 7.
ai_parse_document consistently achieves the highest correctness, yielding an average accuracy of 50.4%
compared to Docling (38.4%) and unstructured.io (31.1%) across the agent configurations. Additionally, it is
most cost-effective with an average cost of $5.29 per sample, a 35% reduction compared to the next-cheapest
option (Docling at $8.18). Since we find that ai_parse_document delivers the best overall agent performance
and cost, we proceed with its parsed corpus for the remainder of custom agent experiments in Appendix D.

In these additional experiments, we conduct extensive ablation studies on agent design decisions. Across 10
frontier LLMs (Appendix D.2), Claude Opus 4.6 achieves the highest accuracy (57.1%). While Anthropic
models dominate the latency pareto frontier; OpenAl models offer competitive cost efficiency due to lower
per-token pricing. Comparing HTML vs. hierarchical Markdown table representations (Appendix D.3), HTML
generally improves correctness by a slight margin. Evaluating search tool configurations (Appendix D.4),
we find that combining file search with contextual-embedding vector search provides the best quality—cost
tradeoff. Finally, test-time scaling via plurality voting (Appendix D.5) yields modest but consistent gains.

5 Remaining Failure Modes

Considerable headroom remains for OfficeQA Pro. In this section, we analyze common failure modes.

5.1 Temporal Revision Verification

Much like enterprise document collections, the U.S. Treasury Bulletins form a continuously updated archive.
Reported values may first appear as preliminary estimates and later be revised as additional accounting
information becomes available or adjustments are applied. The same fiscal year statistic can recur across
multiple documents with differing values due to successive revisions (e.g. Figure 8). Reporting conventions
can also drift over time, shifting where values appear and how they are aggregated. Agents frequently fail
to retrieve revised values, often prematurely converging on the first numerically plausible instance retrieved,
even when explicitly instructed to identify the most recently published figures. Attempts to enforce revision
checking often trigger repeated search iterations, which expand context usage and lead to recursive retrieval
loops. As the context window saturates, agents lose track of previously validated intermediate results, reverting
to approximations when step limits are reached, resulting in cascading errors.

Calendar 15 2013
Year
Type of Liability 2011 Dec.r Jan.r Feb. r Mar. r Apr. May June p
Total liabilities to all foreigners................ouceveevreeees 4,914,933 4,521,289 4,592,556 4,652,189 4,685,608 4,750,089 4,758,916 4,764,858
Calendar /QM/
Year
Type of Liability 2012r Mar. r Apr.t May r June July Aug. Sept. p
Total liabilities to all foreigners............c..cveevererennae 4,526,138 | 4,691,810 4,759,089 4,769,878 4,790,425 | 4,789,846 4,770,834 4,687,295

Figure 8 Top: "Liabilities to Foreigners" values from the September 2013 Treasury Bulletin (March, May, June 2013).
Bottom: revised values for the three months in the December 2013 issue.

5.2 Parsing Faithfulness

Agent performance is highly sensitive to parsing quality. Baseline agents using the original PDFs exhibit a
40-50% failure rate attributable to parsing errors such as misread numbers (see Figure 9), corrupted text, and
misaligned tables. Even best-performing agents leveraging state-of-the-art Databricks’ ai_parse_document
function are impacted by parsing fidelity errors, causing degradation in retrieval and subsequent calculation.
Table topology failures also create edge cases like shifted or missing rows and columns, and lost metadata in
subheaders, descriptions, and footnotes.
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Budget expendituree g/
1940, e ueeninnnnncnnen 671 624 198 110 605 88y 843 801 738 891 888 1,187 9,645
66,600 0000600000000 1,133 1,076 1,h8 1,k0L 1352 1,591 1,631 1,668 1,989 2,328 1,890 2,684 20,229
00 0000d606000000d 2,680 2,652 3,515 3,939 4,400 1,810 5 5,456 5,921 6,184 6,012 6,926 57,751
0510 0000000000000000 6,728 6,358 7,746 7,300 7,667 7,619 7,947 7,754 90,174

(1 8,260 7495 7,831

Figure 9 Top: original February 1950 Treasury Bulletin table on budget expenditures from CY January 1940 - December
1943. Bottom: parsed output with two errors highlighted (May 1942, July 1941).

5.3 Visual Understanding

Agents frequently fail to correctly utilize visual figures in their analysis. When provided directly with the
image (like the one shown in Figure 10), agent systems lack the granular resolution to correctly interpret
dense financial charts and struggle to map visual trend lines with high precision. When relying on pre-parsed
documents, the retrieval pipeline also faces the bottleneck of a lossy embedding conversion that often dissociates
the visual data from its semantic context. This results in agents being unable to effectively retrieve or reason
over these modalities, generally leading to ungrounded or inaccurate answers.

U.S. GROSS SAVING RATIO, 1898-1990

(Saving as Percent of GNP)

Percent Percent
Depression
of 1930's
20 and |
---- World War Il 4
15} ,\ 118
\J';
10! 1898-1928 Private Saving 1950-1979 Total Saving 10
16.7% Average 16.4% Average
S 5
0 ' ‘ : ‘ L 0
1900 1910 1920 1930 1940 1950 1960 1970 1980 1990

Note: 1898-1928 data from David and Scadding, Journal of Political Economy, April 1974
Data following 1928 are from U.S Department cf Commerce,
Latest observation: lirst quarter 1980.

Figure 10 Models struggle with visual reasoning tasks such as determining the total local maxima from this line plot.

5.4 Analytical Reasoning

Analytical reasoning errors occur in multiple forms. First, LLMs and Agent systems are both prone to
retrieving values that appear relevant but differ subtly from the quantities required to answer the question.
For example, they may use alternative definitions for statistical values or select plausible but imprecise figures
from external sources such as CPI values required for inflation adjustments. Mathematical errors also arise
as agents apply mathematically valid yet contextually misaligned formulas such as using sample variance
instead of population variance. Agents occasionally ignore explicit calculation requirements specified in some
questions, such as performing intermediate rounding that results in cascading imprecision. Although less
frequent, agents sometimes perform calculations internally instead of delegating them to computational scripts,
resulting in avoidable numerical inaccuracies.

ll
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6 Related Work

Recent benchmarks have significantly advanced the evaluation of frontier Al capabilities, but largely remain
decoupled from enterprise workflows. Humanity’s Last Exam (HLE) (Phan et al., 2025) and ARC-AGI-2
(Chollet et al., 2026) test expert-level academics and abstract intelligence, but offer limited signal on whether
such value translates in real-world settings. To bridge abstract reasoning and real-world utility, recent work
has explored simulating professional environments for LLMs and agents deployed on domain-specific workflows.
GDPVal (Patwardhan et al., 2025) builds tasks from key economic sectors that require agents to produce
deliverables such as reports and spreadsheets. APEX-Agents (Vidgen et al., 2026) requires agents to navigate
simulated workspace environments for long-horizon tasks like updating financial models or reviewing legal
documents. OfficeQA Pro advances this effort by testing agent capabilities over a large heterogeneous document
corpus and evaluating rigorous, professionally relevant tasks. Grounded in publicly-available historical U.S.
Treasury Bulletins, OfficeQA Pro emulates complex enterprise data and evaluates how Al systems perform on
economically valuable real-world workflows.

Grounded reasoning comprises three phases: document parsing, information retrieval and quantitative analysis.
Parsing benchmarks such as OmniDocBench (Ouyang et al., 2025) demonstrate how extraction quality
degrades on complex PDF layouts across tables, reading order, and dense formatting, which is especially
relevant for OfficeQA Pro’s corpus layout variation from pre-1996 scanned documents to modern digital PDFs.
Reasoning-intensive retrieval benchmarks such as BRIGHT (Su et al., 2025) or BrowseComp-Plus (Chen et al.,
2025) illustrate how standard semantic or keyword matching fails when relevance requires intent reasoning,
mirroring OfficeQA Pro where agents must actively identify relevant documents and enclosed sections. Lastly,
even with the correct evidence, systems must perform reliable quantitative analysis to produce verifiable
numerical answers. FinanceBench (Islam et al., 2023) evaluates open-book financial QA over filings requiring
faithful extraction and computation, while long-context benchmarks such as LongBenchv2 (Bai et al., 2025)
demonstrate how sustained long-document reasoning remains difficult. OfficeQA Pro unifies these stages,
evaluating end-to-end parsing, retrieval and computation within a final verifiable answer.

7 Discussion & Future Work

We present OfficeQA Pro, a benchmark for evaluating Al systems on enterprise grounded reasoning tasks.
In our experiments, the strongest frontier agent achieves only 48.1% accuracy. Pre-parsing the corpus with
Databricks’ ai_parse_document improves performance up to 56.4%, but substantial headroom remains for
reliable reasoning over enterprise documents.

Several key findings emerge from our analysis. Document parsing quality stands out as a critical and often
underappreciated bottleneck: the choice of parser alone can shift agent accuracy by up to 22 points, and even
state-of-the-art parsing errors can propagate through retrieval and downstream computation. In additional
experiments in Appendix D, we find that representing tables as HTML over markdown marginally improves
correctness, and combining file-based and vector-based retrieval yields a stronger quality—efficiency tradeoft
than either method alone. Test-time scaling provides additional gains, though improvements saturate for
higher-performing models, suggesting diminishing returns as agent reasoning becomes more consistent. Finally,
in Appendix C we find that while AT agents struggle to achieve high performance, they still consistently
outperform human annotators in both speed and accuracy.

We observe that substantial headroom remains for both LLM baselines and Al agents. Our failure-mode
analysis highlights several directions for future work, including more exhaustive and revision-aware search
strategies, stronger visual reasoning over charts and figures, and improved analytical reliability in multi-step
quantitative reasoning. Beyond correctness, latency also remains a major and underexplored challenge: across
frontier agents, answering a question over the full PDF corpus requires an average of 23.6 minutes, and still
3.9 minutes even when using state-of-the-art document parsing.

We view OfficeQA Pro as an initial step toward a broader class of enterprise evaluations. Future benchmarks
should expand across domains, incorporate multiple modalities (e.g., images, databases, and documents),
and evaluate tasks that are designed to reflect real-world production workflows across diverse corpora. As
an immediate next step, we plan to develop a held-out test set designed to measure agent generalization on
grounded reasoning tasks. We hope OfficeQA Pro provides a strong foundation for systematically studying
grounded reasoning systems and accelerating progress toward reliable enterprise Al.
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B OfficeQA Full

OfficeQA Full is an extended version of OfficecQA Pro that contains an additional set of 113 easier questions
to enable hillclimbing and evaluation of less powerful LLM and agent systems. Questions were classified
as "Easy" if state-of-the-art frontier agents at the time — which used GPT 5.1 and Claude Opus 4.5 and
Databricks parsed documents as input — both answered correctly. Figure 11 shows the breakdown of "Easy"
questions, versus the "Pro" difficulty questions found in the core OfficecQA Pro benchmark. The right subplot
shows how these question types compare in terms of the distribution of capabilities that they test.

Question Distribution . Capabilities Tested (OfficeQA-Full vs OfficeQA)
62.4%
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Figure 11 Question difficulty distribution and capability breakdown of OfficeQA-Full and Pro. Left shows the difficulty
distribution of questions (113 easy / 133 hard). Right details sample breakdown by the capabilities required to
answer the question, including data analysis, retrieval from >3 distinct pages, external knowledge search, and visual
understanding.

In general, the easier questions in OfficeQA-Full tend to require information from less unique pages across the
dataset, and are more likely to involve basic arithmetic (ex. basic sums) as opposed to more complex data
analytics. Examples of an easy question, compared with a question from the core OfficeQA Pro benchmark
can be seen in Figure 12.
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Sample Question

Sample Question

“Using the annual computed nominal interest charged on the

“What was the highest amount of U.S claims owed by a U.S Federal Government public debt outlays for F'Y 1961
country (excluding territories and regional aggregates) in 1967 inclusive, fit a simple linear trend (OLS) and determine
the calendar year 1995? Report the value in millions of the FY 1968 value forecast error (actual — forecast) in
nominal dollars.” billions of dollars reported at 6 decimal places.”

Figure 12 Sample questions from the OfficeQA benchmark, including the Full and Pro split. Questions typically require
multi-step analytical reasoning such as statistical modeling across multiple documents and datapoints.

C Human Annotator Experiments

We explore how human annotators perform on OfficeQA Full. For these experiments, we employed three
annotators who had previously helped create questions and answers for the benchmark and were broadly
familiar with the task and the documents'’. We evaluated human performance on a subset of 30 randomly
selected questions under two settings:

1. Annotators provided with Oracle Page(s). In these experiments, annotators were provided with
the question along with the exact PDF pages required to answer it. They were also given the ability to
perform web searches to identify external information as needed.

2. Annotators provided with Full Corpus. Annotators were provided with the question along with a
direct link to the full Treasury Bulletin corpus hosted by FRASER. This interface allowed annotators to
explore all Treasury Bulletin PDFs, organized by decade. It also supported basic search functionality
(e.g., searching for specific keywords in the corpus or identifying the first page for a section such as
“Capital Movements” across documents).

We ran the experiment with the full corpus setting first to ensure that annotators had not seen the oracle
pages before needing to search for them independently. Annotators were not told the name of the benchmark
to prevent them from searching for answers online. In all experiments, annotators were prompted with the
same instructions provided to agents, including reminders to use full numerical precision when calculating
final answers and to always use the latest revised value from the Treasury Bulletins unless otherwise specified.

We measure human correctness using the same reward function as in our agent experiments. We measure time
to answer completion as the period between when an annotator clicks “start” to reveal a new question and
when they press “submit” on their final answer. Annotators were informed that this time was being recorded
and were instructed to begin a question only when ready to complete it in a single sitting.

Figure 13 shows performance of each annotator with allowable absolute relative error (%) varied from 0 to
5%, as compared with the best agent performance under the same PDF input setting. Table 2 shows how the
average human annotator compares with the average agent performance in terms of both accuracy and speed.

Corpus Config Format Correctness (%) Latency (min)
Human (N=3) PDF 51.1 19.2

Oracle Pages s oot (N=3)  PDF 71.1 5.3
Agent (N=3) Parsed 72.2 2.1
Human (N=3) PDF 34.6 31.4

Full Corpus —
Agent (N=3) PDF 50.0 15.4
Agent (N=3)  Parsed 56.7 3.5

Table 2 Human vs. agent performance on a N=30 subset of the OfficeQA-Full benchmark. Human results span 3
annotators; agent results average Claude Opus 4.6, GPT-5.4, and Gemini 3.1 Pro Preview (N=3).

10They did not answer any questions they created or reviewed.
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Human vs. Al Agent Performance on OfficeQA Subset (N=30)

Given Oracle Page(s) Given Full Corpus
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Figure 13 Performance of three human annotators and one Al agent (Claude Opus 4.6, PDF) on a 30-sample subset of
OfficeQA-Full across all error thresholds (5.0% to 0.0%). Left: oracle pages provided; right: full corpus.

We find that on average, human annotators generally underperform agent systems in both accuracy and time
to completion. When provided directly with oracle pages, humans take ~4x longer than the average agent
to answer the question, and achieve ~28% lower accuracy relative to agent performance at 0.0% allowable
absolute relative error. Interestingly, even with access to the oracle PDFs, annotators most often failed by
misidentifying the necessary values to perform calculation, usually selecting a figure with subtle differences
from what the question was testing (e.g. retrieving a figure from the page on Total “Public Debt Securities”
instead of “Total interest-bearing Public Debt”, the value referenced by the question).

Humans also made basic instruction-following mistakes compared to agents, such as answering in incorrect
units (e.g., reporting 19.519 trillion instead of 19,519,306 million when the question requests millions), or using
an incorrect representation (e.g., a percentage instead of a decimal). While these mistakes may seem trivial,
they can shift the final answer by orders of magnitude. A few answers are also incorrect due to transcription
typos during intermediate computation or typing in the final response (e.g., answering 0.8525 instead of
0.88525), a failure mode never seen from agents who operate programmatically. On the other hand, when
agents operate over the PDFs, they often struggle with parsing the raw document content. Agents can also
trigger content policy refusals due to the nature of content provided. Neither of these errors are present from
humans who can coherently read the PDFs and always answer the questions. Both failure modes do notably
decrease significantly for agents when provided with the parsed documents instead.

When provided with the full corpus of PDFs, average human performance decreases by 16.5 points, which is
broadly comparable to the average agent performance that has a 21.1 point decrease with the PDFs corpus and
15.5 point decrease with the parsed documents corpus. In this full corpus setting, agents outperform humans
in both accuracy and speed across both document formats. With PDF inputs, agents average ~2x faster than
humans (15.4 vs. 31.4 minutes) while achieving 44% higher relative accuracy. With parsed documents, agents
are ~9x faster with 64% higher relative accuracy.

These experiments highlight the differences in the ways grounding differs in humans and agent workflows. For
humans, the provided PDFs represent the interface with the ability to ascertain formatting, layout, blurry
numbers, etc. directly from the page. Agents instead require the content to be legible for them, relying on a
translation layer via parsing, and whatever is lost during that translation is the agent’s reality for the rest of
the task. When represented correctly, agent performance is substantially better than humans.
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D Custom Agent Ablation Studies

In this section, we perform ablation studies (continued from Section 4) to learn how design decisions such
as model selection, table representation, search tools, and test-time scaling techniques impact end to end

performance.

D.1 Base Agent Design

For these experiments, we use our own custom agent (initially detailed in Section 4.1) which allows us to
ablate variables systematically. By default, unless otherwise specified for the following experiments, this
agent is configured tools including websearch for identifying external knowledge, Python REPL for numerical
computations, and custom fs_search and fs_read tools for file search. These file search tools are sandboxed
functions with similar capabilities to grep, sed, cat, and ls, with specific capabilities detailed further in Table
3. In all of these experiments, the base agent uses Databricks parsed documents as its corpus, since this was

the best performing parser evaluated in Section 4.2.

Tool Action Example Equivalent Shell Command
Directory listing bash 1s
fs search List files by pattern bash 1s treasury_bulletins/*2013%.txt
- Search directory recursively bash grep -rn -i -B 2 -A 2 "national saving" treasury_-

bulletins/
Search for a pattern ‘in specific files bash grep -rn -i "Individual income taxes" treasury_-
bulletins/treasury_bulletin_2013*.txt

Read first N lines bash head -n 20 foo.txt
fs read Read a slice of lines bash sed -n ’101,150p’ foo.txt
Read entire file bash cat foo.txt

Table 3 Mapping of fs_search and fs_read tool capabilities to equivalent shell commands.

D.2 Model Performance

Correctness vs Cost Correctness vs Latency
60 @ Pareto Frontier
Opus-4.6 Opus-4.6 O Non-Pareto Frontier
e [
% Sonnet-4.6 -~ '
onnet-4.6 _-- !
GPT-5.4_ @" lo GPT-5.4
. [ 2 Sonné&-4.6
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P : Opus-4.5 yOpus-4.5
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8 ! Sonnet-4.52 oSonnet-4.5
1
3B
! . o,Haiku-4.5 oHaiku-4.5
® Gemini-3-Flash . OGemini-3-Flash
oGPT-5-Mini e}
30 GPT-5-Mini
25
1 2 3 4 5 6 7 8 9 10 20 30 40 50
Cost / Sample (USD) Latency / Sample (min)

Figure 14 Correctness (%) vs. average cost and latency per sample for the custom agent with Databricks’ ai_parse_-
document and file search on the full Treasury Bulletin corpus, evaluated at 0.0% error threshold. Pareto-optimal

models are shown in red.

To understand how model selection impacts performance, we evaluate a comprehensive suite of models using
the fixed custom agent configuration described above in Section D.1. We evaluate the following models from

each provider:
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1. Anthropic: Claude Opus 4.6, Claude Opus 4.5, Claude Sonnet 4.6, Claude Sonnet 4.5, and Claude
Haiku 4.5. We use these models with their out-of-the-box default settings, which uses high reasoning.

2. OpenAl: GPT 5.4, GPT 5.1, and GPT 5 Mini. Since the GPT 5 model uses medium reasoning and
GPT 5.1 and 5.4 use no reasoning by default, we set them to high reasoning to ensure they’re comparable
with Anthropic’s models.

3. Google: Gemini 3 Pro Preview, Gemini 3.1 Pro Preview, Gemini 3 Flash. We use these models with
their default settings; Google models do not support reasoning settings.

We report agent performance by model in Figure 14 by correctness, cost, and latency profiles. A full table of
results including average number of tool calls can also be found in Table 4. We find that using Claude Opus
4.6 yields the best performance, achieving a correctness of 57.1%. While the Claude Opus 4.6 agent also costs
the most to run, the average latency required to answer each question was still competitive — lower than about
half of the other agents we tested. In general, we find that Anthropic models dominate the pareto-frontier of
correctness vs. latency, with the exception of Gemini 3.1 Pro Preview.

This appears to be driven by a few factors. First, Claude Opus and Sonnet models require fewer cumulative
tokens to answer questions—for example, Claude Opus 4.6 averages 1.2M total tokens per question compared
to 2.3M for GPT 5.4—though this does not hold for Claude Haiku 4.5, which averages 2.2M tokens. Second,
Claude models process input tokens ~2.7x faster on average compared with GPT models (5,394 tok/s vs.
1,984 tok/s'!).

While Anthropic models dominate in terms of latency, OpenAl models (GPT-5.1-High and GPT-5.4-High)
still perform well on the correctness vs. cost pareto frontier. This is largely driven by differences in input token
pricing (see Section E.2 for pricing). For example, GPT-5.4’s input cost ($2.50 / MTok) is approximately
50% cheaper than Claude Opus 4.6 ($5.00 / MTok) and roughly 17% cheaper than Claude Sonnet 4.5 ($3.00
/ MTok). Because agent workflows in OfficeQA Pro are heavily input-token dominated—due to repeated
retrieval, tool usage, and context accumulation—these pricing differences compound substantially at scale.
Even when total token usage is higher (e.g., GPT-5.4 averages more turns and total tokens than Claude Opus
4.6), the lower per-token input pricing offsets much of this overhead, resulting in competitive or superior
cost-efficiency at similar correctness levels. We note that our pricing estimates do not account for prompt
caching discounts, however, we assume our findings would remain directionally similar given that Claude
cached input pricing is still ~2x higher than GPT models.

Model Reasoning Correctness (%) Latency (min) Tool Calls Cost (8)
GPT-5.4 High 51.10 10.87 104.8 $6.13
GPT-5.1 High 45.10 20.6 60.1 $4.06
GPT-5 Mini High 30.80 48.1 120.4 $2.80
Claude Opus 4.6 Default 57.10 5.3 53.3 $8.61
Claude Opus 4.5 Default 46.60 2.8 27.5 $5.34
Claude Sonnet 4.6 Default 51.90 5.4 69.2 $6.45
Claude Sonnet 4.5 Default 39.10 2.8 31.2 $3.81
Claude Haiku 4.5 Default 33.80 5.7 73.9 $2.84
Gemini 3.1 Pro Preview Default 42.90 2.6 25.7 $1.13
Gemini 3 Pro Preview Default 42.90 28.9 95.1 $5.94
Gemini 3 Flash Default 33.10 3.0 40.6 $0.79

Table 4 Model correctness (%) at 0.0% error threshold, latency (minutes), average tool calls, and cost for the custom
agent with Databricks’ ai_parse_document and file search on OfficeQA Pro.

HThese token/second figures are estimated by dividing the average input tokens per rollout by the average total time the
agent takes to answer the question.
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D.3 Table Representation

U.S. Currency and Coin Outstanding and in Circulation
{Source: Financlal Management Service]

AMOUNTS OUTSTANDING AND IN CIRCULATION

Sept. 30, 1990
Currency Coin®
Total
currency and Total Federal Re- U.S. notes Currency no Total Dollars 3 Fractional
coin Serve notes longer issued coln
Amounts outstanding .. ... ... $317,134,369,097 $297,502,055,199 $296,913,774,209 $322,539,016  $265,741,974 $19,632,313,898 $2,024,703.898 $17,607,610,000
Less amounts held by:
UMD UEET o sedmmonnn o sop 627,367,499 38,918,273 5,803,640 32,906,039 208,694 488,449,226 320,792,133 167,657,093
The Federal Reserve banks ... 44,709,108,760 44,176,306,805 44,176,287,294 213 19,298 532,801,955 101,462,811 431,339,144
Amounts In circulation ......... 271,897,892,838  253,286,830,121  252,731,683,375 289,632,764 265,513982  18,611,062,717  1,602,448,954  17,008,613,763

Figure 15 A representative table from the Treasury Bulletin dataset, with nested headers and rows.

Questions in OfficeQA Pro often require retrieving information or performing analysis over data contained
in complicated tables. Most tables in the dataset have hierarchical row and column headers (as shown in
Figure 15), which are challenging to represent faithfully in text. Prior work has studied the impact of table
serialization format on LLM comprehension, finding that format choice significantly affects downstream
task performance (Sui et al., 2024). While markdown is a more token-efficient representation than HTML,
it doesn’t natively support nested header representations. To address this, we reduce information loss by
constructing each markdown header as a collapsed representation of the nested headers. For example, the 2nd
column in Figure 15 would be collapsed to a single column header name: “Sept 30, 1990 > Currency > Total”.

Format Comparison: HTML vs. Markdown

Correctness Latency Cost
GPT-5.4 High B HTML (best) D | ¢ L )
®  Markdown (best)
GPT-5.1 High Worse format B L ¢
GPT-5 Mini High - e { ]
Claude 4.6 Opus S K o
Claude 4.6 Sonnet D | o [ o
Claude450pus — ————— @ { 2 »
Claude 4.5 Sonnet e L 2 ®
Claude 4.5 Haiku b | ¢ { 3
Gemini 3.1 Pro Preview <1 [ L g
Gemini 3 Pro Preview < K |
Gemini3Flash — —= @ 1{ K
30 40 50 10 20 30 40 50 2 4 6 8
Correctness (%) Latency / Sample (min) Cost / Sample (USD)

Figure 16 Directional comparison of HTML vs. Markdown table representations across correctness (at 0.0% error
threshold), latency, and cost, using the custom agent configured with file search over the full corpus of documents
parsed with Databricks’ ai_parse_document . Arrows point from HTML to Markdown; filled markers indicate the
better format.

In experiments comparing the same base agent using a corpus of tables with HTML vs. Hierarchical Markdown
representation, we find that HTML wins overall by a slight margin; improving correctness in 7 out of 11
agents. Results are summarized visually in Figure 16, with full numerical results in Table 5. Performance
differences are generally modest, indicating that table serialization format affects performance but does not
dominate overall system behavior.

Model-family trends also emerge. All GPT models achieve equal or higher correctness with HTML repre-
sentations, and both Gemini Pro variants also favor HI'ML. Claude models exhibit more mixed behavior:
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while several variants prefer HTML, others (notably Claude Opus 4.5 and Claude Sonnet 4.5) benefit sub-
stantially from Hierarchical Markdown. This variability suggests that sensitivity to table representation is
model-dependent and likely reflects differences in training data exposure rather than a universally optimal
serialization format.

Across latency, tool usage, and cost, neither representation consistently dominates. Improvements in efficiency
metrics are model-specific and typically small relative to overall system variance.

Model Table Format Correctness (%) Latency (min) Tool Calls Cost ($)
GPT-5.4 VD 01 1ol i3 soos
GPT5.1 T 510 52 o1 sz
GPT-5 Mini V. 2030 172 1227 o
Claude Opus 4.6 EITDML g;ég 23 ggi gggi
Chnde Opus 45 1T 350 26 oo sas
Claude Sonnet 4.6 KI/ITDML 21?8 Zg gg? ggig
Claude Sonnet 4.5 ﬁ};ML Z?ig 3? 251)3 ggi(l)
Claude Haiku 4.5 iI/ITDML 23?8 2(75 ;ig gggg
Gemini 3.1 Pro Preview EII];)ML gg?g 3615 32; 21;;1)’
Gemini 3 Pro Preview HTML 4290 o) e e
MD 40.60 30.3 102.7 $8.17
Gemini 3 Flash thl];)ML giég 2(1) jgg g?g?

Table 5 Full performance comparison across HTML and Markdown (MD) table formats using the custom agent with
Databricks’ ai_parse_document and file search on the full OfficeQA Pro corpus, at 0.0% error threshold.

D.4 Search Tools

Search and retrieval is a critical step in all OfficeQA Pro tasks. In this section, we seek to understand how
different search tools compared in terms of their impact on OfficeQA Pro performance. We select one frontier
model per provider (GPT-5.4, Claude Opus 4.6, and Gemini 3.1 Pro Preview), each using the best-performing
table format from Section D.3 (HTML). We evaluate 3 search configurations: (1) vector search, (2) vector
search with contextual embeddings, and (3) file search combined with contextual vector search, comparing
against the file search baseline established in the table representation experiments.

Our file search experiments use the same tool configuration described in Section 4.1, which allowed for basic
file search actions such as grep, sed, cat, and 1s via sandboxed tools: fs_search and fs_read.

In vector search experiments, the agent has access to a vector database of the corpus. We ingest the
pre-parsed documents by concatenating all elements as textual strings. These elements are chunked with
overlap (default: 1024 tokens per chunk, with 128 overlap between chunks) using the NLTK Treebank
tokenizer. We embed the chunks using gte-large-en to produce the vector database. The agent can query
this vector index through a custom vector_search tool which accepts a query string. Intuitively, in these
initial experiments the agent often struggled to find information in chunks that were separated from important
semantic information (e.g., a section from the middle of a table, which is disconnected from the table header).
This results in an average 27% relative drop in performance compared with file search.
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To help make vector search more ergonomic for the agent, we experimented with vector search with
contextual embeddings (Ford, 2024). Concretely, we appended the following semantic information to each
chunk whenever available: the document name, the date and month of the bulletin, the transcribed page
number from the page, the page header, and any table names or section titles associated with the page the
chunk is on. We find that this improves performance compared with standard vector search by 21% on average,
while reducing tool calls by approximately 44%, latency by approximately 38%, and cost by approximately
44%. Compared with file search, contextual vector search is within 12% in performance on average.

Combining file search and vector search with contextual embeddings leads to a further 15% improvement in
performance compared with contextual embeddings alone. This combined configuration achieves the highest
accuracy in 2 out of 3 models, and for GPT-5.4 and Claude Opus 4.6 is 6-13% cheaper than file search alone.

Interestingly, Gemini 3.1 Pro Preview is the most sensitive to the choice of retrieval method, showing a
39% relative drop from file search to standard vector search. One possible explanation is that, because its
overall performance ceiling is lower, the model is more reliant on high-quality retrieval to compensate for

limitations in downstream reasoning, tool use, or multi-step synthesis. This suggests that retrieval quality
may disproportionately impact weaker model classes.

Model Search Tool Correctness (%) Latency (min) Tool Calls Cost ($)
VS 39.10 20.9 220.4 $12.46
GPT-5.4 C-VS 49.60 12.28 123.9 $7.28
FS + C-VS 51.90 8.93 86.4 $5.31
VS 45.90 9.04 75.0 $19.60
Claude Opus 4.6 C-VS 49.60 5.16 41.3 $9.34
FS + C-VS 53.40 5.16 47.4 $8.10
VS 26.30 7.36 56.6 $5.73
Gemini 3.1 Pro Preview C-VS 33.80 5.21 33.0 $3.50
FS + C-VS 45.10 4.58 26.4 $1.77

Table 6 Performance comparison at 0.0% error threshold by search tool using the custom agent with access to the
full corpus of documents parsed with Databricks’ ai_parse_document. VS: vector search with standard embeddings;
C-VS: contextual embeddings; FS + C-VS: combined.

D.5 Test-Time Scaling

Test-Time Scaling: Performance vs Number of Rollouts

80 Gemini 3.1 Pro Preview GPT5.4 Claude Opus 4.6
70.5
70 66.7 ° 66,9 652
~ ®
< 60.7 632 61.7 630
60 56.1 ¢ 56.0 .
g ° 52.3 535 b ° %
5 49.9 ® FY L
g 50 ® 508 53.6
8 [ ] ® Average
40 44.7 ®  Plurality Vote
® Oracle Reward
30
1 2 3 4 1 2 3 4 1 2 3 4
N (number of rollouts) N (number of rollouts) N (number of rollouts)

Figure 17 Test-time scaling on OfficeQA Pro using the custom agent with F'S 4+ C-VS search over the full corpus parsed
with Databricks’ ai_parse_document. Correctness is reported at 0.0% error threshold for N=1 to 4 rollouts. Plurality
vote and oracle reward strategies improve over single-run average as rollouts increase.

We explore how test time scaling impacts OfficeQA Pro performance. Using the file search + contextual
embedding vector search configuration from the previous set of experiments, we run Gemini 3.1 Pro Preview,
GPT 5.4, and Claude Opus 4.6 custom agents N=4 times. We experiment with selecting the final answer via
a plurality vote, where the most common answer from the available N runs is selected as the final answer to
be evaluated. If all answers are equally prevalent, we choose an answer at random. We compare this with the

average performance across runs, as well as with the performance when selecting the final answer from the
available N with an oracle reward function.
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We observe that plurality vote improvements scale inversely with average single-run performance. Agents
with lower baseline accuracy show larger gains from aggregation, suggesting higher variance across individual
rollouts, whereas stronger agents already produce more consistent answers and therefore benefit less from
consensus selection.

E Frontier Al Baseline Experiment Details

E.1 Non-Agent Baseline Results

Model Config Correctness (%)
llm-only 2.26
llm web-search-only 3.01
claude-4.6-opus llm-oracle PDF 37.59
llm-oracle-Databricks parse 50.38
llm-oracle PDF-web-search 36.09
llm-oracle-Databricks parse-web-search 57.14
llm-only 0.75
llm web-search-only 11.28
. llm-oracle PDF 56.39
gpt-5.4-high llm-oracle-Databricks parse 62.41
llm-oracle PDF-web-search 57.14
llm-oracle-Databricks parse-web-search 65.41
llm-only 2.26
llm web-search-only 3.01
.. . llm-oracle PDF 51.13
gemini-3.1-pro-preview llm-oracle-Databricks parse 53.38
llm-oracle PDF-web-search 52.63
llm-oracle-Databricks parse-web-search 56.39

Table 7 LLM baseline correctness across evaluated configurations.

E.2 Cost Assumptions

Model Provider Input ($/MTok) Output (8/MTok) Cached Input ($/MTok)
GPT-5.4 OpenAl 2.50 15.00 0.250
GPT-5.1 OpenAl 1.25 10.00 0.125
GPT-5 Mini OpenAl 0.25 2.00 0.025
Claude Opus 4.6 Anthropic 5.00 25.00 0.50
Claude Opus 4.5 Anthropic 5.00 25.00 0.50
Claude Sonnet 4.6 Anthropic 3.00 15.00 0.30
Claude Sonnet 4.5 Anthropic 3.00 15.00 0.30
Claude Haiku 4.5 Anthropic 1.00 5.00 0.10
Gemini 3.1 Pro Preview  Google 2.00 12.00 —
Gemini 3 Pro Preview Google 2.00 12.00 —
Gemini 3 Flash Google 0.50 3.00 —

Table 8 Token pricing assumptions used for cost calculations (USD per 1 million tokens). Sourced from provider pricing
pages as of March 2026.

E.3 Preinstalled Libraries for Baseline Agent SDKs
The following packages are preinstalled in the agent sandbox when given PDFs.

System packages (apt): tesseract-ocr, tesseract-ocr-eng, libtesseract-dev, libleptonica-dev, poppler-utils,
ghostscript, libgll, libglib2.0-0, ripgrep, imagemagick, ocrmypdf, qpdf, pdfgrep.
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Python packages (pip): pytesseract, easyocr, pymupdf, opencv-python-headless, Pillow, pdf2image,
pdfplumber, pypdf, PyPDF2, pdfminer.six, rapidocr-onnxruntime, ocrmypdf, openpyxl, camelot-py[base],
tesserocr, paddlepaddle, paddleocr, surya-ocr, python-doctr|torch].

This appendix lists the full system prompts used across all baseline configurations. Template variables (e.g.
file paths, directory names) are shown with placeholder values.
E.4 Non-Agent (Direct LLM) Prompt

All non-agent baselines share the following base system prompt:

1 |You are an agent that is an expert in answering questions related to the U.S treasury &
economy.

3 | You must always provide an answer that is the result of any computation or reasoning to
determine the answer to the question.
4 |Use maximum precision in your calculations unless otherwise specified by the question.

¢ | REQUIRED FORMAT for completion:
7 |When you have the final answer, keep any final reasoning you used before getting to the
answer and then only return the value in the XML tags.

9 | <REASONING>

10 | [final reasoning - including steps & sources used]
11 | </REASONING>

12 | <FINAL_ANSWER>

13 | [valuel

14 | </FINAL_ANSWER>

16 |Never respond with follow-up questions.

18 | FAILURE CONDITION: If you do not produce a <FINAL_ANSWER> tag, your response will be
considered incomplete and you will fail the task.

Each configuration modifies the base prompt as follows:

e No Context: Base system prompt used as-is. The user message contains only the question.

e Web Search: The system prompt also includes: ‘‘You also have access to web search in the
case that you need to look something up.”’

e Oracle PDF': Base system prompt unchanged. The user message includes the oracle PDF page(s)
attached as a base64-encoded image, followed by: ‘Based on the PDF page(s) shown above, please
answer the following question: {question}”’

e Oracle Parsed: No system message is used. The entire base prompt, the extracted document content,
and the question are combined into a single user message.

e Oracle PDF + Web Search: Combines the web search addition with the Oracle PDF user message
format described above.

E.5 AgentPrompt

The following prompt is used across all three agent baselines (Claude Agent SDK, OpenAl Codex SDK,
Gemini CLI) and custom agent setup with file system access and web search enabled.

1 |You are an agent that is an expert in answering questions related to the U.S treasury &
economy. Given the question, please use the treasury docs -- these are located in the
folder ../officeqa_corpus/ (relative to your current working directory), and you can use
file system search to look through them, given the tools provided. Note that these
documents are very long, so you should not try to read the whole file. You also have
access to web search in the case that you need to look something up.

2 |If multiple documents report the same metric, use the most up-to-date revision unless the
question specifies an exact date or document. Do not rely on the first matching value you
encounter.

3 | You must always provide an answer that is the result of any computation or reasoning to
determine the answer to the question.
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Use maximum precision in your calculations unless otherwise specified by the question.

REQUIRED FORMAT for completion:
When you have the final answer, keep any final reasoning you used before getting to the
answer and then only return the value in the XML tags.

<REASONING>

[final reasoning - including steps & sources used...]
</REASONING>

<FINAL_ANSWER>

[value]

</FINAL_ANSWER>

Never respond with follow-up questions.

FAILURE CONDITION: If you do not produce a <FINAL_ANSWER> tag, your response will be
considered incomplete and you will fail the task.
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