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A. Yes, but only upto some extent
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ConvFinQA
Conversation 

dialogue version 

Questions similar 
FinQA

MultiHiertt
Hierarchical 

Tabular
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High Level Motivation
Why semi-structured tabular information?

1. Structured Data - a challenge

2. Abundant Numerical Information

3. Diverse Reasoning

4. Multiple Diverse TQA Datasets

Why Probing LLM for Numerical Reasoning?

1. Prior works show that LLM struggle on numerical 
aspects

2. Only broadly studied, several fine-grained aspect not 
studies

Figure from : Mubashara et.al. Exploring the Numerical Reasoning Capabilities of 
Language Models: A Comprehensive Analysis on Tabular Data, EMNLP 2023
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Our Contributions
1. Evaluation of LLM in tabular question answering for mathematical reasoning tasks  

using open-source financial tabular datasets. 

We annotated metadata of reasoning steps (test/dev sets) for four TQA datasets.
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Our Contributions
1. Evaluation of LLM in tabular question answering for mathematical reasoning tasks  

using open-source financial tabular datasets. 

We annotated metadata of reasoning steps (test/dev sets) for four TQA datasets.

2. Our analysis is thorough and multifaceted, encompassing both qualitative and 
quantitative aspects. 

Insights into the strengths and limitations of LLMs on tabular data (QA tasks), 
especially in scenarios involving mathematical reasoning.

3. Building upon qualitative analysis, we introduce a novel unified multi-step prompting 
method which promote evidence extraction and correct reasoning namely EEDP. 

Our proposed prompt work well across complex data structures such as hybrid table 
and text,  as well as multi-hierarchical tables.
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Our Probing Criteria

1. #Reasoning Steps: More arithmetic operations 
involved mean increased complexity.
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Our Probing Criteria

1. #Reasoning Steps: More arithmetic operations 
involved mean increased complexity.

2. Question Types: Questions classification based on 
operations combinations and linguistic complexity. 
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3. #Rows: Larger tables pose challenges for multi-hop 
reasoning tasks 

increase information →  harder to  extract relevant (right) 
evidence
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understand the information structure and 
connections in important data cells is challenging.
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3. #Rows: Larger tables pose challenges for multi-hop 
reasoning tasks 

increase information →  harder to  extract relevant (right) 
evidence

4. Hierarchical Depth: As the hierarchy depth 
increases, 

understand the information structure and 
connections in important data cells is challenging.

5. %Empty Cells: More empty cells in a dataset 
indicate increased data ambiguity, making it 
challenging to derive meaningful insights
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MetaData Annotations: Reasoning Steps, #Rows
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QType & Empty Cell
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LLM Performance - API models
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Types of Errors

1. Extraction: Highlights the difficulties in correctly identifying relevant 
pieces of evidence.

*examples in the paper
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Types of Errors

1. Extraction: Highlights the difficulties in correctly identifying relevant 
pieces of evidence.

2. Reasoning: Model struggles to formulate a suitable and contextually 
relevant approach/technique/steps.

3. Calculation:  Emphasizes the inherent constraints of LLMs when it 
comes to performing precise calculations.

*examples in the papers
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Mitigation: Our EEDP Prompt

New prompting method: Simplifies complex problem by breaking them into smaller, 
multiples, manageable steps, making tough tasks easier to solve.
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1. Start Eliciting: Prompt the model to bring up key domain knowledge relevant to the 
question.
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Mitigation: Our EEDP Prompt

New prompting method: Simplifies complex problem by breaking them into smaller, 
multiples, manageable steps, making tough tasks easier to solve.

Elicit ➜ Extract 

1. Start Eliciting: Prompt the model to bring up key domain knowledge relevant to the 
question.

2. Next, Extract: Gather evidence while considering the relevant domain knowledge 
required for answering the question.
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1. Start Eliciting: Prompt the model to bring up key domain knowledge relevant to the 
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2. Next, Extract: Gather evidence while considering the relevant domain knowledge 
required for answering the question.
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Mitigation: Our EEDP Prompt

New prompting method: Simplifies complex problem by breaking them into smaller, 
multiples, manageable steps, making tough tasks easier to solve.

Elicit ➜ Extract ➜ Decompose ➜ Predict
1. Start Eliciting: Prompt the model to bring up key domain knowledge relevant to the 

question.

2. Next, Extract: Gather evidence while considering the relevant domain knowledge 
required for answering the question.

3. Then, Decompose: Break down a complex math problem into much smaller and 
more simpler steps.

4. Finally, Predict: Solve each small step one by one by performing the necessary 
calculation to reach the overall solution. 29



Actual Prompt: <Instructions>
Please carefully analyze the provided information, perform necessary numerical calculations, and accurate 
answers to the given question using the provided data. 

Take into account the pre-text, table, and post-text when formulating your response. When performing numerical 
calculations, ensure you gather the required information and follow a step-by-step approach.

Elicit the most relevant domain fact or knowledge that might be useful for you to extract the right 
operands and forming the right approach to the problem. 

Translate table data into sentences and identify gold evidence for answering the question.

Define a sequence of atomic operations (Add, Subtract, Divide, Multiply, Greater, Min, Max, Exp etc.) 
which take into account only one or two operands at a time.

Divide a complex task into a sequence of atomic operations defined above. Finally, conclude as : 
The final answer is <answer>.

Here are a few demonstrations of the task: <Demonstration>
30
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Actual Prompt: <Demonstration>
Effective Income Tax Rate: A reconciliation of the United States federal statutory income tax rate to our effective income 
tax rate is as follows:

In 2019 and 2018 we had pre-tax losses of $19,573 and $25,403, respectively, which are available for carry forward to 
offset future taxable income.
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Actual Prompt: <Demonstration>
Effective Income Tax Rate: A reconciliation of the United States federal statutory income tax rate to our effective income 
tax rate is as follows:

In 2019 and 2018 we had pre-tax losses of $19,573 and $25,403, respectively, which are available for carry forward to 
offset future taxable income.

Question: What was the 2019 percentage change in pre-tax losses?
Output:

Domain Knowledge:  Pre-tax losses, or operating losses, refer to financial losses that a company incurs before 
considering the effects of income taxes. 
To find the 2019 percentage change in pre-tax losses, we need to find the difference between the new and the old 
value of the pre-tax losses, then divide the obtained difference by the old value and multiply this value by 100.

Gold Evidences: The pre-tax losses in 2019 is $19,573. The pre-tax losses in 2018 is $25,403.
Steps:

Step 1: Subtract 25403 from 19573. → Response 1: 19573 - 25403 = -5830
Step 2: Divide #1 by 25403. → Response 2: \frac{#1}{25403} = -0.2295
Step 3: Multiply #2 by 100. → Response 3: #2 * 100 = - 22.95

The final answer is -22.95 32
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LLM Performance - API models
EEDP outperform other prompting techniques
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Open-source
● Open models, including LLAMA-70B (+later), underperform due to size constraints.
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● Open models, including LLAMA-70B (+later), underperform due to size constraints.

● Numerically specialized models like MAmmoTH-13B & Mistral-7B-Instruct also fall 
much behind. 
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Open-source Models

● Open models, including LLAMA-70B (+later), underperform due to size constraints.

● Numerically specialized models like MAmmoTH-13B & Mistral-7B-Instruct also fall 
much behind. 

● Consistent underperformance observed across four datasets: FinQA, ConvFinQA, 
MultiHiertt, TAT-QA. 

● EEDP ~= CoT in performance on most sets
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Qualitative Examples - Elicit

EEDP

Elicit the 
require 
knowledge 
and reasoning
For Debt Maturities, 

By strategically 
mining domain 
knowledge about 
Return

unlike the few-shot 
CoT prompting.
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EEDP rightly 
extract 
evidence and 
reason 

unlike few-shot CoT, 
which suffers from 
lack of domain 
knowledge.
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Qualitative Examples - Extract and Reasoning
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Qualitative Examples - Decomposition

EEDP 
performs 
precise 
calculation
s 

because of 
fine-grained 
simpler steps

better than 
few-shot CoT.



Scaling of Arithmetic Operations
10^-5 to 10^5, power of 10s

Simple arithmetic operations, no 
multi-step hard reasoning

40
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10^-5 to 10^5, power of 10s

Simple arithmetic operations, no 
multi-step hard reasoning

Hardness: 

Div(“/”) = Multi(“X”) > Sub (“-”) = Add (“+”)
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Scaling of Arithmetic Operations
10^-5 to 10^5, power of 10s

Simple arithmetic operations, no 
multi-step hard reasoning

Hardness: 

Div(“/”) = Multi(“X”) > Sub (“-”) = Add (“+”)

Scaling:

Bell curve for multi (“X”) , Div (“/”)

+ve power more harder esp. “+”, “-”
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#Reasoning
#Reasoning Step   
Performance

Control Study 
Variance →  
different examples
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#Reasoning
#Reasoning Step    
Performance

Control Study 
Variance →  
different examples

Exception 
ConvFinQA  
#Example already 
pre-splits 

Non split examples 
are harder 
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Harder 
(GPT-4)

Change 
Ratio, 
Division, 
Average

EEDP 
more 
stable

Lighter > 
Darker
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Number of Rows

Model performance drops as the #rows increase - bracket continent substantial #examples
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Hierarchical Depth %Empty Cells

Use MultiHeirtt Dataset

Performance      as Depth 

Use MultiHeirtt Dataset

Performance      as #Empty Cell 



Take Away
Mathematical or Numerical Reasoning challenging for LLM
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Take Away
Mathematical or Numerical Reasoning challenging for LLM

Our proposed approach EEDP based on decomposition strategy outperform other 
prompting baselines
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Take Away
Mathematical or Numerical Reasoning challenging for LLM

Our proposed approach EEDP based on decomposition strategy outperform other 
prompting baselines

Model performance is not uniform, especially performance drop     when

Harder Operations Types: Division, Multiplication

Harder Reasoning Question: Changing Ratio, Average, Proportions etc.

   increase in reasoning steps, operand values scales up/down

increase hierarchical depth, in % of empty cells, in # of table rows
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Take Away
Mathematical or Numerical Reasoning challenging for LLM

Our proposed approach EEDP based on decomposition strategy outperform other 
prompting baselines

Model performance is not uniform, especially performance drop     when

Harder Operations Types: Division, Multiplication

Harder Reasoning Question: Changing Ratio, Average, Proportions etc.

   increase in reasoning steps, operand values scales up/down

increase hierarchical depth, in % of empty cells, in # of table rows

Overall, our study provide area of improvement, datasets (other domains), models 
(better open source), reasoning (harder operand, question) and other factors. 

51



Tentative Next Steps

● Few datasets exist for numerical reasoning outside the financial sector. 
Expand into e-commerce, sports, healthcare, and scientific data domains.
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Tentative Next Steps

● Few datasets exist for numerical reasoning outside the financial sector. Expand into 
e-commerce, sports, healthcare, and scientific data domains.

● LLM performance in numerical reasoning is influenced by multiple factors. 

Isolating single factors is difficult; controlled studies with synthetic and counterfactual 
datasets might provide clearer insights.

Getting error type analysis based on each step of EEDP would be interesting aspects. 
Also for correct examples see is model Right for the Wrong Reason or Hallucinating.
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Tentative Next Steps

● Few datasets exist for numerical reasoning outside the financial sector. Expand into 
e-commerce, sports, healthcare, and scientific data domains.

● LLM performance in numerical reasoning is influenced by multiple factors. 

Isolating single factors is difficult; controlled studies with synthetic and counterfactual 
datasets might provide clearer insights.

Getting error type analysis based on each step of EEDP would be interesting aspects. 
Also for correct examples see is model Right for the Wrong Reason or Hallucinating.

● Bigger API models like GPT-4 and PaLM 2-540B outperform open-source counterparts. 

● There's a need for bigger and effective open source cost effective models for diverse 
semi-structured data handling. Comparison with other prompting techniques as required.

Suggestions / Feedback
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