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Untreated nanocomposite 0.37+0.1 | 1.1+0.1

Microcomposite 0.35+0.1  1.1+0.1
Vinylsilane-treated nanocomposite | 0.41+0.1 [1.12+0.1
Aminosilane-treated nanocomposite | 2.4+0.1 |1.12+0.1

HMDS-treated nanocomposite 20+0.1 |1.14+01

Intuitive reasoning

The claim is supported by the table information. The average
ratio of trap depth for the C5 peak to the C4 peak across all
treated nanocomposites is approximately 1.1.

Label  Support

GPT Chain-of-Thought

... The ratio of C5 to C4 trap depth for each treated
nanocomposite is around 0.37 to 2.4/ 1.1 to 1.14, so the claim
that the ratio is approximately 1.1 is supported by the data...

Label Support @

Table Caption
Trap depths in all composites calculated using initial rise method from the TSC spectra
Claim

The average ratio of trap depth for the C5 peak to the C4 peak across all treated
nanocomposites is approximately 1.1, indicating a consistent trend of higher trap depth for the

C5 peak relative to the C4 peak.
Ground Truth Label The correct ratio is 1.42

Refute

Our Method: Atomic Reasoning for Table-Based Scientific Claim Verification

: Claim Understanding
The claim is evaluating the average ratio of trap depths between the C5 peak and the C4 peak ...

: Reasoning
@ Structure Analysis

o )
@u Planning
Extract the trap depth values ... ... locate the row of "Vinylsilane-
treated nanocomposite" ...

Calculate the average of ...

‘E.Z%) Numerical Analysis
... to find the average:
4.263/3=1.421 ...

: Reflection and Conclusion
The average of these ratios is approximately 1.421, which is higher than the claimed average
ratio of 1.1. Therefore, ... approximately 1.1 is refuted by the table.

Label Refute @
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Benchmark  Domains Training Efficiency

/ Method Samples
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Our SciAtomic

SciTab
ML. Mat. Med. Fin.
Neg. 411 400 160 364 381
_Pos. 457 400 164 318 381
Sum 868 800 324 682 762
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Model Size SciTab SciAtomic ML Material Medical Finance
GPT-40 (Intuitive) 7b 0.4951 0.7513 0.6451 0.6246 0.5814
GPT-40 (CoT) 7b 0.5507 0.9025 0.8580 0.8152 0.8570
TAPEX 4b 0.4060 0.5975 0.5264 0.5617 0.5197
" TableLLaMa 70 0.5749°  0.6263 05337  0.5710 0.5328
" TableGPT2 =~ 7 70 0.6959  0.6750 05176 05432 0.5249
" TableLLM (Texty 70 04215 04913 04604  0.5000  ~ 0.4856
Phid 3.8b (base) 0.5184 0.5113 0.5185 0.5166 05118
3.8b (ft) 0.5472% 0.7188% 0.6356° 0.5934% 0.6181%
T T T T 324 “3b(base) 05012 ~ T 05038 ~  ~ 0.4815 04956 04843
LLaMA 3.24 “3b (ft) 0.6106* ° 0.6688* ° 0.5740* © 0.5176* °  0.5276*
3.1a “8b (base)  0.4724 0.4925 0.4938 0.5059 0.4829
3.14 “8b (ft) 0.5910* ° 0.6513% ° 0.6296 ©  0.5381* °  0.5643%
o T T o 1.5b (base) 0.5367 05675 04938  0.5308 05210
1.5b (ft) 0.5933% 0.6663% 0.5617% 0.5484% 0.5866°
3b (base) 0.5530 0.5163 0.4722 0.4765 0.5827
3b (ft) 0.5795* ° 0.7000* ° 0.5988% °  0.5308* °  0.6247%
Qwen-2.5 7b (base) 0.4850 0.4975 0.4691 0.4985 0.4948
7b (ft) 0.5956 2 0.7100% ° 0.6821° 0.6202% 0.6562°
14b (base) 0.6578 0.7550 0.6296 0.6085 0.5932
14b (ft) 0.7009 & ° 0.8025% ° 0.7130* ©  0.7067* °  0.7165%
8b (base) 0.5611 0.6663 0.6049 0.5689 0.5958
Deepseek-RI-LLaMA ¢, 0.6129% 0.7150% 0.6512° 0.6276"  0.6430°
I 7b (base) 0.5853 0.6300  0.5895  0.5411  0.6312
7b (ft) 0.5924% 0.8063% 0.7593% ° 0.7331* °  0.8570%
Deepseek-R1-Qwen ) )" pase) 0.6560 0.7500 0.6728 0.6818 0.7205
14b (ft) 0.6613* ° 0.8200* ° 0.7653% " 0.7654% " 0.8045%
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Prompt for Claim Generation

SYS_PROMPT = """ # # # **Task**

You are a helpful assistant to give several claims that could be inferred by the table content. Please follow the steps
below to give your answer:

1. Read the table content carefully and try to understand what information is given in the table.

2. Identify more than five key aspects that you can make claims about trend, maximum, average, in ference, etc.
that are meaningful in the domain. When writing the claim, ensure you incorporate specific knowledge from the field
related to the table. Naturally incorporate the domain knowledge into the calculation.

3. Make the claims complex in mathematical calculation but clear in expression. The data in the table must clearly
support the claim based on physical principles of the domain or experimental facts, not just superficial correlations.

4. In order to verify the claim, commplex calculations like multi-step complex deduction, sum, trend, multiplication
and etc. should be needed.

5. Adjust the claim to be more deterministic, precise, diverse, and complex. Delete vague words like "poorly", "smi-

non non

larly", "substantially", "consistently" and "significantly”. Change vague words to comparative metrics like "perform
worse than", "same", and "increase" and include specific calculated numbers from the table.

6. Write the scientific claim to make it more natural by integrating the domain knowledge into the numerical trend
rather than explicitly stating it. The revision should maintain a formal scientific tone, keep the focus on the numerical
relationship, and avoid directly explaining the underlying mechanism. Convey the scientific conclusion implicitly
through the data variation

7. The claim should involve complex and challenging calculations, requiring a deep understanding of the table as well
as partial knowledge of the domain. Naturally incorporate the domain knowledge into the calculation. It goes beyond
simple cell-to-cell operations or comparisons. Include multi-step implicit mathematical calculation in the claim and
do not explictly write all the steps. The calculation process must include more than five steps, at most eight steps,
and most of the steps need to be include in the implicit calculation. When generating this claim, the intermediate
calculation steps should not be written out, and the specific numerical values from the table should not be mentioned.
Only the final conclusion should be presented.

8. Do not write claims that need to be verified by locating all the cells in the table. Generate claims that require
calculation between several cells in the table. Avoid trivial numerical comparison. Involve complex multi-step implicit
computation for the claim.

9. Check the calculation results to be correct, if it is not correct, calculate it again and ensure the final results shown in
the claim is correct. The claim should include the final numerical computational result. Write concrete determinstric
claim. Avoid speculative sentences like "possibly due to..." or "may..."

# # # **Response Format** Your Response: # # # Understand the Table [thoughts about the table content]

# # # Claim Aspects [more than five aspects of the table content that you can make claims about] [aspect 1], [aspect 2],
[aspect 3], ...

# # # Claims Details [one claim about each aspect, each in a separate bullet point] - [aspect 1]: [claim 1] - [aspect 2]:
[claim 2] ..."""

USER_PROMPT = """ # # # Table <caption> <table>

Your Response: """

Figure 7: Y48 8 325K 2 i AT RO s8R/, A2 OB U 5K

Prompt for Claim Generation

# # # **Example™*

# # # Table Caption Amount of freezable water and non-frozen water in XLPE/silica nanocomposites conditioned at
50°C 100 % th from MDSC measurement (one sample for each material).

Table | material | Freezable water (mg/g) | Non-frozen water (mg/g) | Total water (mg/g) | | XLPE | CellTag 1 0.410.4 |1
Swt% VS11.112.613.71112.5wt % VS |[BOLD] 5.3 [BOLD] 7.7 | [BOLD] 13.01

# # # Original Claim The non-frozen water content also increases with higher silica content, and at a higher rate
compared to freezable water, suggesting that silica’s interaction with water molecules predominantly enhances the
freezable fraction.

Your Response: # # # Thought The original claim states that non-frozen water content increases with higher silica
content, and at a higher rate compared to freezable water. To make the claim not supported by the table, I can alter the
rate comparison, suggesting that non-frozen water increases at a slower rate than freezable water, which contradicts
the data.

# # # Claim The non-frozen water content also increases with higher silica content, but at a slower rate compared
to freezable water, suggesting that silica’s interaction with water molecules predominantly enhances the freezable
fraction.

Figure 8: A i 5 7 B IR 1 14 2> i e 1)
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EXAMPLE = ‘interpret’:’The claim is comparing the performance of two models trained using discriminative meth-
ods: FINETUNEDDISCRIMINATIVE and CSONLYDISCRIMINATIVE, specifically focusing on their performance
on the test set. The claim states that the FINETUNEDDISCRIMINATIVE model is superior to the CSONLY-
DISCRIMINATIVE model in terms of test perplexity (test perp), test accuracy (test acc), and test word-error-rate
(test wer). Here, "perp" refers to perplexity, "acc" to accuracy (measured in percent), and "wer" to word-error-rate. In
general, a lower perplexity and word-error-rate indicate better model performance, while a higher accuracy indicates
better performance.’, plan’:’[Plan 1 Start]Extract the fest perpvalue for the CS-only-discriiodel, and the fest perpvalue
for the Fine-Tuned-discriiodel, and then compare these two values to verify if the fest perpvalue of the Fine-Tuned-
discthodel is lower than the fest perpvalue of the CS-only-discriiodel. [Plan 1 End]

[Plan 2 Start]Extract the fest accvalue for the CS-only-discrﬁodel, and the fest accvalue for the Fine-Tuned-discrhodel,
and then compare these two values to verify if the fest accvalue of the Fine-Tuned-discriiodel is higher than the fest
accvalue of the CS—only—discrﬁodel. [Plan 2 End]

[Plan 3 Start]Extract the fest wervalue for the CS-only-discrﬁodel, and the fest wervalue for the Fine-Tuned-discrhodel,
and then compare these two values to verify if the fest wervalue of the Fine-Tuned-discthodel is lower than the fest
wervalue of the CS—only—discrflodel. [Plan 3 End]’, *cell’:’To extract the fest perpvalue for the CS—only—discrﬁodel, we
first locate the row corresponding to CS-only-disc: Counting from the first row: 1. Spanish-only-LM row 2. English-
only-LM row 3. All:CS-last-LM row 4. All:Shuffled-LM row 5. CS-only-LM row 6. CS-only+vocab-LM row 7.
Fine-Tuned-LM row 8. CS-only-disc row. So the CS-only-discthodel is in the 8th row. Next, we locate the column
for fest perp: Counting from the first column: 1. performance column 2. dev perp column 3. dev acc column 4. dev
wer column 5. test perp column. So the fest perpéolumn is the 5th column. Then we locate the 5th column of the
“CS-only-disc’ row. The cell at the intersection of the 8th row and the 5th column is the fest perpvalue for CS-only-disc:
The value is 1.3 To extract the fest perpvalue for the Fine-Tuned-discriiodel, we first locate the row corresponding
to Fine-Tuned-disc: Counting from the first row: 1.Spanish-only-LM row 2.English-only-LM row 3.All:CS-last-LM
row 4.All:Shuffled-LM row 5.CS-only-LM row 6.CS-only+vocab-LM row 7.Fine-Tuned-LM row 8.CS-only-disc row
9.Fine-Tuned-disc row. So the Fine-Tuned-discrhodel is in the 9th row. The fest perpéolumn is the 5th column. Then
we locate the 5th column of the Fine-Tuned- discfow. The cell at the intersection of the 9th row and the Sth column is the
fest perpvalue for Fine-Tuned-disc: The value is 2.8, "extract’: *The fest perpvalue for the CS-only-discrhodel is 1.3.

The fest perpvalue for the Fine-Tuned-discriodel is 2.8.", *reason’: *The fest perpvalue for the CS-only-discriiodel is 1.3.
The fest perpvalue for the Fine-Tuned-discrhodel is 2.8. To verify if the fest perpvalue of the Fine-Tuned-discthodel
is lower than the fest perpvalue of the CS-only-discriiodel, we compare these two values. Comparing 2.8 and 1.3, we
find that 2.8 is greater than 1.3. Therefore, the fest perpvalue of the Fine-Tuned-discrhodel (2.8) is not lower than the
fest perpvalue of the CS-only-discrﬁodel (1.3). This indicates that based on the fest perprhetric, the Fine-Tuned-disc
model does not outperform the CS-only-disc model. In fact, a lower perplexity indicates better performance, so the
CS-only-disc model has a better fest perpvalue than the Fine-Tuned-disc model.’, "recap’:’Based on the comparison of
fest perpvalues, we found that the Fine-Tuned-discrfiodel has a higher fest perpvalue (2.8) than the CS-only-discthodel
(1.3), thus failing to support the claim that Fine-Tuned-disc model outperforms CS-only-disc model in terms of test
perplexity as stated in Plan <plan_idx>. Since the claim requires outperforming on all metrics and we have already
found a contradiction in {est perps the overall claim is false. <flag>False</flag>’, *conclusion’: *Based on the table, we
examined the test perplexity, test accuracy, and test worderrorrate for both the CSONLYDISCRIMINATIVE and FINE-
TUNEDDISCRIMINATIVE models. We found that the FINETUNEDDISCRIMINATIVE model has a higher test
perplexity (2.8) compared to the CS-ONLY-DISCRIMINATIVE model (1.3), indicating a worse performance in terms
of perplexity. While the FINE-TUNED-DISCRIMINATIVE model shows better performance in test accuracy and
test word-error-rate, outperforming the CS-ONLY-DISCRIMINATIVE model in these metrics, it fails to outperform
in test perplexity. Therefore, the claim that FINE-TUNED-DISCRIMINATIVE modeling outperforms CS-ONLY-
DISCRIMINATIVE model on test perplexity, test accuracy, and test word-error-rate is refuted by the table.’
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Prompt for Generating Atomic Reasoning Chain

SYS_PROMPT( ‘interpret’]= """ # # # Task (1. Understand the problem) You are a helpful assistant to help me
interpret a claim based on a table input. You are given a table and a claim which is based on the table. Now, please
interpret the claim based on the content in the table, please follow the guidelines below.

# # # Guidelines Please only interpret the claim but do not give the answer or solution, just make sure you understand
what you need to do. Make sure the interpretation is concise and clean. Please solve any ambiguity or reference that
may exist in the question, and give your interpretation only based on the caption, table, and claim. Please reason
comprehensively and be careful to consider all conditions, constraints and all possible meanings in your problem
interpretation.

# # # Example Here is an example interpretation: EXAMPLE] interpret’]
USER_PROMPT [ interpret’]= """ # # # Table Content <caption>
<table>

# # # Claim <claim>

# # # Your Interpretation of Claim <interpretation>

nin

nin

Figure 10: JEFH#EPREEA B : L HR 1

Prompt for Generating Atomic Reasoning Chain

SYS_PROMPT|[‘plan’] = f""" # # # Task (2. Give a Plan) You are a helpful assistant in giving a step-by-step plan based
on the interpretation of a given claim. Your goal is to determine whether the claim is supported, refuted, or cannot be
verified (not enough information) based solely on the information provided in the table. Please follow the guidelines
below to give the plan.

# # # Guidelines Please list as concrete steps in the plan as possible. Each plan is to verify one subclaim of the whole
claim based on the interpretation of the given claim. Make sure each step doesn’t have an overlap. When conducting
the planning, you should take into consideration of all the mentioned specialized condition in the claim and make plan
to verify all the information of the claim. Frame each plan only in one sentence in a clear, succinct way, avoiding any
ambiguous or implicit reference, ensuring each plan including complete procedures for each subclaim verification step.
Please wrap your plan in [Plan 1 Start] ---[Plan 1 End], [Plan 2 Start] ---[Plan 2 End] format

# # # Example Here is an example plan: EXAMPLE[ plan’] """

USER_PROMPT[’plan’] = """ # # # Table Content <caption>

<table>

# # # Claim <claim>

# # # Interpretation of Claim <interpretation>

# # # Your Plan <plan> """

Figure 11: Ji FH#EReEE R IR 2

Prompt for Generating Atomic Reasoning Chain

SYS_PROMPT[‘cell’] = {""" # # # Task (3. Ground the cell with information mentioned in subplan) You are an expert
table data extraction assistant. Your task is to precisely locate and extract specific cell values from the provided table
based on the instructions given in the subplan. You must strictly follow the subplan and the guidelines provided below.
# # # Guidelines Your broader aim is to extract all the required information mentioned by the subplan. To achieve this,
you need to ground each cell with required information. Currently, you are working on the <plan_idx> step of the
plan: [Plan <plan_idx>]. Please only try to ground cells and extract data for the designated subplan step by step, DO
NOT perform other steps! When locating the cell, you always count from the first cell (head) of the columns or rows
to locate the row corresponding to the entity mentioned in the subplan. You count row from the first row, count column
from the first column. When locating cells and extracting data from the column or row, indicate the entities you need
to locate and extract with sufficient steps. You should output your grounding steps in <grounding>...</grounding>
format, and output your sentences of the extracted data of the grounded cells in <extraction>...<extraction> format.

# # # Example Here is an example cell grounding and extraction: <grounding> EXAMPLE[éell] <grounding>
<extraction> EXAMPLE[ extract’] <extraction> """

USER_PROMPT[ cell’] = f""" # # # Table Content <caption>

<table>

# # # Claim <claim>

# # # Subplan <subplan>

# # # Your Grounding and Extraction <grounding>

<extraction> """

Figure 12: JiFHEPREEA B : L UR 3
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Prompt for Generating Atomic Reasoning Chain

SYS_PROMPT| ‘reason’] = """ # # # Task (4. Give a Reasoning with Skills) You are a helpful assistant to use your
own knowledge and reasoning to implement a particular step in the plan, in order to verify the claim based on the table.
Please follow the guidelines below when performing the reasoning on your subgoal.

## # Guidelines Your broader aim is to verify whether the claim is supported, refuted based on the content of a table, or
cannot be verified (not enough information) based solely on the information provided in the table. To achieve this, you
have previously made a plan about how to achieve that goal, and you have the grounded cells containing the required
data to verify the subplan. Currently, you are working on the <plan_idx> step of the plan: [Plan <plan_idx>]. Please
only try to implement the reasoning of the designated plan step, DO NOT perform other steps! To implement this step
in the plan, you should first use the relevant information from the provided extracted cells in the table based on what
you need. Then you should do the reasoning based on the extracted cell and data, including comparison, calculation,
etc. Please reason carefully, thoroughly, and coherently. Perform each step of reasoning with justification.

# # # Example Here is an example reasoning: EXAMPLE[reason’] """

USER_PROMPT[’reason’] = f""" # # # Table Content <caption>

<table>

# # # Claim <claim>

# # # Subplan <subplan>

# # # Grounded Cell with Extracted Data <grounding & extraction>

# # # Your Reasoning <reasoning> """

Figure 13: Jf FHERIEEE AL APIR 4

Prompt for Generating Atomic Reasoning Chain

SYS_PROMPT| ‘recap’] = """ # # # Task (5. Verify the Reasoning and Refer back to the Plan) You are a helpful
assistant in generating a coherent transition sentence to conclude what you have done in the previous reasoning step,
refer to the whole plan, and look ahead about what to do next. Please follow the guidelines below to generate the
transition sentence.

# # # Guidelines Your generated transition sentence should be coherent with previous reasoning content, and first
logically conclude what result you get and whether you have achieved the goal of the subplan. Then, you should refer
back to the whole plan, see what you have done, and look ahead to what you should do next. Please generate all these
transitions within three sentences, keep your transition coherent, logical, and clear. If you find the subplan is verified
to be false by your previous reasoning step, conclude why the subclaim is wrong and do not write the transition to next
step, just conclude the whole claim is false since the subclaim is verified to be false, then give an ending flag formatted
as <flag>Flase</flag>. If you find the subplan is verified to be true by your previous reasoning step, cleanly conclude
how you verify it to be true, and give an ending flag formatted as <flag>True</flag>. If you find that the subplan can
not be verified as either true or false with all the existing information, cleanly conclude what you have done for this
subplan.

# # # Here is an example transition: EXAMPLE[recap’] """

USER_PROMPT[’recap’] = """ # # # Table Content <caption>

<table>

# # # Claim <claim>

# # # All Plans You are trying to verify this claim based on the content from the given table: This is the whole plan of
what you should do in order to verify this claim: <plan>

# # # Subplan <subplan>

# # # Reasoning <reasoning>

# # # Your transition <transition>

nn

Figure 14: iUy HEPREEA M IR S
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Prompt for Generating Atomic Reasoning Chain

SYS_PROMPT| ‘conclusion’] = f""" # # # Task (6. Conclude and Get Final Result) You are a helpful agent to conclude
the whole reasoning process and give your final response on whether the given claim is supported or refuted by the
table or not enough information to verify it based on the information provided by the table. Please give your conclusion
following the guidelines below.

# # # Guidelines You should first recap what you have achieved based on all previous reasoning steps. You should
consider carefully whether there are outliers or cases that you haven’t taken into consideration, and whether they are
important to your final conclusion. After thinking thoroughly over all the information you get from previous reasoning
steps and the table information, you should give your final response about whether the claim is supported or refuted
by the table, or whether there is not enough information. Ensure all your sentences are based on the true information.
Please wrap your final answer in <conclusion></conclusion>. If you find the claim is verified to be false by your
previous steps, give an ending flag formatted as <flag>Flase</flag>. If you find the claim is verified to be true by your
previous steps, give an ending flag formatted as <flag>True</flag>. If you find the claim can not be verified to false
or true merely based on the information provided by the table, give an ending flag formatted as <flag>Not enough
information</flag>. You can give only one ending flag in the conclusion as the label for the claim. Please give your
conclusion within four sentences.

# # # Here is an example conclusion: EXAMPLE] conclusion’]
USER_PROMPT[ conclusion’] = f""" # # # Table Content <caption>
<table>

# # # Claim <claim>

# # # Plans <plan>

# # # Reasoning and Transition <allReasonTransition>

# # # Your Conclusion <conclusion> """

nn

Figure 15: JE-F4EHEE A AL PR 6
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