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Why you should care

How to build a good benchmark?

How to compare agents which use variable compute?

What are the specific failure modes of frontier 
models?



Test-time compute could buy higher 
accuracy. Can your agent be trusted  
to know when to spend it — and 
when to stop?



Nope.
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The best LLM agents can now match 
human accuracy in document intelligence 
tasks. 
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The best LLM agents can now match 
human accuracy in document intelligence 
tasks. 

But they solve problems 5 times less 
efficiently. 

And both humans and machines hit 
a performance ceiling.
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MADQA Benchmark

$321M
SOURCE 1

SOURCE 2

ATTRIBUTED 
ANSWER

RETRIEVE
ANALYZEDECOMPOSE

What was the total 
excess permit 
revenue in MN for 
the 2014-2019 
period?

QUESTION

COLLECTION 
OF DOCUMENTS
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REV 01.05.24

COLLECTION 
OF DOCUMENTS

MADQA Benchmark. Collection of Documents

Manually selected. 
Intentionally seeking 
clusters of up to 30 
related documents 
(e.g., sequential 
reports or menus from 
different restaurants).

800 PDFs
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QUESTION

MADQA Benchmark

What was the total 
excess permit 
revenue in MN for 
the 2014-2019 
period?
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1,200 hours of 
professional annotation.  

20% multi-hop. 

More than 50% benefit 
from visual 
comprehension.

21

2,250 QA pairs

Multimodal Agentic Document QA

2.3. Construct Validity Analysis

We measure to what extend guidelines from Section 1.2
are satisfied, explicitly dissociating the construct from con-
founders (Bean et al., 2025).

Lexical Overlap vs. Reasoning. To verify that MADQA
requires planning retrieval trajectories, we check if gold
evidence can be retrieved based on question n-grams. Un-
igram matching yields a median of →4k pages per query
with only 0.03% precision—questions are drowned in false
positives. Bigram matching reduces hits to →24 pages but
precision remains at 2.6%. Trigram matching achieves →1
page hit, yet recall drops to 51%. This confirms that solving
our benchmark requires semantic understanding, not just
lexical overlap (Appendix E.1).

Parametric Knowledge vs. Grounding. To confirm that
the benchmark measures the ability to synthesize a faithful
answer solely from C, we prompt six frontier models to
guess answers based solely on question text. Then, we cat-
egorize correct guesses into three types: yes/no questions,
other binary-choice questions, and memorization (facts re-
called from the training data). Across models, measured
guessability ranges from 9.1% (Claude Haiku) to 15.2%
(GPT-5), with an average of 11.2%. Based on our question
classification, 3% stems from random chance on yes/no and
binary questions, while the remaining 8% reflects training
data contamination—models correctly recalling facts from
public documents.

When models achieve 80%+ accuracy with document evi-
dence, the additional 70+ percentage points represent gen-
uine comprehension. See Appendix E.2 for detailed results.

© 2025 Snowflake Inc. All Rights Reserved
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23%
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7% 4% 2%

Free Text 44%

Structured 33%

Tabular 22%

Artifacts 15%
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Vision is beneficial

Figure 4. Visual necessity in MADQA. 58% of the questions
benefit from understanding Structured layouts, Tabular data, or
Visual Artifacts (e.g., charts, stamps). The matrix highlights that
multi-category dependencies (e.g., Structured + Artifacts) are a
significant driver of benchmark difficulty.

Visual Perception. To quantify visual understanding
(Property 6), we categorize questions by whether answers

are extractable from running text, benefit from layout com-
prehension (forms, tables), or require visual artifacts (check-
boxes, figures).

Figure 4 shows that only 42% of questions can be answered
from free text alone. Structure is not the only visual chal-
lenge: 15% involve visual artifacts, with 7% requiring both—
e.g., interpreting a checkbox within a form field. While
our documents are text-heavy, this text is rarely unstruc-
tured, and relationships between elements must be taken
into account. While tabular relationships can sometimes be
inferred from linearized text, our fine-grained annotations
enable measuring where visual encoders, layout-aware pars-
ing, or pure text extraction each succeed. See Appendix E.3
for the full taxonomy.

2.4. Principled Splits Creation

To reduce evaluation costs while maintaining statistical
power, we apply Classical Test Theory (Crocker & Algina,
1986). We evaluate each questions’s Difficulty and Discrim-
ination, prioritizing questions that best distinguish between
strong and weak models (Figure 5, Appendix D).

Crucially, we explicitly reserve 20% of the test set (the “Sen-
tinel Pool”) for items that no current model can solve. This
design guarantees that the benchmark retains significant
headroom (0% baseline accuracy on this subset) even as
models improve on the discriminatory set.

© 2025 Snowflake Inc. All Rights Reserved
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Figure 5. Principled dev/test set selection. We evaluate every
question based on Difficulty (mean accuracy) and Discrimination
(point-biserial correlation). The Sentinel Pool (•) captures the
hardest items to preserve headroom, regardless of discrimination
scores. For the remaining budget, we stratify questions into diffi-
culty bins and greedily select those with the highest discrimination
signal (•), discarding questions with lower predictive power (•).
Data on the plot are illustrative.

This approach yields non-overlapping Test (n = 500) and
Development (n = 200) sets. The Test set achieves a strong
rank correlation with the complete benchmark (Spearman’s
ω > 0.85) while retaining 100 items that are too complex
for current models to ensure long-term relevance. The re-
maining 1, 550 items are provided as a Train set.

5
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$321M
SOURCE 1

SOURCE 2

ATTRIBUTED 
ANSWER

MADQA Benchmark. Answer with Source Attribution

RETRIEVE
DECOMPOSE ANALYZE

Repeat the process if needed.
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MADQA Benchmark. Evaluation Angles 

$321M
Is the answer correct 
and actionable?

Correctness
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SOURCE 1
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Is the answer well 
grounded?

Attribution
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Efficiency
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Is the effort agent 
invested justified?

Efficiency

REV 01.05.24

MADQA Benchmark. Evaluation Angles 

Multimodal Agentic Document QA

3. Evaluation Protocol
3.1. Answer Correctness (Property: Extractive)

We use LLM-based Accuracy to balance two needs: an-
swers must be concrete values suitable for downstream au-
tomation, yet the metric should accept semantically correct
responses even when they differ in surface form from ground
truth.2 By focusing on the Extractive property, we ensure
the benchmark rewards answers grounded in the corpus, not
stylistic choices like formatting or verbosity.

Answers are represented as lists of strings to accommodate
multi-part responses (e.g., “list all board members”). The
evaluation prompt was iteratively refined through human
calibration rounds, addressing edge cases in list formatting,
verbosity tolerance, and unit qualifier handling. Excluding
→50% exact match cases where agreement is perfect by
construction, the final setup achieves a quadratic-weighted
Cohen’s ω = 0.88 with human judgments, indicating almost
perfect agreement (Landis & Koch, 1977).

Finally, to ensure statistical validity, we measured the
calibrated judge’s sensitivity and specificity on human-
annotated samples, and apply bias correction to aggregate
scores following Lee et al. (2026) (see Appendix F.1).

3.2. Retrieval and Attribution (Property: Grounded)

As our questions are by design unanswerable using the
general knowledge, we chose the Page F1 metric (Ap-
pendix F.2) to serve as a proxy for the Context Relevance
component of the RAG Triad (Madzou, 2024).

It measures the overlap between the unique set of pages cited
by the agent and the human-annotated minimal evidence
set E . A high score certifies that the agent successfully
navigated to the precise location of the answer, penalizing
both “lazy citations” (failure to cite necessary pages) and
“spurious citations” (citing irrelevant pages).

We also report Doc F1, which relaxes the constraint to the
document level. Comparing Doc F1 against Page F1 al-
lows us to diagnose “last-mile” navigation failures, where
an agent correctly identifies the relevant document but fails
to pinpoint the specific page containing the evidence. We
annotate at page level rather than bounding-box level; Ap-
pendix A.3 discusses this design choice.

3.3. Efficiency and Calibration (Property: Agentic)

The defining feature of the Agentic property is the ability to
invest variable compute into a problem. To measure whether

2We initially considered ANLS→ (Peer et al., 2025), but found
it too strict—even after adding alternative answers, 35% of predic-
tions where ANLS→ assigned zero score were actually correct per
human review. This motivated our LLM-based judge.

this investment is rational, we design a metric based on the
Cumulative Difference method (Kloumann et al., 2024),
treating the number of discrete steps (e.g., search iterations)
as a proxy for implicit uncertainty.

Specifically, given evaluation tuples {(si, yi)}Ni=1, corre-
sponding to different test set items, with effort si ↑ N and
correctness yi ↑ {0, 1}, we sort by nondecreasing effort via
permutation ε and define mean accuracy ȳ = 1

N

∑N
i=1 yi.

The cumulative deviation curve:

D0 = 0, Dk =
k∑

j=1

(
yω(j) ↓ ȳ

)

tracks how accuracy conditioned on increasing effort departs
from the global mean: upward (downward) segments indi-
cate effort ranges with above-mean (below-mean) accuracy.
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Figure 6. Illustration of the cumulative difference curve. Up-
ward segments indicate above-average accuracy at low effort, while
downward indicate below-average accuracy at higher effort. The
Kuiper statistic measures the total range of this deviation.

We quantify the dependency between effort and accuracy
using the Kuiper range statistic (Figure 6, Appendix F.3):

K = max
0→k→N

Dk ↓ min
0→k→N

Dk

A low Kuiper score indicates stable, “effort-invariant” per-
formance. A high score reveals poor calibration, specifically
identifying regimes where the agent is expending signifi-
cant budget on complex queries it ultimately fails to solve.
In practice, we interpret Kuiper jointly with accuracy and
grounding: low values indicate weak dependence on ef-
fort, which can reflect either well-calibrated termination or
uniformly effort-invariant behavior.

The choice of effort measure has limited impact on calibra-
tion scores: step counts and token-based measures correlate
strongly (Spearman ϑ > 0.85), with Kuiper values varying
by less than 20% across definitions (Appendix F.4). We
report step counts (tool calls) by default.

6
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Is the answer correct 
and actionable?

Is the answer well 
grounded?

Is the effort the agent 
invested justified?

Correctness Attribution Efficiency

MADQA Benchmark. Evaluation Angles 
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Findings

Simple Agentic Systems Can Outperform 
Strong, Static RAG, e.g.:

Static RAG 
Service Acc. BM25 

Agent Acc. Δ

    Gemini Gemini File 
Search 78.6 82.2 +3.6

    GPT OpenAI Assistants 
File Search 50.0 67.8 +17.8

Multimodal Agentic Document QA

Table 3. Main evaluation results on MADQA. Agentic systems consistently outperform their static RAG counterparts, yet an 18%
oracle gap reveals that retrieval—not reasoning—remains the primary bottleneck. We report aggregate Accuracy (± confidence intervals)
alongside specific multi-hop reasoning subsets (X-Page and X-Doc). Attribution is measured via Page F1 and Doc F1 to assess grounding
fidelity. The Kuiper statistic (→ is better) quantifies effort calibration; it is excluded for Non-Agentic systems as they operate with fixed
computational budgets.
Pink indicates higher Kuiper values (worse; → better). Blue indicates higher performance (better). Bold denotes the best performing

model in Agentic and Non-Agentic systems for each subset.

Model / Framework Accuracy X-Page X-Doc Page F1 Doc F1 Kuiper →
Non-Agentic Systems

Gemini 3 Pro File Search 78.6 ± 2.2 74.1 ± 3.6 75.0 ± 3.6 70.1 ± 2.0 94.2 ± 1.0 –
Gemini 2.5 Flash File Search 71.8 ± 2.4 61.3 ± 4.1 73.0 ± 3.7 52.2 ± 2.2 80.9 ± 1.8 –
M3DocRAG 61.6 ± 2.6 31.0 ± 3.9 35.0 ± 4.0 68.2 ± 2.1 82.6 ± 1.7 –
GPT-5.2 (2024-08) HEAVEN 52.9 ± 2.7 38.9 ± 4.1 53.0 ± 4.2 48.4 ± 2.2 62.3 ± 2.2 –
GPT-5.2 (2025-12) File Search 50.0 ± 2.7 39.5 ± 4.1 23.0 ± 3.5 28.5 ± 2.0 68.5 ± 2.1 –
GPT-5 (2025-08) File Search 49.6 ± 2.7 36.4 ± 4.0 25.0 ± 3.6 29.3 ± 2.0 66.6 ± 2.1 –
GPT-4o (2024-08) HEAVEN 48.6 ± 2.7 32.2 ± 3.9 37.0 ± 4.0 43.2 ± 2.2 59.2 ± 2.2 –
GPT-5 Mini (2025-08) File Search 48.5 ± 2.7 32.8 ± 3.9 26.0 ± 3.7 29.0 ± 2.0 67.3 ± 2.1 –
ColBERTv2 + Llama-3.1-8B 40.2 ± 2.6 23.7 ± 3.5 26.0 ± 3.7 43.4 ± 2.2 52.0 ± 2.2 –
Agentic Systems

Gemini 3 Pro BM25 Agent 82.2 ± 2.0 66.8 ± 3.9 73.0 ± 3.7 78.5 ± 1.8 90.2 ± 1.3 25.8
Claude Sonnet 4.5 (2025-09) BM25 Agent 80.6 ± 2.1 66.8 ± 3.9 82.0 ± 3.2 79.1 ± 1.8 93.0 ± 1.1 35.1
GPT-5 (2025-08) BM25 Agent 77.7 ± 2.2 60.1 ± 4.1 74.0 ± 3.7 74.2 ± 2.0 86.5 ± 1.5 52.6
Gemini 3 Pro RLM 73.8 ± 2.3 66.8 ± 3.9 66.0 ± 3.9 69.1 ± 2.1 89.8 ± 1.4 22.9
Claude Agent Semtools 72.6 ± 2.4 62.0 ± 4.0 60.0 ± 4.1 51.1 ± 2.2 89.5 ± 1.4 37.9
Claude 4.5 Sonnet (2025-09) RLM 70.5 ± 2.4 65.0 ± 4.0 69.0 ± 3.9 66.5 ± 2.1 88.9 ± 1.5 42.3
Claude Haiku 4.5 (2025-10) BM25 Agent 68.2 ± 2.5 48.0 ± 4.2 65.0 ± 4.0 72.0 ± 2.0 88.2 ± 1.4 50.7
GPT-5.2 (2025-12) BM25 Agent 67.8 ± 2.5 51.6 ± 4.2 55.0 ± 4.1 67.6 ± 2.1 83.7 ± 1.7 64.8
GPT-5 Mini (2025-08) BM25 Agent 66.9 ± 2.5 48.0 ± 4.2 48.0 ± 4.2 67.6 ± 2.1 82.4 ± 1.7 73.2
GLM-4.6V BM25 Agent 66.1 ± 2.5 37.1 ± 4.0 70.0 ± 3.8 65.9 ± 2.1 86.6 ± 1.5 51.4
GPT-5.2 (2025-12) RLM 64.2 ± 2.6 55.3 ± 4.1 56.0 ± 4.1 67.6 ± 2.1 83.7 ± 1.7 30.0
MDocAgent 63.8 ± 2.6 37.1 ± 4.0 41.0 ± 4.1 67.1 ± 2.1 82.1 ± 1.7 27.1
Qwen3-VL (235B-A22B-Thinking) BM25 Agent 60.3 ± 2.6 36.4 ± 4.0 55.0 ± 4.1 58.6 ± 2.2 80.5 ± 1.8 36.6
GPT-4.1 (2025-04) BM25 Agent 60.0 ± 2.6 42.5 ± 4.1 44.0 ± 4.1 64.1 ± 2.1 82.8 ± 1.7 43.2
Gemini 2.5 Flash BM25 Agent 58.5 ± 2.6 30.4 ± 3.8 56.0 ± 4.1 61.0 ± 2.2 78.8 ± 1.8 46.5
GPT-5 Nano (2025-08) BM25 Agent 58.2 ± 2.6 32.8 ± 3.9 35.0 ± 4.0 60.9 ± 2.2 82.2 ± 1.7 49.8
Qwen3-VL (8B-Thinking) BM25 Agent 47.3 ± 2.7 17.0 ± 3.1 44.0 ± 4.1 47.6 ± 2.2 69.4 ± 2.1 50.2
GLM-4.6V Flash BM25 Agent 46.0 ± 2.7 18.2 ± 3.2 47.0 ± 4.2 28.9 ± 2.0 51.5 ± 2.2 27.5
GPT-4.1 Nano (2025-04) BM25 Agent 19.5 ± 2.1 6.1 ± 2.0 9.0 ± 2.4 27.6 ± 2.0 40.2 ± 2.2 28.6
Human Performance

Human Oracle Retriever 99.4 ± 0.4 100.0 98.0 ± 1.2 – – –
Human BM25 Agent 82.2 ± 2.0 79.6 ± 3.4 72.0 ± 3.7 79.3 ± 1.8 93.4 ± 1.1 14.6

4. Baseline Approches
BM25 MLLM Agent (Textual Retrieval, Visual Reasoning).
We propose an iterative system that couples text-based re-
trieval provided as a search tool with a MLLM, allowing
the agent to formulate search queries and analyze rendered
page images to answer questions (Appendix G.1).

Claude Agent with Semtools (CLI-Based Semantic
Search). We propose a solution based on Claude Agents
SDK, which operates through Unix-style tools such as parse
(converts PDFs to MD) and search (performs semantic
search), combined with regular bash commands, enabling

flexible query reformulation and document exploration (Ap-
pendix G.4).

Recursive Language Models (Programmatic Context De-
composition). A task-agnostic approach which enables
LLMs to programmatically examine and recursively process
the input (Zhang et al., 2025a). The document collection
is exposed as a variable, allowing the LLM to write code
processing it with sub-LLM calls (Appendix G.5).

MDocAgent (Collaborative Agents). Integrates textual
and visual cues through a fixed five-stage pipeline of spe-
cialized agents. By employing parallel text and image re-

7
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The same Claude model 
used as RLM or BM25 Agent

Findings

Retrieval Constraints 
are Essential for 
Cost-Effective 
Reasoning

Multimodal Agentic Document QA

trieval, it coordinates General, Critical, Text, and Image
agents to extract and analyze key information, which is then
consolidated by a Summarizing agent (Han et al., 2025).

Managed RAG Services (Blackbox Retrieval). An
industry-standard reference point, relying on “RAG-as-a-
Service” solutions. These include Gemini File Search and
OpenAI Assistants File Search described in Appendix G.2.

M3DocRAG (Visual Retrieval). Proposed by Cho et al.
(2024) system with vision-aware retriever that encodes doc-
ument pages as images, allowing it to capture visual cues
(e.g., charts, layout). Results are then fed into a MLLM.

HEAVEN (Hybrid Visual Retrieval). Multi-vector re-
trieval proposed by Kim et al. (2025). Uses DSE (Ma et al.,
2024a) to efficiently retrieve candidate pages, and then re-
ranks candidates using ColQwen2.5 (Faysse et al., 2024).
Retrieved pages are passed to a MLLM (see Appendix G.3).

ColBERTv2 + LLaMA (Text-Only Late Interaction). A
simple open-source baseline with late-interaction retrieval
(Santhanam et al., 2022). Relevant pages are retrieved and
fed to Llama 3 8B model, following Han et al. (2025) setup.

Human Performance . To contextualize model perfor-
mance, we collected human baselines annotations on all test
questions (full interface details and annotator instructions
are provided in Appendix C.2).

In the first setup, annotators used the same search engine as
our BM25 MLLM Agent baseline. The interface logged com-
plete interaction trajectories: every search query, page view,
and timestamp. This enables direct comparison not only of
accuracy but also of search efficiency between humans and
LLM agents.

Additionally, we tested humans with oracle retrieval, elimi-
nating the effect of an imperfect search tool on results, and
reducing task cognitive load.

5. Results and Analysis
Simple Agentic Systems Can Outperform Strong, Static
RAG. The best-performing system, Gemini 3 Pro BM25
MLLM Agent, achieves an accuracy of 82.2%, representing
a substantial improvement over its optimized non-agentic
counterpart, Gemini 3 Pro File Search (78.6%). This trend
holds also for all models from GPT family, confirming that
the iterative planning capability is beneficial in MADQA.
The only exception is Gemini 2.5 Flash, which performs
exceptionally well with Google’s managed RAG.

Specialized Solutions Punch Above Their Weight. In
the class of 8B parameter backbones, M3DocRAG and

MDocAgent achieve accuracy above 60%, rivaling larger
commercial models, and significantly outperforming Col-
BERTv2 + Llama 3 (40.2%) and Qwen3-VL 8B BM25
MLLM Agent (47.3%). This performance gap highlights
the potential of domain-specific innovations.

Retrieval Constraints are Essential for Cost-Effective
Reasoning. Incorporating inference cost in analysis (Fig-
ure 7) reveals that the constraints imposed by search tools
and RAG pipelines are beneficial. While RLMs offer theo-
retical flexibility, their lack of constraints leads to inefficient
information processing without performance gains. For
example, the Claude Sonnet 4.5 RLM processed over 270
million input tokens—incurring a cost of $850—yet failed
to match the accuracy of its BM25 MLLM counterpart.
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Figure 7. Performance and cost of running test set inference.
Leading models with Managed RAG, compared to employing them
in BM25 MLLM Agent or RLM setup.

Agents Achieve Superior Page-Level Attribution.
While managed RAGs often achieve high Doc F1, they
struggle with precise localization, as evidenced by lower
Page F1 scores. Agentic systems offer better page-level
attribution. High Doc F1 can mask a “last-mile” failure at
the page level, justifying the diagnostic value of both.

Calibration is a Distinct Axis from Accuracy. Kuiper
varies widely and is not monotonic in answer quality: for
example, GPT-5 BM25 Agent reaches 77.7% accuracy but
exhibits substantially worse calibration (Kuiper 52.6) than
Gemini 3 Pro BM25 Agent (82.2%, Kuiper 25.8).

5.1. Search Dynamics and Error Taxonomy

We analyze errors of the BM25 MLLM Agent family, which
has the most models evaluated (Appendix H.3).

Failure Modes Differ Qualitatively Across Models.
Among 3,273 agent errors, retrieval failures (wrong doc-
ument) account for 35.7%, followed by comprehension fail-
ures (right page, wrong answer, 28.8%), navigation fail-
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Figure 8. Error decomposition across all BM25 MLLM agents, ordered by accuracy. Each bar decomposes a system’s test predictions
into correct (exact and verbose) and four error types. Weaker models are dominated by refusals and retrieval failures, while stronger
models shift toward comprehension errors—suggesting that retrieval is largely solved for top systems and answer extraction remains the
bottleneck.

ures (right document, wrong page, 23.0%), and refusals
(12.6%). However, these proportions vary drastically by
model (Figure 8): Gemini 2.5 Pro fails predominantly at
retrieval (21.4% of all predictions), while Claude Sonnet 4.5
retrieves well (4.0% retrieval failure) but struggles more
with comprehension (8.6%). GPT-4.1 Nano is dominated
by refusals (48.2%), indicating premature search abandon-
ment. Detailed per-system profiles, including a retrieval-vs.-
comprehension scatter (Figure 16), are in Appendix H.3.

Query Reformulation Magnitude Predicts Success.
When an initial search fails, effective agents try a substan-
tially different query rather than a minor rephrasing. We
quantify this by embedding all search queries and measuring
cosine drift between consecutive queries (Appendix H.6).
Top-performing systems reformulate more aggressively:
Claude Sonnet 4.5 has the highest mean drift per step (0.38),
while GPT-4.1 Nano barely changes its queries (drift 0.10).
Accuracy correlates strongly with reformulation magnitude.

Semantic Discontinuity, Not Physical Distance, Drives
Failure. Concerning multi-hop queries, the physical “page
gap” between pieces of evidence is irrelevant to perfor-
mance. Difficulty is determined by semantic distance: ac-
curacy drops by 38 percentage points when evidence spans
conceptually dissimilar contexts (Appendix H.1).

Errors Reflect Genuine Misunderstanding. Only 5% of
correct predictions are over-verbose concerning our specifi-
cation (Section 3.1), indicating that when systems find the

right evidence, they almost always provide the requested
Extractive answer we require. Among errors, 87.4% involve
a concrete retrieval, navigation, or comprehension failure—
not hallucination or refusal—confirming that the benchmark
primarily tests information-seeking ability.

5.2. Human-Agent Comparative Analysis

Human-Agent Performance Gap. Despite the impres-
sive capabilities of frontier models, humans with access to
oracle retrieval perform at least 18% better. The “Oracle
Gap” reveals that nearly 18% of the benchmark remains
unsolved due to retrieval bottlenecks. The plateau at 80%
represents a limitation of current search capability, not a
saturation of the benchmark’s reasoning difficulty. This is
consistent with the fact that, given the same BM25 search
tool, humans and Gemini 3 Pro achieve comparable perfor-
mance.

Same Accuracy, Different Competencies. Although hu-
mans and Gemini 3 Pro both reach →82% accuracy, pair-
wise item agreement is remarkably low (Cohen’s ω = 0.24;
Figure 20 in Appendix H.4): they succeed on different ques-
tions. Of 107 disagreement items, 54 are solved only by
humans and 53 only by the model. Human-specific failures
are dominated by comprehension errors (64%), reflecting at-
tention fatigue on complex extractions, while model-specific
failures split evenly between retrieval (43%) and compre-
hension (43%). In contrast, model–model pairs at similar
accuracy levels agree substantially more (ω ↑ 0.43), sharing
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Figure 8. Error decomposition across all BM25 MLLM agents, ordered by accuracy. Each bar decomposes a system’s test predictions
into correct (exact and verbose) and four error types. Weaker models are dominated by refusals and retrieval failures, while stronger
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systematic weaknesses. This complementarity suggests that
hybrid human–agent pipelines could exceed the accuracy
ceiling of either alone.

Illusion of Infinite Budget. Figure 9 plots the cumulative
accuracy against the step limit N . While frontier agents
eventually converge near the retrieval tool’s theoretical ceil-
ing (→80%), they suffer from a severe “Cold Start” disparity.
Human annotators demonstrate strong zero-shot strategic
calibration, achieving →50% accuracy on their very first
query. In contrast, Gemini 3 Pro starts at only →12%, re-
lying on a steep, compute-intensive recovery. The “Oracle
Gap” of 17.2% combined with this cold-start inefficiency
proves that MADQA remains unsolved for efficient agents.

Figure 9. Accuracy as a function of step limit (N ) for BM25
MLLM agents. While frontier agents eventually match human
accuracy given a large budget (N = 9), they suffer from a severe
“Cold Start” efficiency gap. Humans achieve 50% accuracy on their
first query, whereas Gemini 3 Pro starts at only 12%, requiring an
aggressive, high-cost recovery strategy to reach parity.

Perfect Retrieval Eliminates Human Reasoning Errors.
Humans occasionally succumbed to “negation blindness,”
temporal confusion, or role conflation (e.g., mistaking a
signer for an approver). Detailed examples of these gen-
uine human mistakes, distinct from annotation noise, are
provided in Appendix H.2. Interestingly, these problems
almost disappear entirely with perfect retrieval—when the
annotator is focusing on the right place in the document.

Humans Calibrate Effort Better. Humans achieve a
Kuiper statistic of 14.6—below every agent system, whose
scores range from 22.9 (Gemini 3 Pro RLM) to 73.2 (GPT-5
Mini BM25 Agent). When initial queries fail, humans
quickly change strategy. Agents, in contrast, often persist
through minor query reformulations and spend compute on
problems they ultimately fail to solve.

Response Time Inversely Correlates with Accuracy.
Humans answered questions in a median time of 2 min-
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Figure 10. Kuiper calibration curves measuring effort-accuracy
alignment. Human annotators remain well-calibrated across effort
levels. RLM agents exhibit calibration closer to humans.

utes (mean 3.3 minutes), with 50% of responses falling
between 1–4 minutes. Response time inversely relates to
accuracy: questions answered in under one minute achieve
86%, while those requiring over ten minutes—68%.

6. Conclusion
Even when frontier MLLM agents can answer challeng-
ing document-grounded questions, they expend substantial
effort without reliably recognizing if and what additional
exploration is beneficial.

To support the shift toward calibrated, efficient reasoning,
we release MADQA alongside open-source implementa-
tions of our strong agentic baselines. Furthermore, Ap-
pendix I characterizes a broad design space of architectural
“toggles,” encouraging the benchmark’s use for evaluating
diverse strategies we did not explicitly consider.

Our primary findings suggest two concrete directions. First,
episodic memory could help agents learn corpus-specific
terminology and document structure across queries. Sec-
ond, reinforcement learning with search tool feedback could
significantly improve exploration policies.

As the community progresses, we will adapt our future
evaluation campaigns to target new bottlenecks, ensuring
the benchmark continues to serve as a discriminative signal
for frontier capabilities.
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We applied the construct validity framework to validate 
the benchmark. Checked, e.g.

Lexical Overlap vs. Reasoning
Parametric Knowledge vs. Grounding

It is not saturated. 80% achieved by the best models 
was our target.
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