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Figure S1. Initial human-generated prompt for the task of evaluating Q&A pairs. This prompt outlines 
instructions for assessing dataset accuracy, precision, hallucination rate, and hallucination capture rate. It 
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also defines criteria for classifying Q&A pairs into True Positive (TP), False Positive (FP), True Negative 
(TN), and False Negative (FN) categories, with instructions for output evaluation formatting. 

 

Figure S2. DSPy template for Retrieval-Augmented Generation (RAG). The template utilizes DSPy to 
generate a list of search queries based on the questions from the Q&A dataset. These queries are 
subsequently passed to the LLM, which then extracts the most relevant passages from the provided context. 

 

 

Figure S3. Template for DSPy-based judge agent. This template utilizes DSPy to define an LLM-based 
Judge Agent, explicitly tasked with verifying factual correctness by evaluating the provided context 
alongside the corresponding Q&A pair. 
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Figure S4. Template for DSPy-based FactExtract agent. The template utilizes DSPy to define an LLM-
based extraction agent designed to systematically identify, extract, and organize key facts, data points, and 
critical information relevant to the main topic of a research paper. 

  

Figure S5. Prompts for LLM retrieval and evaluation agents. (a) Prompt guiding an LLM retriever to 
extract precise and direct quotes that is at least ten lines from the provided context. (b) Prompt instructing 
an LLM evaluation agent to classify Q&A pairs based on clearly defined criteria (TP, FP, TN, FN) based 
on the provided context. 
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Figure S6. Prompt for LLM-based judge agent. The prompt instructs the LLM to independently reassess 
previously labeled Q&A pairs based on clearly defined criteria (TP, FP, TN, FN). The agent determines 
whether to maintain or revise the original label by explicitly comparing its evaluation to the initial 
assessment. 
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Figure S7. Comparison of different LLMs in a single-hop Q&A task evaluated at iteration 2. The 
legend indicates the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across 
different models (GPT 4o, Gemini, Claude, GPT o1) and final weighted evaluation. Error bars represent 
the standard deviation across 3 evaluation runs. The prompt below details the instructions given to each 
LLM during the evaluation. 
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Figure S8. Comparison of different LLMs in a Q&A task evaluated at iteration 3. The legend indicates 
the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across different models 
(GPT 4o, Gemini, Claude, GPT o1) and final weighted evaluation. Error bars represent the standard 
deviation across 3 evaluation runs. The prompt below details the instructions given to each LLM during the 
evaluation. 
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Figure S9. Comparison of different LLMs in a single-hop Q&A task evaluated at iteration 4. The 
legend indicates the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across 
different models (GPT 4o, Gemini, Claude, GPT o1) and final weighted evaluation. Error bars represent 
the standard deviation across 3 evaluation runs. The prompt below details the instructions given to each 
LLM during the evaluation. 
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Figure S10. Comparison of different LLMs in a Q&A task evaluated at iteration 4. The legend 
indicates the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across different 
models (GPT 4o, Gemini, Claude, GPT o1) and final weighted evaluation. Error bars represent the standard 
deviation across 3 evaluation runs. The prompt below details the instructions given to each LLM during the 
evaluation, and an additional "checker" instruction prompt designed to guide the LLMs in verifying and 
double-checking their evaluation outputs within the same iteration (Iteration 4*). 
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Figure S11. Comparison of different LLMs in a Q&A task evaluated at iteration 5. The legend 
indicates the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across different 
models (GPT 4o, Gemini, Claude, GPT o1) and final weighted evaluation. Error bars represent the standard 
deviation across 3 evaluation runs. The prompt below details the instructions given to each LLM during the 
evaluation. 
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Figure S12. Comparison of different LLMs in a Q&A task evaluated at iteration 7. The legend 
indicates the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across different 
models (GPT 4o, Gemini, Claude, GPT o1, Deepseek, Grok) and final weighted evaluation. Error bars 
represent the standard deviation across 3 evaluation runs. The prompt below details the instructions given 
to each LLM during the evaluation. 
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Figure S13. Comparison of different LLMs in a Q&A task evaluated at iteration 7. The legend 
indicates the counts for TP, FP, TN, FN, as well as ground truth values for these categories, across different 
models (GPT 4o, Gemini, Claude, GPT o1, Deepseek, Grok) and final weighted evaluation. Error bars 
represent the standard deviation across 3 evaluation runs. The prompt below details the instructions given 
to each LLM during the evaluation. 
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Figure S14. Template for prompt revision showing highlighted placeholders for creating improved 
prompts based on error analysis from LLM responses. This template was used to send revision 
instructions to Claude GUI, enabling the iterative refinement process documented in iterations 5 through 7, 
as illustrated in figures S11-S13. 
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Figure S15. Updated prompt used in RetChemQA to generate multi-hop Q&A pairs.  
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Figure S16. The best-performing prompt for the single-hop Q&A evaluation task. This corresponds to 
the prompt used in iteration 9 as shown in Figure 3(b). The final evaluation of 252 DOIs using this prompt 
is shown in Figure 4(b). The remainder of the prompt is shown in the subsequent figure on the next page. 
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Figure S16. Continuation of the best-performing prompt shown for the single-hop Q&A evaluation 
task. 
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Figure S17. Algorithm detailing the generation of the "user" portion of the prompt. This procedure 
integrates the entire textual context extracted from documents associated with each DOI, alongside all 
corresponding question-answer pairs or synthesis conditions obtained from associated JSON datasets. The 
resulting structured prompt is subsequently used as input for LLM evaluation. 
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Figure S18. Algorithm detailing the procedure used for calling various LLM APIs to perform 
evaluations of generated question-answer pairs or synthesis conditions. The algorithm systematically 
submits structured prompts (including contexts and associated datasets) to each LLM, processes their 
responses, and compiles results into Excel sheet for subsequent analysis and comparison across models. 
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Figure S19. Algorithm illustrating the automated optimization process for refining the "system 
instruction" (classification prompt) component shown in Figure 3(a). This algorithm employs iterative 
API calls specifically to Claude, leveraging evaluation results from previous trials to iteratively enhance 
prompt performance. The optimization involves systematically adjusting instructions based on cumulative 
accuracy metrics, mismatch analyses against ground truth data, and output from previous LLM evaluations. 
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Figure S20. The function that creates a summary excel sheet containing question-answer pairs with 
evaluations from multiple LLMs. The SUMMARY_DF function processes evaluation sheets from 
different LLMs, merges their assessments using the MERGE_DF helper function, and applies weighted 
voting through the WEIGHTED_MODE function. The resulting excel sheet includes columns for questions, 
answers, question types, individual LLM evaluations and their explanations, ground truth classifications, 
and weighted consensus evaluations. 
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Figure S21. Breakdown of agent versus human evaluation mismatches averaged across three trials 
for multi-hop Q&A pairs. Total average mismatches: 45 out of 523 Q&A pairs.  

 

 

Tie-breaker Model Accuracy (%) TP Catch Rate (%) Non-TP Catch Rate (%) 

GPT-4o 93.41 98.83 34.21 

Gemini 93.61 99.47 30.26 

Claude 94.16 99.06 38.30 

GPT-o1 94.03 99.24 35.53 

 
Table S1. Single-Hop Q&A Tie-Breaker Performance.  

 

Tie-breaker Model Accuracy (%) TP Catch Rate (%) Non-TP Catch Rate (%) 

GPT-4o 98.31 99.41 38.10 

Gemini 98.31 99.60 30.16 

Claude 98.25 99.60 28.57 

GPT-o1 98.38 99.47 38.10 

 
Table S2. Multi-Hop Q&A Tie-Breaker Performance. 
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Tie-breaker Model Accuracy (%) TP Catch Rate (%) Non-TP Catch Rate (%) 

GPT-4o 95.86 99.12 36.16 

Gemini 95.96 99.54 30.21 

Claude 96.21 99.33 33.44 

GPT-o1 96.21 99.36 36.82 

 
Table S3. Average Tie-Breaker Performance across both single-hop and multi-hop for each model. 

 

Iteration Changes Made Observations Notes 

1 Tested on one paper (nchem.834) with 11 
TP and 9 TN Q&A pairs. 

Final evaluation classified all questions 
as TPs entirely missing the non-TP 

Q&A pairs. 

Only GPT-o1 was able to 
correctly classify some of 

the Q&A pairs as TNs. 

2 
Made prompt better by asking LLMs to be 

careful with vague answers and those 
containing superlatives like always/best. 

Final evaluation saw an increase in 
TNs, however a small number of FPs 
and FNs also remained alongside TPs. 

Gemini still only 
generated TPs, while the 
other models showed an 

improvement. 

3 
Modified the prompt to include an 

example instructing the LLMs to not rely 
on general domain knowledge. 

The distribution of TP, FP, TN, and FN 
in the final evaluation remained largely 

unchanged. 

LLMs continued to rely 
on general knowledge 
when classifying Q&A 

pairs. 

4 
Instructed the LLMs to avoid labeling 

speculative questions as FP and 
emphasized contextual grounding. 

The LLMs continued to 
classify those Q&A pairs 

as FPs. 

4* 
Used the same prompt as Iteration 4 but 
introduced a secondary ‘checker’ prompt 

to reassess and validate the outputs. 

The secondary ‘checker’ 
provided no benefit. 

5 

Used Claude 3.5 Sonnet to optimize the 
prompt using a template addressing 

frequent misclassifications with 
corrections. (Figure 3a) 

Final evaluation saw a big 
improvement reaching close to our 
target human evaluated benchmark. 

Claude is excellent at 
prompt optimization. 

6 & 7 
Introduced stricter context constraints, 

clearer classification rules, and a refined 
template. 

Final evaluation saw a marginal 
improvement in performance. 

The more detailed the 
prompt is, the better the 

LLMs perform. 

 

Table S4. Summary of Iterative Prompt Refinement and Evaluation Results. 
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Dataset TP FP TN FN 

ALL 4861 141 20 121 

OPT 141 7 10 0 

 
Table S5. Distribution of Q&A classification types in the optimization (OPT, 7 DOIs) and final 252 

DOIs (ALL) test sets. 

 

Summary of Classification labels 

Each question–answer (Q&A) pair is first checked to determine whether it was generated from the 
context provided in the prompt:  

True Positive (TP): The question is based on the given context, and the answer is correct. 

False Positive (FP): The question is based on the given context, but the answer is incorrect or incomplete. 

True Negative (TN): The question is not based on the given context, and the model correctly identifies 
this (e.g., states that the answer cannot be found in the context). 

False Negative (FN): The question is not based on the given context, and the model provides an incorrect 
answer. 

 

Model versions and parameters 

The API versions are: claude_model = ‘claude-3-5-sonnet-20240620’, gemini_model = ‘gemini-1.5-pro-
001’, openai_4o_model = “gpt-4o-2024-08-06”, openai_o1_model = “o1-preview-2024-09-12” 

The temperature is set to 1. Please note that the random seed values for these hosted APIs (OpenAI, 
Anthropic, and Google) are not user accessible. Model sampling is handled internally, and reproducibility 
is tested by fixing the API version, temperature, and prompt.  

 


