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Abstract

Large Language Models (LLMs) show promise in generating long-form sci-
entific explanations that synthesize evidence and connect multiple factors.
However, in long-form scientific question answering, LLMs often halluci-
nate, producing unsupported or inconsistent claims. Retrieval-Augmented
Generation (RAG) improves trustworthiness by grounding generation in
external sources; scientific simulators are valuable because they can validate
quantitative hypotheses and capture evolving dynamics. Yet simulation-
based RAG is non-trivial due to two challenges: how to retrieve from
scientific simulators, and how to efficiently verify and update long-form an-

swers. To overcome these challenges, we propose SimulRAG!, a simulator-
based RAG framework with a generalized retrieval interface that translates
between text and simulator parameters/outputs. SimulRAG further intro-
duces claim-level generation with uncertainty estimation and simulator
boundary assessment (UE+SBA) to selectively verify and update claims.
Unlike tool-first or holistic answer revision, it first elicits diverse answers
without retrieval and then grounds uncertain, simulator-verifiable atomic
claims with simulator evidence. We also release a long-form scientific
QA benchmark spanning climate science, epidemiology, and urban plan-
ning, with ground truth verified by simulations and human annotators.
Experiments show SimulRAG improves informativeness by 30.4% and fac-
tuality by 16.3% over the strongest adapted RAG baselines, while UE+SBA
enhances claim-level efficiency and quality.

1 Introduction

The lofty goal of developing Al scientists has driven extensive LLM research across scientific
tasks, ranging from exam-style question answering (QA) (Lu et al., 2022; Zhang et al., 2024)
to hypothesis proposal (Wang et al., 2024; Yang et al., 2024) and experiment design (Chen
et al., 2024; Mialon et al., 2023). Among these, long-form QA is important because answers
must blend multiple scientific claims and reason through complex phenomena from different
perspectives (Rein et al., 2024; Lee et al., 2023). For example, predicting disease spread
dynamics in epidemiology requires jointly analyzing transmissibility, incubation, clinical
severity, seasonal variations, population demographics, and contact mixing patterns (Chang
et al., 2020; Cramer et al., 2022). However, comprehensive studies on LLMs for long-form
scientific QA remain limited, and existing work on general free-form QA still manifests
persistent hallucination issues (Farquhar et al., 2024).

Recent works have shown that grounding LLMs with external knowledge sources can help
mitigate hallucination and improve answer factuality (Schick et al., 2023; Patil et al., 2024).
In the scientific domain, it is natural to consider scientific simulators or corresponding
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Figure 1: Left: Overall SimulRAG structure, including the simulator-based retriever and
claim-level generator. Right: Simulator retrieval interface: (1) prompting LLM with question
and handbook to extract simulator parameter settings; (2) executing simulator with parame-
ters to obtain simulation outputs; (3) converting outputs to textual context via predefined or
LLM-generated templates.

emulators as tools to solve scientific problems (Ren et al., 2025; Ma et al., 2024). Compared
with static textual knowledge bases such as literature reviews, querying simulators can
capture evolving dynamics and provide more detailed, timely information about specific
scientific phenomena (Ren et al., 2025). Existing works have focused on fine-tuning LLMs
to use scientific tools for predefined tasks (Lyu et al., 2024; Thulke et al., 2024; Zhang et al.,
2024), which requires expensive computational resources, predefined question templates,
and precollected datasets, limiting generalizability across scientific domains.

Retrieval-Augmented Generation (RAG) approaches have shown promise for enhancing
LLMs by incorporating external knowledge sources to improve answer factuality and
informativeness (Lewis et al., 2020b; Fan et al., 2024; Gao et al., 2023) without additional fine-
tuning, making them strong candidates for grounding LLMs as trustworthy Al scientists.
RAG consists of two main components: a retriever that searches relevant documents and
a generator that produces answers based on the retrieved content. Unfortunately, two
fundamental challenges hinder applying existing RAG approaches to simulation-based
retrieval for long-form QA in scientific domains. First, the discrepancy between textual
space and the numerical space where simulation parameters and outputs reside creates
difficulties for querying scientific simulators. Second, existing RAG generators cannot
effectively update long-form answers with new context because they lack fine-grained
control.

To overcome these challenges, we introduce the simulator-based RAG framework (Simul-
RAG) for long-form scientific QA. The overall structure is illustrated in Figure 1 left. It
provides a generalized simulator retrieval interface to transform between textual and nu-
merical modalities, enabling seamless integration of scientific simulators into RAG systems.
We further introduce a granular generation method that decomposes long-form answers
into atomic claims and verifies or updates each claim. To improve generation efficiency, we
utilize uncertainty estimation scores and simulator boundary assessment (UE+SBA) to verify
and update claims only when necessary. To systematically evaluate long-form scientific QA,
we additionally construct a benchmark using simulators as retrieval tools in climate mod-
eling, epidemiology and urban planning, with ground truth verified by both simulations
and human annotators. This claim-first design preserves answer coverage while focusing
costly claim verification on uncertain claims within the simulator’s verification boundary.
Separating answer elicitation from evidence-based correction also allows verification effort
to be allocated at the claim level rather than rewriting an entire response after retrieval. The
extensive experimental results demonstrate that SimulRAG outperforms traditional RAG
baselines adapted with simulator retrieval interface in factuality and informativeness, while
UE+SBA improves claim-level generation efficiency and quality.

Our contributions are summarized as follows:
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¢ We introduce SimulRAG, a simulator-based RAG framework for long-form scientific
QA.

* We propose a generalized simulator retrieval interface to transform between textual
and numerical modalities.

¢ We present a claim-level generation method to improve long-form answer quality.

e We utilize uncertainty estimation scores and simulator boundary assessment
(UE+SBA) to efficiently verify and update claims.

* We construct a long-form scientific QA benchmark for climate science, epidemiology
and urban planning.

¢ We conduct extensive experiments to verify SImulRAG framework and UE+SBA
method effectiveness. Results show SimulRAG outperforms RAG baselines by
30.4% in informativeness and 16.3% in factuality.

Claim-level Generation

Original Claims UE Score Boundary Final Claims Updated UE Score
Open-ended Question
- @ Nebraska is expected to peak around January. 0.80 True Nebraska is expected to peak around January. 0.80
|
Answer Multiple Times
J The italizations could be 0.72 False The italizations could be 0.72
\ ——————— RAG Threshold = = = = = = = \
@ Public health interventions will be critical. False @ @
Updated
EEM Vermont see an earlier peak on December. 0.40 True Vermont see an earlier peak on October. 1.00 LLM
Verified 1
RO of 2.6 indicates a highly contagious virus. 0.32 True RO of 2.6 indicates a highly contagious virus. 1.00
Updated Final Answer
Hospitals may see a peak prevalence of 5-10. 0.26 True Hospitals may see a peak prevalence of 60-50. 1.00
Urban areas experience more rapid spread. 0.10 False @ 0.10

Figure 2: Claim-level generation process: (1) decompose long-form answers into atomic
claims; (2) apply uncertainty estimation and simulator boundary assessment to select claims
for verification; (3) update selected claims using simulation context; (4) integrate verified
claims into a coherent answer.

2 Related work

2.1 Scientific question answering

Scientific question answering encompasses multiple formats and domains. ScienceQA (Lu
et al., 2022) and Microvqa (Burgess et al., 2025) focus on multimodal multiple-choice rea-
soning rather than free-form QA. Climate Crisis QA (Zhu & Tiwari, 2023) and SciQAG-
24D (Wan et al., 2024) explore synthetic data generation using LLMs, but may suffer from
hallucinations and limited scientific validity. CLIMAQA (Manivannan et al., 2024) pro-
vides automated evaluation frameworks for climate science QA. SciQA (Auer et al., 2023)
benchmarks scientific QA using hand-crafted queries on the Open Research Knowledge
Graph (Jaradeh et al., 2019). Both support free-form QA but address short-form questions
whose answers are typically simple and contain a single claim. Our questions instead re-
quire multiple claims forming complete answers. We provide the benchmark for long-form
scientific QA across climate modeling, epidemiological modeling and urban planning. The
ground truth answers are verified by both scientific simulators and human annotators.

2.2 Retrieval-augmented generation (RAG) for LLMs

RAG systems consist of retrieval and generation components (Lewis et al., 2020b; Fan
et al., 2024; Gao et al., 2023). Retrieval is commonly implemented with dense methods
that map queries and knowledge into vector spaces (Khandelwal et al., 2019; Karpukhin
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et al., 2020; Lewis et al., 2020a), or sparse methods based on word matching (Robertson
et al., 2009; Sparck Jones, 1972). Generation can incorporate retrieval at the input layer (Ram
et al., 2023; Izacard & Grave, 2020), output layer (Khandelwal et al., 2019; Yogatama et al.,
2021; Yu et al., 2023), or intermediate layer (Borgeaud et al., 2022; Wu et al., 2022), though
intermediate approaches require model access unavailable through many LLM APIs (Ma
et al., 2023). Existing RAG methods rely on search-based retrieval mechanisms that are
unsuitable for scientific simulators. Recent work explores scientific tool integration (Lyu
et al., 2024; Wang et al., 2024; Yang et al., 2024; Majumder et al., 2024), but mostly targets
predefined tasks rather than free-form scientific QA with open-ended questions. Our work
proposes a general RAG framework using simulators as retrieval tools.

2.3 Claim-level uncertainty estimation

Long-form answer uncertainty estimation decomposes answers into multiple claims for
granular assessment. Several methods (Duan et al., 2023; Band et al., 2024) obtain claim
uncertainty scores from long-form outputs but require white-box model access, limit-
ing applicability to API-based LLMs. SelfCheckGPT (Manakul et al., 2023) extends self-
consistency (Wang et al., 2022) to sentence-level uncertainty for black-box LLMs. Mohri
et al. (Mohri & Hashimoto, 2024) perform claim-level uncertainty estimation using confor-
mal prediction, and Jiang et al. (Jiang et al., 2024) improve granular estimation through
entailment graphs capturing fine-grained semantic information. We adapt this claim-level
uncertainty method to guide claim-level generation, improving its efficiency and quality.

3 Methodology

3.1 Overall framework

Our proposed simulator-based RAG (SimulRAG) framework retrieves from scientific simu-
lators to ground LLMs for long-form scientific QA tasks. Given an open-ended question
g, a simulator S, and its handbook h, SImulRAG first produces initial long-form answers
and decomposes them into atomic claims, then retrieves simulator outputs o via a simulator
retrieval interface I for subsequent claim verification and updating:

o=1(S,q,h). @

The raw outputs o are converted into textual context d via templates. The generator G takes
g, d, and LLM model M to produce the final claim set C = {c1,cp, ..., ¢t} after claim-level
verification and updating:

C = Glq,d,M) @)

where claim set C contains multiple atomic claims that form the final long-form answer a.

The overall SimulRAG framework is illustrated in Figure 1 left. Our main contributions in
this framework are the design of simulator retrieval interface I and the claim-level generator
G. For the simulator retrieval interface I, we design a generalized approach to transform
between textual and numerical modalities. For the claim-level generator G, we utilize
uncertainty estimation scores and simulator boundary assessment (UE+SBA) to efficiently
verify and update claims. The details of [ and G are described in the following sections. The
complete algorithm is presented in Algorithm 1.

3.2 Simulator retrieval interface

Our simulator retrieval interface transforms between textual and numerical modalities.
Figure 1 right illustrates the overall process. We use question q and simulator S’s handbook
as context h to guide the LLM in understanding simulator functionality and parameter
space. The LLM extracts multiple relevant parameter settings from question g and context
h. These parameters are transformed to JSON format and executed by simulator S to
obtain outputs 0. Simulation outputs are verbalized using predefined or LLM-generated
templates. Adapting a new simulator only requires a lightweight adapter specifying its
functions, parameter schema, and outputs; the retrieval and claim-verification pipeline
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remains unchanged. Prompts, templates, and the detailed retrieval procedure are provided
in Appendix A.3 and Algorithm 2.

3.3 Claim-level generation

Traditional RAG generation methods directly produce answers given questions and re-
trieved context. This one-step mechanism often yields suboptimal informativeness and
factuality. To improve this, we generate multiple diverse answers A = {ay,ay,...,a,}
through m LLM queries, covering different aspects of the question. Each answer g; is de-
composed into atomic claims {c;1, cjp, . . ., iy } following (Min et al., 2023), where each claim
cij represents an independently verifiable factual statement. Claims from different answers

merge into a single deduplicated set C = {cy,cp,...,c;} using the LLM deduplication
approach from (Jiang et al., 2024).

This claim-level decomposition serves two critical purposes: (1) enabling targeted verifica-
tion and updates of individual claims rather than holistic response modification, providing
more precise and flexible long-form answer refinement; (2) simplifying the verification task
by focusing on atomic factual statements. Each claim represents a concise scientific assertion
about phenomena, relationships, or quantitative predictions that can be directly validated
against simulation outputs.

However, verifying all k claims requires O(k) verification queries, creating computational
bottlenecks. We address this through uncertainty estimation scores and simulator boundary
assessment (UE+SBA), which selectively verify only uncertain and verifiable claims. Figure 2
illustrates the complete claim-level generation process.

Claim-level Uncertainty Estimation To assess the uncertainty estimation score of each
claim c;, we construct bipartite graphs between the answer set A and the claim set C. Each
node represents either an answer or a claim, while edges capture semantic entailment
relationships between them. We estimate claim-level uncertainty using graph centrality
metrics, specifically adopting closeness centrality which measures how close a claim node is
to all other nodes. V-1 v

M) = e o
where V is the set of all nodes, d(c;, 1) is the shortest path distance between claim node
c¢; and node u, and |V,| represents the size of the connected component containing c;.
Higher closeness centrality indicates a more central claim with stronger support from
multiple answers, thus higher confidence. Our approach differs from (Jiang et al., 2024) in
purpose: while they detect uncertain claims for abstention, we identify uncertain claims
for verification and modification through simulation output context to improve answer
factuality. We evaluate additional graph centrality metrics as uncertainty estimators, with
results presented in Section 4.3.

Simulator Boundary Assessment Another important factor to consider is whether claim ¢;
can be verified by simulator S. To this end, we introduce a boundary compatibility function

bound(c;, h) — {0,1} 4)

This function returns a binary value indicating whether claim ¢; parameters and conditions
fall within simulator S operational boundaries. We employ GPT-40 as an LLM judge, provid-
ing simulator handbook # and claim c; for evaluation. The judge determines compatibility
between claim parameters and simulator capabilities, returning 1 for compatible claims
and 0 for incompatible ones. This assessment filters incompatible claims before verification,
reducing unnecessary queries and improving efficiency.

UE+SBA Selection and Verification and Updating. We combine uncertainty estimation
and boundary assessment for selective claim verification. A claim ¢; undergoes simulator
verification when meeting two criteria: (1) uncertainty: conf(c;) < T where T represents a
predefined confidence threshold; (2) boundary compatibility: bound(c;, #) = 1. This dual-
criterion approach optimally allocates computational resources to uncertain yet verifiable
claims.
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Climate Epidemiology

Q: Considering the climate projection for Syktyvkar, what is the total| | Q: For an influenza season in North Carolina, Missouri, Arizona, and Vermont
temperature change expected between the historical average in 2006 and | | beginning around October 7th, 2025, what is the comprehensive
the predicted temperature in 2040 under the ssp126 scenario, given a| | epidemiological forecast for hospital prevalence, assuming a high basic
20.41% increase in CO2 and a 46.77% increase in CH4 emissions? Does this | | reproduction number (R0) of 2.2, moderate seasonality, and a low 10%
change represent a warming or cooling trend, and is its magnitude | | pog i ide prior i ity? Please yze the outbreak's expected
considered negligible (less than 0.2°C), modest (0.2°C to 1.0°C), or||trajectory, considering its peak severity, and timing.

significant (over 1.0°C)?

A: The forecast points to a severe and rapidly escalating influenza season. The
A: The total predicted temperature change is 0.29°C, which indicates a| |outbreak is projected to begin with an extremely rapid growth phase. The
warming trend for Syktyvkar between the historical and future dates. | | peak magnitude of hospitalizations is expected to be very high, reaching a
Based on the provided thresholds, the magnitude of this warming is| | median of approximately 2234 cases. This significant peak is anticipated to
considered modest. The climate model suggests a noticeable but not||arrive approximately 7.3 weeks after the season's start. Collectively, these
extreme shift in local temperature under these conditions. indicators suggest a major and sustained wave of influenza.

Figure 3: Example questions and answers from our benchmark dataset for climate and
epidemiology.

Selected claims undergo verification using simulation context 4 through three scenarios: (1)
alignment: claims consistent with d retain original content with conf(c;) = 1; (2) contradic-
tion: claims conflicting with d are updated based on simulation evidence with conf(c;) = 1;
(3) indeterminate: unverifiable claims preserve original content and confidence scores. Fi-
nally, we apply confidence threshold « to filter low-confidence claims. The high-confidence
set {¢; € C|conf(c;) > x} integrates into the final answer a’.

3.4 Scientific benchmark generation

We construct a benchmark dataset for long-form scientific QA using simulators as retrieval
tools, covering climate modeling, epidemiology, and urban planning domains. For cli-
mate modeling, we utilize the climate emulator (Niu et al., 2024) trained on Coupled
Model Intercomparison Project Phase 6 (Eyring et al., 2016) simulations, comprising gen-
eral circulation and Earth system models representing the scientific standard for climate
projection. This emulator enables efficient exploration of climate scenarios that would be
prohibitively expensive with full CMIP6 models. Focusing on four greenhouse and aerosol
gases (CO, CHy, BC, SO5) as inputs and 2-meter surface temperature as output, it captures
anthropogenic warming drivers while targeting a policy-relevant climate variable. This
enables rapid assessment of emission pathways and climate risk. For epidemiology, we
employ GLEAM-A], a stochastic emulator that reproduces influenza transmission patterns
in the United States (Zahedi et al., 2024; Wu et al., 2023). It accurately replicates the mecha-
nistic disease dynamics of the Global Epidemic and Mobility model (GLEAM) (Balcan et al.,
2010; Chinazzi et al., 2024), a stochastic, age-stratified, metapopulation model integrating
population data, age-stratified social mixing, human mobility, and disease transmission.
We vary the following parameters in GLEAM-AI: basic reproduction number (R0), the
strength of the seasonality, the level of initial residual immunity in the population, and
the presumed starting date of the outbreak. For urban planning, we utilize the SUMO
simulator (Lopez et al., 2018) to model traffic dynamics under interventions including signal
prioritization, modal shifts to cycling, and arterial closures, and assess their impacts on
travel time efficiency, vehicle idling, and CO, emissions.

Using these emulators, we design a three-stage benchmark generation pipeline. First, the
LLM receives simulator handbooks and identifies core functionalities, generating textual
templates describing input-output relationships with placeholders for input parameters
and simulation results stored in JSON format. Second, we programmatically sample input
parameters from scientifically plausible ranges, execute simulators, and populate template
placeholders with parameter-output pairs. Finally, we prompt the LLM to formulate open-
ended questions requiring quantitative reasoning and qualitative interpretation, directly
referencing numerical data. The LLM then generates ground-truth answers derived solely
from simulation evidence, ensuring factual consistency without relying on external knowl-
edge. The sampled simulator parameters and outputs used to construct reference answers
are privileged benchmark-generation information and are not exposed at test time. At test
time, a method receives only the question and simulator interface. Figure 3 shows example
questions and answers.
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Figure 4: Factuality and informativeness comparison across RAG methods. Input- and
output-layer baselines sample N = 1 or N = 5 answers, while SimulRAG uses m = 5 initial
answers. Across domains and models, SimulRAG substantially improves informativeness
while maintaining competitive factuality, yielding the strongest overall trade-off.
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Figure 5: Left: Proportion of SBA-selected claims verifiable by simulator. Right: Performance
comparison between Uncertainty and UE+SBA across five uncertainty estimation scores on
climate science, epidemiology, and urban planning benchmarks.

4 Experiments

4.1 Experimental setup

We evaluate our proposed SimulRAG framework and UE+SBA method across three sci-
entific domains: climate, epidemiology, and urban planning. We employ GPT-40 and
Claude-3.5 Sonnet as backbone LLMs.> Our objective is to demonstrate that SimulRAG
improves answer informativeness and factuality compared to traditional RAG baselines,
while UE+SBA enhances efficiency and quality for claim-level generation.

Datasets. We construct three benchmark datasets described in Section 3.4. The climate
modeling dataset contains 1000 free-form questions covering various climate phenomena.
The epidemiological modeling dataset comprises 1000 free-form questions concerning

2Claude-Haiku-4.5 replaces Claude-3.5 in some Urban experiments because the latter was no longer
available.
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F1 Score AUPR AUROC

Benchmark ~ Model - Method 15%  25%  45% | 15% 25% 45% | 15% 25%  45%

Random  |[0.6685 0.6794 0.7039|0.7144 0.7383 0.7594]0.6013 0.6267 0.6618

CpTag  Verbalized ||0.6519 0.6470 0.7393|0.6745 0.7071 0.7461|0.5522 0.6006 0.6659

Uncertainty || 0.6894 0.7113 0.7440|0.7391 0.7522 0.77140.6405 0.6645 0.7040

Climate UE+SBA  ||0.7020 0.7310 0.7725|0.7460 0.7629 0.7871|0.6531 0.6854 0.7253

Random  [[0.7323 0.7419 0.7511]0.7876 0.7932 0.8048 |0.6672 0.6793 0.7031

Claude 3.5 Verbalized ||0.6766 07251 0.7230|075532 0.7731 0.8023 |0.6172 06600 0.7277

Uncertainty || 0.7384 0.7509 0.7930|0.7770 0.7817 0.8092|0.6818 0.6975 0.7446

UE+SBA  ||0.7511 0.7768 0.8242|0.7879 0.8039 0.8297 0.7002 0.7290 0.7709

Random  |[0.5898 0.6157 0.65810.6727 0.7053 0.7555 | 0.6454 0.6753 0.7295

Gprao  Verbalized ||0.5654 0.6270 0.6953|05972 06534 07402 |0.6295 0.6834 0.7773

Uncertainty || 0.6103 0.6440 0.7043|0.6833 0.7243 0.77990.6789 0.7325 0.8005

o UE+SBA || 0.6431 0.6957 0.8155|0.7239 0.7754 0.8424 |0.7308 0.7906 0.8634
Epidemiology

Random  ||0.6961 0.7042 0.7374|0.7428 0.7687 0.8097|0.5716 0.6045 0.6723

Claude 3.5 Verbalized ||0.6804 0.7421 0.7310|07221 07599 0.8206 |0.5358 0.5993 0.7175

Uncertainty || 0.7060 0.7319 0.7848|0.7482 0.7798 0.8260|0.5972 0.6489 0.7397

UE+SBA  ||0.7231 0.7594 0.8207|0.7739 0.8113 0.8590|0.6338 0.6971 0.7916

Random  |[0.7919 0.7980 0.8105]0.8328 0.8359 0.8548]0.6000 0.6029 0.6280

Cpr.aq  Verbalized ||0.7777 07859 0.8022|0.7880 0.8021 0.8265|0.5157 05304 0.5541

Uncertainty || 0.7949 0.7993 0.8151|0.8292 0.8338 0.85290.5982 0.6005 0.6223

Usban UE+SBA || 0.8078 0.8224 0.8290|0.8444 0.8569 0.8715 |0.6346 0.6537 0.6774

Random  [[0.6801 0.7030 0.7525|0.7575 0.7919 0.8467|0.5892 0.6146 0.6675

Claude 3.5 Verbalized ||0.6863 0.7105 0.7545|07365 07733 0.8329 0.5817 0.6109 0.6657

Uncertainty || 0.6839 0.7082 0.7538|0.7604 0.7921 0.8445|0.5914 0.6178 0.6721

UE+SBA  ||0.7173 0.7613 0.8222|0.7987 0.8469 0.9019 0.6475 0.7091 0.7833

Table 1: Performance comparison of claim-level generation methods across three bench-
marks and two LLM models. Results show F1 Score, AUPR, and AUROC for 3 different
verification budgets (15%, 25%, 45%). The 15% budget means 15% of claims will be verified
and possibly updated. Best performing methods are bolded.

disease spread dynamics and plausible future scenarios. The urban planning modeling
dataset contains 200 questions on transportation planning problems. Detailed dataset
examples and statistics are provided in Appendix A.5.

Claim-level evaluation. We assess generated answer quality at the atomic claim level. Each
answer undergoes decomposition into constituent atomic claims via structured prompting.
Claims are then evaluated through a two-stage verification process. First, an LLM judge
evaluates simulator-related claims using ground truth references. Subsequently, PhD stu-
dents in the relevant fields manually assess remaining claims for correctness and relevance
to the posed question. Although the references are simulator-derived, model outputs are not
restricted to reference claims and may contain incorrect, irrelevant, or out-of-scope content.
A generated claim is labeled true only when it is both correct and relevant to the question.
We audited LLM-judge reliability with two PhD-level domain experts on 30 questions per
domain, achieving 95.8% agreement across domains.

Baselines. We evaluate SimulRAG against established RAG baselines: (1) Input-layer
integration (Ram et al., 2023) directly concatenates queries with retrieved context as LLM
input; (2) Output-layer integration (Yu et al., 2023) refines generated answers using re-
trieval context post-processing. These baselines require adaptation for scientific simulators.
We adapt them through our simulator retrieval interface to extract textual context from
simulation outputs, enabling fair comparison. To assess a tool-first agentic alternative,
we additionally adapt ReAct (Yao et al., 2023) to invoke the same simulator interface; the
dedicated comparison is reported in Appendix A.6.1.

For claim-level generation, we evaluate UE+SBA against baselines: (1) Random: Randomly
selects claims for simulator verification. (2) Verbalized: Uses LLM verbalized uncertainty
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Figure 6: F1 score comparison of SImulRAG across RAG verification budgets (15%, 25%,
45%) versus no-RAG and all-RAG on three benchmarks.

estimates (Lin et al., 2022; Tian et al., 2023). (3) Uncertainty: Selects claims using confidence
scores (Jiang et al., 2024). All methods use identical claim decomposition and answer
regeneration procedures from Section 3.3. This ensures fair comparison.

Evaluation metrics. We assess SimulRAG and baselines using informativeness and factuality
metrics for answers. Informativeness counts unique true claims within answers. Factuality
measures the proportion of true claims across all generated claims.

For claim-level methods, the verification budget denotes the fraction of claims selected for
simulator-based updating. F1 captures the precision-recall balance at each budget, while
AUPR and AUROC evaluate ranking quality across thresholds. Together, these metrics
measure whether a method prioritizes claims that benefit from verification under the same
update budget. Corresponding precision-recall values appear in Appendix A.6.2.

4.2 SimulRAG performance

We first assess the effectiveness of the SimulRAG framework for long-form scientific QA.
Figure 4 demonstrates the informativeness and factuality of different RAG methods across
Climate, Epidemiology, and Urban. Across all six domain-model settings, SimulRAG
achieves 30.4% more unique true claims on average than the strongest input- or output-layer
baseline in each setting. For factuality, SimulRAG attains a 16.3% higher proportion of
true claims on average than the strongest baseline. These joint gains show that selective
claim-level grounding expands answer coverage without introducing unsupported content
through holistic conditioning or revision.

4.3 UE+SBA performance

We evaluate the efficiency and quality of uncertainty estimation scores and simulator bound-
ary assessment (UE+SBA) for claim-level generation. Table 1 presents the performance
comparison of different claim-level generation methods across climate, epidemiology, and
urban planning benchmarks, using GPT-40 and Claude-3.5 models. We report F1 score,
AUPR, and AUROC across 3 verification budgets (15%, 25%, 45%). UE+SBA consistently
outperforms all baseline methods across all metrics, models, benchmarks, and budgets. For
AUPR, UE+SBA achieves up to 6.2% absolute improvements over the best baseline. For
AUROC, UE+SBA attains up to 6.3% absolute improvements over the best baseline. Mean-
while, the Uncertainty baseline consistently ranks second, demonstrating the effectiveness of
uncertainty estimation for claim selection, a key component of UE+SBA. UE+SBA improves
F1 consistently across all verification budgets, with its advantage generally persisting and
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often increasing as more claims are selected. This consistency across domains and backbone
models indicates that boundary compatibility provides a complementary selection signal to
uncertainty rather than an improvement tied to a particular operating point.

4.4 Simulator boundary assessment (SBA) effectiveness

To evaluate SBA effectiveness, we visualize the proportion of SBA-selected claims verifiable
by the simulator. Figure 5 left demonstrates that SBA effectively filters out non-verifiable
claims. For climate, SBA filters out 34.5% of claims on average. For epidemiology, SBA filters
out 41% on average. For urban planning, it filters out 50.4% on average. Human evaluation
confirms most filtered claims are indeed non-verifiable by the simulator. Thus, SBA reduces
unnecessary claim-level verification and updates. Additionally, we compare UE+SBA with
Uncertainty across five uncertainty estimation scores (Jiang et al., 2024). The five estimators
are closeness, degree, betweenness, eigenvector centrality, and PageRank. Figure 5 right
presents the performance comparison between Uncertainty and UE+SBA across these
uncertainty estimation scores. UE+SBA improves over uncertainty-only selection for each
estimator, indicating that the benefit of boundary filtering is not tied to a particular graph-
centrality definition.

4.5 Ablation studies

We compare SimulRAG performance across RAG verification budgets (15%, 25%, 45%)
against no-RAG and all-RAG in Figure 6 using F1 score. Results show SimulRAG with
15% RAG significantly outperforms no-RAG across the three benchmarks and both models.
Across the six panels, F1 improves over no-RAG by 5.2, 8.5, and 14.1 percentage points at
verification budgets of 15%, 25%, and 45%, respectively. The 45% setting remains within
3.6% of all-RAG; verifying the remaining 55% of claims adds only 2.2 points on average,
demonstrating diminishing returns beyond the selectively prioritized set.

5 Conclusion

In this work, we introduce SimulRAG, a simulator-based retrieval-augmented generation
(RAG) framework for long-form scientific question answering. SimulRAG proposes a gener-
alized simulator retrieval interface to transform between textual and numerical modalities,
enabling seamless integration of scientific simulators into RAG systems. To improve answer
generation quality, we present a claim-level generation method that decomposes long-form
answers into atomic claims for fine-grained verification and updates. To efficiently ver-
ify and update claims, we utilize uncertainty estimation scores and simulator boundary
assessment (UE+SBA) to selectively identify valuable claims for verification. Finally, we
construct a long-form scientific QA benchmark covering climate science, epidemiology, and
urban planning. Extensive experiments verify the effectiveness of our proposed SimulRAG
framework and UE+SBA method. One limitation of SImulRAG is assuming all questions
relate to available simulators. Future work could develop automatic question-simulator
relevance detection to avoid failed retrieval when prompts are unrelated and enable broader
applicability across diverse scientific domains.
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A Appendix

A1 SimulRAG algorithm

The SimulRAG algorithm is shown in Algorithm 1. The key functions used in the algorithm
are defined as follows:

* I(S,q,h): Simulator retrieval interface that extracts parameters from question g
using handbook /, executes simulator S, and converts outputs to textual context d.

e LLM(g): Generates a diverse initial answer for question .

* Decompose(a;): Decomposes answer 4; into atomic claims following factual state-
ment extraction principles.

e Merge(-): Merges and deduplicates claim sets from multiple answers using seman-
tic equivalence detection.

* UE(cj, A, C): Uncertainty estimation that computes confidence score for claim c;
using entailment graph centrality.

* bound(c;, h): Boundary assessment function that determines whether claim ¢; is
verifiable by simulator using handbook .

 VerifyAndUpdate(c;, d): Verifies claim c; against simulation context d, retaining it
if aligned and updating it if contradicted.

* GenerateCoherentAnswer (g, Cfina) ): Synthesizes final answer from high-confidence
claims in response to question g.

Tool/SBA/decomp. Initial-answer

Domain m

temperature temperature
Climate 5 04 04 0.1 1.0
Epidemiology 5 04 04 0.1 1.0
Urban 5 04 04 0.1 1.0

Table 2: Hyperparameters for the main non-ablation experiments. Here, m is the number of
initial answers, T is the claim-selection threshold, and « is the final claim-filtering threshold.

A.2 Simulator retrieval interface details

The simulator retrieval interface first provides the simulator handbook / together with
question g to the tool-calling LLM, which returns simulator arguments in a predefined
JSON schema. We discard outputs that fail JSON parsing, use field names inconsistent with
the handbook, or contain values outside the valid input ranges, and then re-prompt the
model until a valid call is obtained. After validation, the simulator is executed once and the
structured output is converted into textual context using the domain template.

We evaluated the retrieval interface on 200 GPT-40 tool-calling test cases per dataset. Retries
were triggered 17 times for climate, 9 times for epidemiology, and 4 times for urban planning,
corresponding to 30 retries over 600 calls (5.0%). Among these retries, 3 were caused by
malformed JSON outputs, 23 by variable names that did not strictly follow the handbook
specification, and 4 by invalid input values. These results indicate that handbook-aligned
field naming is the dominant failure mode, while outright formatting failures are relatively
rare.
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A.3 Prompt and template details

Here we provide the prompts and templates used in SimulRAG. Unless otherwise noted,
the tool caller, claim decomposer, and scientific boundary analyzer use GPT-40 with a
temperature of 0.1. For the multiple initial responses sampled in Algorithm 1, we use a
temperature of 1.0.

A.3.1 Parameter extraction prompt

The tool caller uses the following generic parameter-extraction prompt, with simulator-
specific tool descriptions and parameter schemas filling the placeholders.

You are an expert AI system that translates natural language questions
about scientific forecasting into structured parameters for the
simulation tool.

**xYour Task:**

Given an open-ended question in a scientific domain, extract the
precise parameters needed to run the simulator.

*xAvailable Tools:** {AVAILABLE TOOLS}

*+xAvailable Parameters:** {AVAILABLE PARAMETERS}

*xAvailable Target Metrics:** {AVAILABLE TARGETS}

**¥0utput Format:** A single JSON object with the specified keys.

A.3.2 Claim decomposition prompt

After obtaining the answer set, we use the claim decomposition prompt to decompose each
answer into atomic claims. It preserves the original meaning while focusing on statements
specific to the answer rather than restating the question. We adapt the prompt from Jiang
et al. (2024):

Algorithm 1 SimulRAG framework

1: Input: Question g, Scientific simulator S, Handbook #, Thresholds 7, x
2: Output: Refined answer a’/

3. A« {ay,...,an} where a; < LLM(q)

4: forj=1tomdo

5 {cj1,---,Cjn;} < Decompose(a;)

6

7

8

: end for
: C <= Merge(U{cj1, - -, ¢jn })
¢ Cselected < @
9: forc; € Cdo
10:  conf(c;) < UE(c;, A,C)
11:  if conf(c;) < T and bound(c;, h) = 1 then

12: Cselected «— Cselected U {Ci}
13:  endif
14: end for

15: d < I(S,q,h)

16: for ¢; € Ceelocted dO

17:  ¢; + VerifyAndUpdate(c;, d)

18:  conf(c;) + 1

19: end for

20: Cinal < {ci € C | conf(c;) > «}

21: a’ < GenerateCoherentAnswer(q, Cfinal)
22: return a’
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Algorithm 2 Simulator retrieval interface

1:

10:
11:
12:

PN DT RN

Input: Question g, simulator S, handbook h

Output: Textual simulator context d

valid <+ 0

while valid = 0 do
p < LLMy1(g, h) {Generate JSON tool call}
if p is valid JSON, matches handbook field names, and all values are in range then

valid <+ 1

end if

end while

0 S(p)

d < TemplateToText(q, p,0)

return d

Please deconstruct the following paragraph into the smallest possible
standalone self-contained facts without semantic repetition, and return
the output as a jsonl, where each line is {claim:[CLAIM]}.

CRITICAL: Extract ONLY the 8-12 MOST IMPORTANT claims. Be extremely
selective. Focus ONLY on:

- Direct answers to the specific question asked

- Specific numerical values, percentages%, or measurements
- Key causal relationships (A causes B)

- Critical scientific conclusions

STRICTLY AVOID:

- General background information

Basic definitions (what S02 is, what SSP scenarios are, etc.)

- Procedural explanations

Location descriptions
- Any claim that doesn’t directly address the question

Each claim must be essential to answering the question. If unsure
whether to include a claim, DON’T include it.

The input is: {original text}

Response:

A.3.3 Claim merging prompt

Each answer is decomposed into a claim set. We use the claim merging prompt to combine
these sets, merge semantically duplicate claims, and retain mutually independent claims.
We adapt its design from Jiang et al. (2024):

You are given two sets of claims. Find which claims in Set B are
already covered by claims in Set A.

Set A (Existing claims): {existing claim set}
Set B (New claims): {new_claim set}

For each claim in Set B, check if it says essentially the same thing as
any claim in Set A (i.e. semantic equivalence even if worded
differently). Should be equivalent in meaning, if A said something
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turns up while B said something turns down, they are not equivalent.
If A said something turns up and B said the same thing goes up, they
are equivalent.

You must respond with ONLY a valid Json array of pairs. Each pair is
[existing index, new_index] where Set A[existing index] covers Set
B[new_index] .

Examples:

- If Set A[0] covers Set B[1] and Set A[2] covers Set B[0]: [[0, 1],
[2, 0]]

- If no claims match: []
- If Set A[1] covers Set B[0]: [[1, 0]1]

Response:

A.3.4 Entailment graph construction

After semantic-equivalent claims are merged, we construct an unweighted bipartite graph
between sampled answers and merged claims. For every answer—claim pair (a;, ¢;), the
LLM entailment judge determines whether the answer semantically supports the standalone
claim using the same equivalence criteria above and temperature 0.1. We add a binary edge
(aj, ¢;) only for an affirmative judgment; no token-probability threshold is used. Closeness
centrality is then computed on this graph as defined in Section 3.3. This binary prompting

scheme keeps the procedure compatible with black-box API models.

A.3.5 Scientific boundary analysis prompt

As described in Section 3.3, the scientific boundary analyzer determines whether a claim
can be verified or updated using the tools specified in the simulator handbook. We use the

following prompt:

You are an expert in [Dataset] science and computational tools. You
will evaluate whether [Dataset]-related claims can be verified using
available [Dataset] simulation tools.

**xAVATLABLE CLIMATE TOOLS:** {tools_handbook}

**xEVALUATION TASK:** For each claim provided, you need to determine how
well the available tools can help verify or assess the accuracy of that

claim.
**xSCORING CRITERIA: *x*

- **0*x*x: The claim cannot be verified or assessed using any of the
available tools

- Examples: Claims about non-climate topics, general policy statements,
claims requiring data/tools not available, claims that touch on climate

aspects but cannot be directly verified with the specific tools
provided

- **x1*xx: The claim can be directly and comprehensively verified or
assessed using the available tools

- Examples: Claims about temperature changes, climate scenarios,
aerosol/greenhouse gas impacts, geographic classifications, specific
quantitative climate predictions

**RESPONSE FORMAT:** Respond with ONLY a JSON object containing a single

key "tool_confidence" with a value of O or 1.
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Example: {"tool_confidence": 1}
**xYOUR TASK: **
Question: {question} Claim: {claim}

Evaluate how well the available climate simulation tools can verify or
assess this specific claim in the context of the given question.

Response:

A.3.6 Verification and updating prompt

The verification and updating prompt asks the model to verify each selected claim against
the textual simulation context and update it when necessary:

You are a fact-checking assistant. You have been given a claim and
some quantitative context information. Your task is to analyze the
relationship between the claim and the RAG context to see if you should
update the claim or not. You should assume the RAG context is 100%
correct and accurate.

INSTRUCTIONS:

1. First, determine if the RAG context contains information relevant
to the claim’s topic (set "is_included")

2. 1If relevant, check if the claim should be updated for better
accuracy (set "should_update")

3. If updating, modify the claim directly - do not generate new claims
or unrelated content.

4. Only update the related part of the claim, don’t add extra
information (i.e. if the claim is related to A, and the rag provides
information about all of A, B, C, then you should update the parts
related to A only, but not B or C)

5. Keep updates as minimal as possible and focused on improving
accuracy

6. You may need to do calculations from the RAG context to perform the
update, it is required to do and please carefully do the numerical
calculations.

7. Skip the update and mark it as not included if the claim is not
related to the RAG context.

DECISION CRITERIA:

- "is_included": true if RAG context discusses the same
topic/concept/domain as the claim, false if completely unrelated

- "should_update": true only if the claim has incorrect/incomplete
information that RAG context can improve

Respond in JSON format: {{ "is_included": true/false, "should update":
true/false, "updated_claim": "the updated claim text (only if
should_update is true)" }}

YOUR TASK INPUT: CLAIM TO EVALUATE: {claim}
RAG CONTEXT: {textual_context}

Response:
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A.3.7 Final answer prompt
The final answer prompt asks the model to generate an answer from the selected claims:

You are an expert answering a complex question based on provided
factual claims.

QUESTION: {question}

AVAILABLE CLAIMS: {claims_text}

TASK: Generate a comprehensive and accurate answer to the question
using only the information provided in the claims above.

REQUIREMENTS:
- Use only the factual information from the provided claims
- Synthesize the claims into a coherent, well-structured answer

- If claims conflict, prioritize the most specific and detailed
information

- If the claims don’t fully address the question, acknowledge the
limitations

- Do not add information beyond what’s provided in the claims

Generate a clear, comprehensive answer:

A.3.8 Textual context template

As described in Section 3.2, textual context templates convert simulation results into human-
readable context by filling placeholder fields with simulator inputs and outputs. A climate

template is shown below:

"Query": "If CO2 emissions increase by {{delta C02}}), and CH4 emissions
increase by {{delta CH4}}), in {{year}} under the {{setting}} scenario,

what would be the average temperature for {{city name}}? Also, is
{{city name}} located on land or sea?"
"Result": "With a {{delta_C02}}}, increase in C02 and {{delta_CH4}}%

increase in CH4, the average temperature for {{city name}} in {{year}}
under the {{setting}} scenario would be {{greenhouse temp}}°C. This
location is on {{land sea result}}."

An epidemiology template is shown below:

"Query": "What is the projected epidemiological landscape for
{{target metric}} in {{target_states}} for an influenza season
initiating around {{starting date}}, assuming a basic reproduction
number (RO) of {{rO_value}}, a {{seasonality level}} influence, and an
initial population immunity level of {{prior_immunity level}}?"

"Result": "Projected Epidemiological Landscape for
{{target metric}}:{{simulation_outlook}}"

A4 Claim-level error analysis

We conducted a granular error analysis over approximately 21,138 atomic claims produced
in our experiments. Explicit errors were rare, occurring about 165 times in total (approxi-
mately 0.78%). The dominant error category is Claim Update (about 70%), where the model
retrieves the relevant simulation output but misinterprets the numerical significance or
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context when rewriting the claim. The second category is Verification Hallucination (about
25%), where the model incorrectly judges a claim as verifiable or unverifiable, corresponding
to SBA errors. The remaining errors are Parameter Extraction failures (about 5%), where the
retrieval interface cannot map underspecified questions to precise simulator inputs.

A.5 Dataset statistics and examples

We include examples of questions, ground-truth answers, and the corresponding ground-
truth claim sets from the three benchmark datasets, together with dataset statistics.

A.5.1 Example climate questions

Below, we provide example questions from the climate benchmark:

Question: For the city of Chaiwu, what is the total temperature change projected
between its historical average in 1994 and a future scenario in 2041 under ssp585
conditions, where CO2 emissions increase by 47.31% and CH4 emissions increase
by 36.46%? Does this change represent a warming or cooling trend, and would its
magnitude be considered modest (less than 1.0°C) or significant (1.0°C or greater)?

Reference Answer: The total projected temperature change is an increase of 1.08°C,
which indicates a clear warming trend for Chaiwu between the two dates. Based on
the provided thresholds, the magnitude of this change is considered significant. This
suggests a notable shift in the local climate under the specified emissions scenario.

Reference Key Claims:

¢ The total projected temperature change is an increase of 1.08°C.
¢ There is a clear warming trend for Chaiwu between the two dates.

¢ The magnitude of the temperature change is considered significant based on the
provided thresholds.

¢ There is a notable shift in the local climate under the specified emissions scenario.

Question: For Suresnes in 2050, under the ssp245 scenario with CO2 emissions increas-
ing by 23.83% and CH4 by 39.2%, what is the projected temperature? Based on this
projection, would the local climate be considered cold (below 5°C), mild (5°C to 15°C),
or warm (above 15°C)? Also, confirm if the location is terrestrial.

Reference Answer: The projected temperature for Suresnes is 7.9°C, which is classified
as mild according to the given temperature ranges. The location is confirmed to be
terrestrial. The projected climate does not fall into the cold or warm categories.

Reference Key Claims:

¢ The projected temperature for Suresnes is 7.9°C.

® The projected temperature of 7.9°C for Suresnes is classified as mild.

* The projected climate for Suresnes does not fall into the cold category.

* The projected climate for Suresnes does not fall into the warm category.

Question: For the city of Baldwin in 2072 under the ssp245 scenario, compare two
distinct emission modification strategies: one where CO2 emissions increase by 13.4%
and CH4 emissions increase by 6.09%, and another where SO2 emissions decrease by

21



Published as a conference paper at COLM 2026

13.28% and Black Carbon emissions are modified by -11.75% at [(-73.6075, 40.6511)].
Which strategy results in a warmer local climate? What is the temperature difference
between the two scenarios? Is this difference considered negligible (less than 0.2°C),
modest (0.2°C to 1.0°C), or significant (over 1.0°C)?

Reference Answer: The scenario involving an increase in greenhouse gas emissions
results in a warmer local climate compared to the aerosol modification scenario. The
temperature difference between the two strategies is 0.26°C, which is considered a
modest divergence based on the given thresholds. This indicates that the specified
greenhouse gas increases have a more pronounced warming impact than the aerosol
changes in this particular forecast.

Reference Key Claims:

¢ Anincrease in greenhouse gas emissions results in a warmer local climate compared
to aerosol modification.

® The temperature difference between the greenhouse gas emissions scenario and the
aerosol modification scenario is 0.26°C.

¢ The 0.26°C temperature difference is considered a modest divergence based on the
given thresholds.

¢ Greenhouse gas increases have a more pronounced warming impact than aerosol
changes in this forecast.

Question: For Chongzuo, compare the historical average temperature in 1992 with
the projection for 2083 under the ssp245 scenario, assuming a 29.37% increase in CO2
and a 48.75% increase in CH4 emissions. What is the total temperature change? Based
on this change, does this represent a minor (less than 1°C), significant (1°C to 2°C), or
severe (over 2°C) warming trend?

Reference Answer: The total projected temperature change is an increase of 1.18°C,
which indicates a distinct warming trend for Chongzuo. Based on the provided
thresholds, this level of temperature rise is classified as significant. This suggests a
considerable shift in the local climate between the historical and future periods under
this emissions scenario.

Reference Key Claims:

¢ The total projected temperature change is an increase of 1.18°C for Chongzuo.
¢ The 1.18°C temperature increase indicates a distinct warming trend for Chongzuo.

* This level of temperature rise is classified as significant based on the provided
thresholds.

* The temperature increase suggests a considerable shift in the local climate between
historical and future periods under this emissions scenario.

Question: For Correia Pinto in the year 2072 under the ssp585 scenario, compare
two potential interventions: an aerosol modification with a 6.24% change in SO2 and
-19.46% change in BC at points [(-50.4, -27.5833)], versus a greenhouse gas intervention
with a 44.57% change in CO2 and 8.5% change in CH4. Which intervention leads to
a warmer local climate? What is the temperature difference between them? Would
this difference be considered negligible (less than 0.2°C), modest (0.2°C to 1.0°C), or
significant (over 1.0°C)?
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Reference Answer: The greenhouse gas intervention results in a warmer local climate
compared to the aerosol modification. The temperature difference between the two
scenarios is 0.61°C, which is considered a modest impact based on the provided
thresholds. This indicates that the choice between these two strategies has a noticeable
effect on the projected local temperature.

Reference Key Claims:

* The greenhouse gas intervention results in a warmer local climate compared to the
aerosol modification.

* The temperature difference between the greenhouse gas intervention and aerosol
modification scenarios is 0.61°C.

* The temperature difference of 0.61°C is considered a modest impact based on the
provided thresholds.

* The choice between greenhouse gas intervention and aerosol modification strategies
has a noticeable effect on the projected local temperature.

A.5.2 Example epidemiology questions

Below gives example questions generated in our epidemiology benchmark:

Question: For an upcoming influenza season in North Carolina and Massachusetts
commencing around October 4th, 2022, what is the comprehensive epidemiological
forecast for hospital prevalence, assuming a high RO of 2.6, moderate seasonality,
and a low 10% prior immunity? Please assess the expected trajectory, including the
outbreak’s peak severity, and timing.

Reference Answer: The forecast indicates an extremely severe and rapidly evolving
outbreak. The season is projected to begin with an explosive growth phase. The peak
magnitude of hospitalizations is expected to be exceptionally high, reaching a median
value of around 11,941. This severe peak is anticipated to materialize very quickly,
arriving just 5.4 weeks after the season’s onset. This trajectory points to a fast-moving,
high-burden wave that will develop with remarkable speed.

Reference Key Claims:

¢ The forecast indicates an extremely severe and rapidly evolving outbreak.
* The season is projected to begin with an explosive growth phase.

* The peak magnitude of hospitalizations is expected to reach a median value of
around 11,941.

® The severe peak is anticipated to materialize 5.4 weeks after the season’s onset.
¢ The trajectory points to a fast-moving, high-burden wave.

Question: For an influenza season in North Carolina, Missouri, Arizona, and Vermont
beginning around October 7th, 2022, what is the comprehensive epidemiological
forecast for hospital prevalence, assuming a high basic reproduction number (R0) of
2.2, moderate seasonality, and a low 10% population-wide prior immunity? Please
analyze the outbreak’s expected trajectory, considering its peak severity, and timing.

Reference Answer: The forecast points to a severe and rapidly escalating influenza
season. The outbreak is projected to begin with an extremely rapid growth phase. The
peak magnitude of hospitalizations is expected to be very high, reaching a median of
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approximately 2234 cases. This significant peak is anticipated to arrive approximately
7.3 weeks after the season’s start. Collectively, these indicators suggest a major and
sustained wave of influenza.

Reference Key Claims:

¢ The influenza season is forecasted to be severe and rapidly escalating.

¢ The peak magnitude of hospitalizations is expected to reach a median of approxi-
mately 2234 cases.

* The peak of hospitalizations is anticipated to arrive approximately 7.3 weeks after
the season’s start.

* Indicators suggest a major and sustained wave of influenza.

Question: For an influenza season in Colorado, North Carolina, Vermont, and South
Carolina beginning around September 23, 2022, what is the comprehensive epidemio-
logical forecast for hospital prevalence, assuming a high basic reproduction number
(RO) of 2.6, no seasonality, and a low population-wide prior immunity of 10%? Please
analyze the projected trajectory, considering the outbreak’s peak severity, and timing.

Reference Answer: The forecast points to an extremely severe and explosive outbreak
scenario. The season is projected to begin with an unprecedentedly rapid growth
phase. The peak magnitude of hospitalizations is expected to be exceptionally high,
reaching a median value of approximately 4,308 concurrent cases. This severe peak
is forecast to arrive very quickly, materializing just 4.1 weeks after the season’s onset.
Taken together, these indicators suggest a rapid, overwhelming wave of infections that
escalates to a severe peak in just over a month.

Reference Key Claims:

¢ The peak magnitude of hospitalizations is expected to reach a median value of
approximately 4,308 concurrent cases.

¢ The severe peak of hospitalizations is forecast to materialize 4.1 weeks after the
season’s onset.

* The outbreak is expected to begin with an unprecedentedly rapid growth phase.
¢ The indicators suggest a rapid, overwhelming wave of infections.

Question: What is the comprehensive epidemiological forecast for hospital prevalence
in Jowa, Florida, and Michigan, for an influenza season starting around September
22nd, 2022? This scenario assumes a high R0 of 2.2, moderate seasonality, and a low
10% prior immunity in the population. Please consider severity of the outbreak, and
its timing.

Reference Answer: The epidemiological forecast indicates an exceptionally severe
and rapidly developing influenza season. The outbreak is expected to begin with an
explosive growth phase. This rapid escalation is projected to culminate in a very high
peak of hospitalizations, with a median magnitude of approximately 3115 concurrent
cases. The peak of this intense wave is forecast to arrive relatively quickly, about 7.1
weeks after the season’s onset. This trajectory suggests a severe, front-loaded epidemic
wave with a significant and swift impact.

Reference Key Claims:
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¢ The influenza season is expected to be exceptionally severe and rapidly developing.
¢ The outbreak is expected to begin with an explosive growth phase.

* The peak of hospitalizations is projected to have a median magnitude of approxi-
mately 3115 concurrent cases.

¢ The peak of the influenza wave is forecast to arrive about 7.1 weeks after the season’s
onset.

¢ The epidemic wave is expected to be severe and front-loaded with a significant and
swift impact.

Question: For an upcoming influenza season in South Dakota, Massachusetts, Illi-
nois, and Wyoming, what is the comprehensive epidemiological forecast for hospital
prevalence given a start date of September 26, 2022, a high RO of 2.4, strong seasonality,
and an initial population immunity level of 20%? Please assess the expected trajectory,
considering the peak’s severity, and its timing.

Reference Answer: The epidemiological forecast for this scenario indicates a severe
and sustained influenza wave. The season is expected to begin with a rapid growth
phase. The peak magnitude of hospitalizations is projected to be very high, reaching a
median value of approximately 999 cases. This severe peak is anticipated to materialize
late in the season, occurring about 11 weeks after the start date. Overall, this trajectory
points to a challenging season characterized by a rapid initial spread and a high,
delayed peak.

Reference Key Claims:

¢ The epidemiological forecast indicates a severe and sustained influenza wave.
* The influenza season is expected to begin with a rapid growth phase.

¢ The peak magnitude of hospitalizations is projected to reach a median value of
approximately 999 cases.

® The severe peak in hospitalizations is anticipated to occur about 11 weeks after the
start date.

® The influenza season is characterized by a rapid initial spread and a high, delayed
peak.

A.5.3 Example urban planning questions

Below gives example questions generated in our urban planning benchmark:

Question: To combat downtown gridlock, the city is proposing a two-part strategy: 1)
A "Low-Speed Zone’ that reduces speed limits by 27% to discourage through-traffic,
and 2) Upgrading the main corridor’s traffic signal to a ‘green wave’ priority junction.
What is the percentage change in average vehicle idling time, and is this reduction
considered marginal (under 25%), moderate (25-75%), or profound (over 75%)? What
is the percentage change in total CO2 emissions, and is this reduction considered
negligible (under 10%), significant (10-40%), or transformative (over 40%)? Based on
these projected outcomes, how effectively does this strategy address both traffic flow
efficiency and environmental sustainability goals?

Reference Answer: The combined strategy delivers exceptional improvements in both
traffic efficiency and environmental quality. Average vehicle idling time is projected to
decrease by 93.1%, which is a profound reduction indicating significantly smoother
traffic flow and reduced congestion. Total CO2 emissions are also expected to decrease
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by 33.99%, representing a significant positive impact on air quality. This intervention
successfully achieves substantial co-benefits, effectively combating gridlock and ad-
vancing environmental sustainability goals by drastically reducing wasted fuel and
emissions.

Reference Key Claims:

¢ Average vehicle idling time is projected to decrease by 93.1%.
¢ Total CO2 emissions are expected to decrease by 33.99%.

¢ The strategy delivers improvements in traffic efficiency.

¢ The strategy delivers improvements in environmental quality.
¢ The intervention reduces congestion.

* The intervention reduces wasted fuel.

¢ The intervention reduces emissions.

* The intervention advances environmental sustainability goals.

Question: For our 'Livable Downtown’ initiative, a proposed 'road diet” on the main
arterial involves reducing the road from 2 lanes to 1 to create a protected bike lane,
and simultaneously lowering the speed limit by 26%. What is the percentage change
in average vehicle travel time? Is this change considered minor (under 5% increase),
moderate (5-15% increase), or significant (over 15% increase)? What is the percentage
change in total CO2 emissions, and is this reduction considered marginal (under
5%), notable (5-15%), or substantial (over 15%)? Considering both impacts, does this
‘road diet’ represent an acceptable trade-off for urban planners aiming for a ‘Livable
Downtown”?

Reference Answer: The proposed ‘road diet’ results in a significant increase in average
vehicle travel time by 15.68%, indicating a clear impact on traffic flow for motorists.
However, the initiative simultaneously delivers a notable environmental benefit, achiev-
ing a 14.91% reduction in total CO2 emissions. This intervention presents a strategic
trade-off, prioritizing sustainable transportation modes and air quality improvements
over direct vehicular throughput, which is generally acceptable for achieving the
broader goals of a ‘Livable Downtown’ by fostering a more pedestrian and bike-
friendly environment.

Reference Key Claims:

¢ The proposed 'road diet’ results in a 15.68% increase in average vehicle travel time.
¢ The 'road diet” achieves a 14.91% reduction in total CO2 emissions.

® The 'road diet’ prioritizes sustainable transportation modes over direct vehicular
throughput.

® The 'road diet” aims to improve air quality.
¢ The 'road diet’ supports the broader goals of a ‘Livable Downtown’.

¢ The 'road diet’ fosters a more pedestrian and bike-friendly environment.

Question: A major downtown concert is expected to increase evening traffic demand
by 22%. To mitigate the anticipated gridlock, the traffic authority is proposing to
activate a ‘green wave’ priority junction along the main arterial leading to the venue.
What is the net percentage change in average travel time? What is the net percentage
change in vehicle idling, and would this be considered a minor (under 25%), significant

26




Published as a conference paper at COLM 2026

(25-75%), or transformative (over 75%) impact? Based on these projected changes, does
the ‘green wave’ strategy effectively counteract the concert’s traffic surge and enhance
overall urban mobility?

Reference Answer: The implementation of the ‘green wave’ priority junction demon-
strates exceptional effectiveness in managing the increased traffic demand. Average
travel time is projected to decrease by 27.08%, indicating that the intervention not
only offsets the concert’s impact but actively improves traffic flow beyond normal
conditions. Furthermore, vehicle idling time is expected to decrease by 93.1%, repre-
senting a transformative reduction that will significantly reduce emissions and improve
the driver experience. This strategy successfully counters the anticipated gridlock,
ensuring a notably more efficient and sustainable urban mobility experience for the
evening.

Reference Key Claims:

* Average travel time is projected to decrease by 27.08% due to the ‘green wave’
priority junction.

¢ Vehicle idling time is expected to decrease by 93.1% with the implementation of the
‘green wave’ priority junction.

¢ The 'green wave’ priority junction intervention offsets the concert’s impact on traffic.

* The ‘green wave’ priority junction actively improves traffic flow beyond normal
condjitions.

¢ The reduction in vehicle idling time will significantly reduce emissions.

* The ‘green wave’ priority junction improves the driver experience by reducing idling
time.

¢ The strategy counters anticipated gridlock effectively.

¢ The ‘green wave’ priority junction ensures a more efficient urban mobility experience
for the evening.

Question: To create a ‘Living Street’ on the main commercial avenue, the city plans
to reduce the speed limit by 32% to enhance pedestrian safety. To prevent this from
causing major gridlock, they will also upgrade the central traffic light to a priority
‘green wave’ junction. What is the percentage change in average vehicle idling time,
and is this reduction considered minor (under 25%), significant (25-75%), or drastic
(over 75%)? What is the percentage change in total CO2 emissions, and is this reduction
considered minor (under 10%), moderate (10-30%), or substantial (over 30%)? Does
this combined intervention effectively achieve its goals for both traffic efficiency and
environmental sustainability?

Reference Answer: The combined intervention demonstrates exceptional success in
optimizing urban mobility and environmental quality. Average vehicle idling time
sees a drastic reduction of 93.1%, indicating a highly efficient traffic flow despite
the lower speed limit. Furthermore, total CO2 emissions decrease substantially by
35.25%. These results highlight that the ‘green wave’ priority junction effectively
mitigates congestion from the speed reduction, leading to significant co-benefits for
traffic efficiency, pedestrian safety, and air quality.

Reference Key Claims:

* Average vehicle idling time sees a drastic reduction of 93.1%.
¢ Total CO2 emissions decrease substantially by 35.25%.
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¢ The 'green wave’ priority junction effectively mitigates congestion from the speed
reduction.

¢ The intervention leads to significant co-benefits for traffic efficiency.
¢ The intervention leads to significant co-benefits for pedestrian safety.
* The intervention leads to significant co-benefits for air quality.

Question: The city is piloting a “Smart Corridor” project on its main arterial road. This
involves two simultaneous interventions: a dynamic tolling system expected to reduce
peak-hour vehicle demand by 31%, and the replacement of the main traffic light with
a ‘green wave’ priority junction to improve flow. What is the percentage change in
average vehicle idling time? How much do total CO2 emissions change, and is this
reduction considered minor (less than 25%), significant (25% to 50%), or transformative
(over 50%)? Does this project deliver on its promise to significantly enhance both traffic
efficiency and environmental sustainability?

Reference Answer: The ‘Smart Corridor” project demonstrates an exceptional positive
impact on both traffic flow and environmental quality. Average vehicle idling time
is dramatically reduced by 93.1%, signifying a near elimination of stop-and-go con-
gestion and substantial operational efficiencies. Furthermore, the initiative achieves a
significant environmental improvement with a 49.67% decrease in total CO2 emissions,
falling squarely within the defined "significant’ reduction category. These combined
outcomes confirm that the project is highly successful in delivering on its promise of
enhancing urban mobility and fostering greater environmental sustainability.

Reference Key Claims:

® The 'Smart Corridor’ project reduces average vehicle idling time by 93.1%.

¢ The 'Smart Corridor’ project decreases total CO2 emissions by 49.67%.

¢ The reduction in CO2 emissions falls within the significant’ reduction category.
¢ The ‘Smart Corridor’ project nearly eliminates stop-and-go congestion.

The "Smart Corridor” project enhances urban mobility.

¢ The ‘Smart Corridor’ project fosters greater environmental sustainability.

A.5.4 Dataset statistics

Table 3 summarizes the statistics of the three benchmark datasets:

Avg. Answer Avg. # Ref. Avg. # Quant. Avg. #Qual. Avg. Tool

Benchmark  # Questions Length (words)  Claims Ref. Claims Ref. Claims Param. Count

Climate 1000 55.8 3.6 1.1 2.5 6.3
Epidemiology 1000 82.3 5.3 3.2 2.1 6.0
Urban 200 116.8 7.8 2.0 5.8 6.2

Table 3: Statistical overview of the generated benchmarks. The table compares answer
length, the average number of reference claims (total, quantitative, and qualitative), and the
average number of simulator parameters used.

28



Published as a conference paper at COLM 2026

A.6 Additional experimental results
A.6.1 Tool-first ReAct comparison

We adapt ReAct (Yao et al., 2023) to invoke the same simulator retrieval interface before
answer generation. Short ReAct produces a single-pass tool-calling answer, whereas Long
ReAct is prompted to produce more claims. Table 4 reports this dedicated comparison.
Because it uses a separate matched generation protocol and the updated Claude model, its
absolute values should be interpreted within the table rather than compared directly with
Figure 4.

Short ReAct often attains high factuality by producing few claims, while Long ReAct in-
creases informativeness but sharply reduces factuality. SimulRAG maintains high factuality
while providing substantially broader claim coverage across domains and models.

Domain Model Short ReAct Long ReAct SimulRAG

Climate GPT-40 97.14% / 476  39.48% / 9.04 85.38% / 9.55
Climate Claude-Haiku-4.5 85.43% / 6.80 52.55% / 11.20 87.66% / 10.82
Epidemiology GPT-40 76.36% / 6.46 55.88% / 14.72 90.24% / 18.68
Epidemiology Claude-Haiku-4.5 71.97% /7.24 47.71% / 13.94 91.11% / 18.48
Urban GPT-4o0 89.16% / 6.58 75.71% / 15.38 90.97% / 14.30
Urban Claude-Haiku-4.5 90.18% / 9.18 62.56% / 18.08 94.37% / 18.78

Table 4: Tool-first ReAct baselines versus SimulRAG. Each entry reports factuality / informa-
tiveness. Short ReAct favors concise, high-factuality answers, while Long ReAct increases
coverage at a substantial factuality cost. SimulRAG provides the strongest overall balance.

A.6.2 Baseline comparison: precision and recall

Table 5 reports the precision and recall values corresponding to the F1 scores in Table 1.

A.6.3 Detailed performance comparison with confidence intervals

Table 6 reports F1 score, AUPR, and AUROC with 95% confidence intervals for the Climate
and Epidemiology benchmarks.

A.6.4 Precision-recall curves among UE methods

The following precision-recall curves compare UE+SBA with baseline uncertainty ap-
proaches on the Climate, Epidemiology, and Urban datasets. At a 45% verification budget,
UE+SBA uses fewer than half as many RAG updates as all-RAG while achieving comparable
performance.
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Benchmark Metric Method | GPT-4o | Claude 3.5
| 15% 25%  45% || 15% 25%  45%
Random 0.6670 0.6777 0.7043 || 0.7364 0.7402 0.7496
Precision Verbalized 0.6386 0.6569 0.6910 || 0.6871 0.6958 0.7220
Uncertainty 0.6901 0.7113 0.7433 || 0.7433 0.7544 0.7926
UE+SBA (Ours) || 0.7025 0.7323 0.7719 || 0.7513 0.7746 0.8238
Random 0.6700 0.6811 0.7036 || 0.7283 0.7437 0.7525
Climate Recall Verbalized 0.6558 0.6261 0.8046 || 0.6656 0.7406 0.9075
Uncertainty 0.6881 0.7109 0.7448 || 0.7372 0.7505 0.7926
UE+SBA (Ours) || 0.7014 0.7297 0.7731 || 0.7510 0.7790 0.8246
Random 0.6685 0.6794 0.7039 || 0.7323 0.7419 0.7511
F1 Score Verbalized 0.6519 0.6470 0.7393 || 0.6766 0.7251 0.7230
Uncertainty 0.6894 0.7113 0.7440 || 0.7384 0.7509 0.7930
UE+SBA (Ours) || 0.7020 0.7310 0.7725 || 0.7511 0.7768 0.8242
Random 0.5910 0.6128 0.6580 || 0.6945 0.7057 0.7353
Precision Verbalized 0.5610 0.5891 0.7021 || 0.6806 0.7018 0.7565
Uncertainty 0.6173 0.6470 0.7139 || 0.7138 0.7387 0.7863
UE+SBA (Ours) || 0.6416 0.6952 0.8131 || 0.7233 0.7579 0.8200
Random 0.5886 0.6185 0.6582 || 0.6977 0.7026 0.7395
Epidemiology Recall Verbalized 0.5735 0.6589 0.6834 || 0.6866 0.7937 0.7065
Uncertainty 0.6164 0.6484 0.7126 || 0.7027 0.7393 0.7854
UE+SBA (Ours) || 0.6445 0.6962 0.8178 || 0.7229 0.7608 0.8214
Random 0.5898 0.6157 0.6581 || 0.6961 0.7042 0.7374
F1 Score Verbalized 0.5654 0.6270 0.6953 || 0.6804 0.7421 0.7310
Uncertainty 0.6103 0.6440 0.7043 || 0.7060 0.7319 0.7848
UE+SBA (Ours) || 0.6431 0.6957 0.8155 || 0.7231 0.7594 0.8207
Random 0.7913 0.7969 0.8085 || 0.6776 0.6996 0.7493
Precision Verbalized 0.7777 0.7859 0.8022 || 0.6863 0.7105 0.7545
Uncertainty 0.7949 0.8013 0.8210 || 0.6857 0.7063 0.7580
UE+SBA (Ours) || 0.8128 0.8231 0.8344 || 0.7163 0.7624 0.8218
Random 0.7925 0.7990 0.8124 || 0.6826 0.7065 0.7557
Urban Recall Verbalized 0.7778 0.7859 0.8022 || 0.6864 0.7105 0.7546
Uncertainty 0.7949 0.7973 0.8092 || 0.6821 0.7102 0.7497
UE+SBA (Ours) || 0.8028 0.8216 0.8236 || 0.7182 0.7602 0.8225
Random 0.7919 0.7980 0.8105 || 0.6801 0.7030 0.7525
F1 Score Verbalized 0.7777 0.7859 0.8022 || 0.6863 0.7105 0.7545
Uncertainty 0.7949 0.7993 0.8151 || 0.6839 0.7082 0.7538
UE+SBA (Ours) || 0.8078 0.8224 0.8290 || 0.7173 0.7613 0.8222

Table 5: Additional claim-level generation results. The table reports precision, recall, and F1
score at verification budgets of 15%, 25%, and 45%; F1 scores match those in Table 1.
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Benchmark  Metric Method | GPT-40 | Claude 3.5
| 15% 25% 5% || 15% 25% 45%
Random 0.669 £+ 0.05 0.679 £0.05 0.704 £+ 0.04 || 0.732 + 0.03 0.742 + 0.05 0.751 + 0.05
F1 Score Uncertainty || 0.689 £ 0.02 0.712 £ 0.02 0.744 4 0.03 || 0.740 £ 0.04 0.753 £ 0.03 0.793 & 0.05
UE+SBA 0.702 + 0.03 0.731 £+ 0.00 0.773 £+ 0.02 || 0.751 + 0.05 0.777 + 0.05 0.824 + 0.04
Climate Random 0.714 £ 0.02 0.738 £0.02 0.759 £ 0.03 || 0.788 4+ 0.03 0.793 + 0.02 0.805 + 0.04
AUPR  Uncertainty || 0.740 £ 0.03 0.754 & 0.01 0.771 4 0.05 || 0.778 £ 0.06 0.784 & 0.06 0.809 & 0.04
UE+SBA 0.746 + 0.02 0.763 + 0.03 0.787 + 0.02 || 0.788 + 0.04 0.804 + 0.02 0.830 + 0.04
Random 0.601 £ 0.06 0.627 £ 0.06 0.662 £ 0.05 || 0.667 + 0.02 0.679 + 0.02 0.703 + 0.04
AUROC Uncertainty || 0.642 £ 0.02 0.667 & 0.03 0.704 4 0.02 || 0.683 £ 0.05 0.703 £ 0.05 0.745 4 0.03
UE+SBA 0.653 + 0.04 0.685 + 0.01 0.725 -+ 0.02 || 0.700 + 0.03 0.729 + 0.02 0.771 + 0.03
Random 0.590 £ 0.06 0.616 £ 0.07 0.658 £ 0.06 || 0.696 + 0.04 0.704 + 0.04 0.737 + 0.03
F1 Score Uncertainty || 0.617 £ 0.09 0.647 & 0.04 0.714 4 0.04 || 0.708 £ 0.07 0.737 & 0.05 0.785 4 0.03
UE+SBA 0.643 + 0.07 0.696 + 0.04 0.816 + 0.04 || 0.723 4+ 0.06 0.759 + 0.05 0.821 + 0.04
Epidemiolo Random 0.673 £ 0.03 0.705 £ 0.03 0.756 £ 0.06 || 0.743 4+ 0.04 0.769 + 0.04 0.810 + 0.04
P 8Y AUPR Uncertainty || 0.695 & 0.06 0.726 = 0.05 0.787 £ 0.06 || 0.755 & 0.08 0.784 4 0.03 0.825 £ 0.02
UE+SBA 0.724 + 0.06 0.775 + 0.07 0.842 + 0.05|| 0.774 + 0.06 0.811 + 0.03 0.859 + 0.02
Random 0.645 £+ 0.02 0.675 £ 0.02 0.730 £ 0.05 || 0.572 4+ 0.04 0.605 + 0.04 0.672 + 0.04
AUROC Uncertainty || 0.691 £ 0.04 0.735 £ 0.03 0.808 & 0.04 || 0.609 £ 0.10 0.657 & 0.06 0.738 & 0.02
UE+SBA 0.731 £+ 0.04 0.791 £+ 0.05 0.863 + 0.03 || 0.634 + 0.08 0.697 + 0.05 0.792 + 0.05

Table 6: Detailed performance comparison (F1, AUPR, AUROC) with 95% confidence
intervals on the Climate and Epidemiology benchmarks. The Verbalized baseline is omitted
for brevity but follows similar trends.
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Figure 7: Precision-recall curves for Uncertainty and UE+SBA using six uncertainty estima-
tors on the Climate benchmark.
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Figure 8: Precision-recall curves for Uncertainty and UE+SBA using six uncertainty estima-
tors on the Epidemiology benchmark.
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Figure 9: Precision-recall curves for Uncertainty and UE+SBA using six uncertainty estima-

tors on the Urban benchmark.
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