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SOTA methods

• Cant be done by a monolithic LM

• Previous approaches
• Teach models to use tool using human annotation

Issues: 1) Expensive 
                 2) what human finds helpful will be different from what LMs find helpful
                 (e.g., birthdate of Gandhi, Multiply two numbers)

• Design few-shot prompts to show LMs how to use tool to solve specific tasks
Issues: 1) Task-specific

   2) Learn to use only one type of tool
   3) Even if the learned tool is not useful, LLMs tend to call the same tool























Output of the model with helpfulness score
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Empirical threshold

1
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• Same model (GPT-J), which was used for API call 
generation, is used for fine-tuning on the augmented 
dataset

• The pre-trained data and the augmented data 
maintain almost same token distribution

• This ensures that Toolformer will still behave as an LM









• QA API was 
disabled in 
Toolformer

• Toolformer was 
forced to use 
Wiki Search



Toolformer is still an LM!

Toolformer was fine-tuned on 
CCNet data



Bigger models + Tool usage is better



What is missing in Toolformer?

No coordination/interplay between the LM 
and the tool!!



The LLM story of reasoning

Why are LLMs not good at reasoning?

1. They don’t know what 
computations to perform (yellow) 

2. They don’t know how to perform 
these computations (purple)

Output from mistralai/Mixtral-8x7B-Instruct-v0.1

Alex has 3 apples. She gave 1 to John and others to Bob. Bob gave half to John as well. John 
then gave half of his apples to Alex. Who has the highest number of apples?



Tackling reasoning problems

Question Small LM

External Tool

Answer



S Dutta, I Pandey, J Singh, S Manchanda, S Chakrabarti, T Chakraborty, Frugal LMs Trained to 
Invoke Symbolic Solvers Achieve Parameter-Efficient Arithmetic Reasoning, AAAI’24.



SyReLM: LLM-Symbolic solver coordination

The reasoning requirements:

● Identify what is given, what is asked
● Identify the computational steps required
● Perform the computation to reach answer

• Offload algorithmic computations 
to deterministic solvers
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SyReLM: LLM-Symbolic solver coordination

The reasoning requirements:

● Identify what is given, what is asked
● Identify the computational steps required
● Perform the computation to reach answer

• Offload algorithmic computations 
to deterministic solvers

• Use LM to translate natural 
language problem into formal 
language expressions

• Finetune LM using feedback from 
symbolic solver



Training framework of SyReLM

For the following reasoning question, generate a python code without importing any libraries which solves the question following 
these instructions. 

Jason grew 37 watermelons and 30 pumpkins. Sandy grew 11 watermelons. How many watermelons did they grow in total?

1. State the number of variables required as the first comment line
2. Declare all the variables required as x1, x2, x3.. so on. For each variable declaration, describe clearly what the variable 

describes as a separate line comment.
3. Define the function solve and pass in all the variables as parameters.
4. Write the function as required, after each line of python code, add a comment describing your intermediate thought 

process for that step.
5. Return the final answer.

Arithmetic question in 
natural language

Additional Instructions

def solve():
 # number of variables required = 3
 # x1 = number of watermelons Jason grew # x2 = number of pumpkins Jason grew
 # x3 = number of watermelons Sandy grew x1 = 37 # Jason grew 37 watermelons
 x3 = 11 # Sandy grew 11 watermelons
 # Total number of watermelons total_watermelons = x1 + x3
 return total_watermelons  
# Call the function and get the result print(solve())Python Code

https://github.com/joykirat18/SYRELM
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Python Code

LLM + Adapter

Adapter finetuning

LoRA finetuning with LM objective

https://github.com/joykirat18/SYRELM
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Final Answer : 48

Symbolic Solver

Python Code

https://github.com/joykirat18/SYRELM



Training framework of SyReLM

For the following reasoning question, generate a python code without importing any libraries which solves the question following 
these instructions. 

Jason grew 37 watermelons and 30 pumpkins. Sandy grew 11 watermelons. How many watermelons did they grow in total?

1. State the number of variables required as the first comment line
2. Declare all the variables required as x1, x2, x3.. so on. For each variable declaration, describe clearly what the variable 

describes as a separate line comment.
3. Define the function solve and pass in all the variables as parameters.
4. Write the function as required, after each line of python code, add a comment describing your intermediate thought 

process for that step.
5. Return the final answer.

Arithmetic question in 
natural language

Additional Instructions

def solve():
 # number of variables required = 3
 # x1 = number of watermelons Jason grew # x2 = number of pumpkins Jason grew
 # x3 = number of watermelons Sandy grew x1 = 37 # Jason grew 37 watermelons
 x3 = 11 # Sandy grew 11 watermelons
 # Total number of watermelons total_watermelons = x1 + x3
 return total_watermelons  
# Call the function and get the result print(solve())

LLM + Adapter

Adapter finetuning

Final Answer : 48

Symbolic Solver

Proximal Policy Optimization (PPO)

4 Rewards

Python Code

https://github.com/joykirat18/SYRELM



SyReLM Reward Functions 

Total reward = R1+R2+R3+R4

Read the word problem to allocate variables (identify 
target variable(s))

Invoke a symbolic solver to obtain values for target 
unknown variables

Further parse the text to extract arithmetic 
relationships and constraints between variables

R4: Absolute difference between the gold answer and 
the generated answer

R1: Successful compilation of generated Python code

R2: Number of matching arithmetic operators between 
generated and gold program

R3: Difference between the number of variables in the 
generated program and in the gold program

Recipe to school children to solve word problems



SyReLM for SLMs

● Relatively smaller LMs (GPT-J 6B, Vicuna 13B)
● Vicuna 13B: Natural language -> Python
● GPT-J: Natural language -> Pseudocode



ART: Automatic reasoning and tool usage

PAL: Program-aided language model

TRICE: Tool learning with execution feedback
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R4 > R3 > R2 > R1

R4: Absolute difference between the gold answer and the generated answer

R1: Successful compilation of generated Python code

R2: Number of matching arithmetic operators between generated and gold program

R3: Difference between the number of variables in the generated program and in 
the gold program



Platforms for Tool-augmented LMs

•TaskMatrix.AI (March 2023)
•API-Bank (April 2023) 
•OpenAGI (April 2023)
•Gentopia (August 2023)

http://taskmatrix.ai/
https://arxiv.org/abs/2303.16434
https://arxiv.org/abs/2304.08244
https://github.com/agiresearch/OpenAGI
https://arxiv.org/abs/2304.04370
https://github.com/Gentopia-AI/Gentopia
https://arxiv.org/abs/2308.04030


DaSLaM: Decomposer-Solver coordination

The reasoning requirements:

● Identify what is given, what is asked

● Identify the computational steps required

● Perform the computation to reach answer

G. Juneja, S. Dutta, S. Chakrabarti, S. Manchanda, T. Chakraborty, Small Language Models 

Fine-tuned to Coordinate Larger Language Models Improve Complex Reasoning, EMNLP’23.

Question
Decomposer 

(Small LM)

Solver

(LLM)

Answer

- Separate LLMs for breaking down 
the questions (decomposer) and 
answering them (solver)



DaSLaM: Decomposer-Solver coordination

The reasoning requirements:

● Identify what is given, what is asked

● Identify the computational steps required

● Perform the computation to reach answer

- Separate LLMs for breaking down 
the questions (decomposer) and 
answering them (solver)

- Finetune the decomposer to 
interact with the solver

G. Juneja, S. Dutta, S. Chakrabarti, S. Manchanda, T. Chakraborty, Small Language Models 

Fine-tuned to Coordinate Larger Language Models Improve Complex Reasoning, EMNLP’23.
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DaSLaM: Why such a design choise?

• Separates the decomposer from solver to get rid of solver’s 
limitations that affect decomposition

• Decomposer acts as plug-and-play module that can 
generalize to any solver

• Decomposition actuates with complete knowledge of the 
solver’s actions

• Improved explainability, modularity and transparency 



Example workflow of DaSLaM
https://github.com/ LCS2-IIITD/DaSLaM



Example workflow of DaSLaM

Original 
question

https://github.com/ LCS2-IIITD/DaSLaM



Example workflow of DaSLaM

Initial 
incorrect 
answer 

from 
solver

https://github.com/ LCS2-IIITD/DaSLaM



Example workflow of DaSLaM

Sub-
questions

https://github.com/ LCS2-IIITD/DaSLaM



Example workflow of DaSLaM

Sub-
answers

https://github.com/ LCS2-IIITD/DaSLaM



Example workflow of DaSLaM

Refined 
answer 

to 
original 

question

https://github.com/ LCS2-IIITD/DaSLaM



Finetuning Decomposer (LoRA) - Dataset 

Each data sample is a sequence of triplets

Agold

3/19

The training data was generated using GPT-3.5 
from MATH, AQuA, GSM8K, and StrategyQA

Gold question
Gold reasoning steps

Gold answer

Sequence of subproblems generated 

by decomposing Qgold



Finetuning Decomposer (LoRA) – Stage I 

Instruction finetunning using LM objective

This stage provides the ability to decompose a problem into subproblems

However, it is still blind to the actual errors made by the solver LM



Finetunning Decomposer (LoRA) – Stage II 

Decomposer Solver



R1: Entity coverage between generated and gold subquestions

R2: Consistency of answers to subproblems

R3: Number of matching operations in order

R4: Contrastive proximity between the generated reasoning steps, initial reasoning steps and  
      gold reasoning steps

R5: Correctness of the final answer

Finetunning Decomposer (LoRA) – Stage II
Reward functions (Overview) 
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Finetunning Decomposer (LoRA) – Stage II
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R2: Consistency of answers to subproblems

Finetunning Decomposer (LoRA) – Stage II
Reward functions (Overview) 



R3: Number of matching operations in order

Finetunning Decomposer (LoRA) – Stage II
Reward functions (Overview) 



R4: Contrastive proximity between the generated 
reasoning steps, initial reasoning steps and  
gold reasoning steps

Finetunning Decomposer (LoRA) – Stage II
Reward functions (Overview) 



R5: Correctness of the final answer

Finetunning Decomposer (LoRA) – Stage II
Reward functions (Overview) 



Performance of DaSLaM 

Decomposer: LLaMA 13B 
Solver: GPT-3.5

- DaSLaM outperforms existing methods of problem 
decomposition in single LM

COT: Chain-of-thoughts

L2M: Least-to-most prompting

PHP: Progressive Hint Prompting

DSP: Demonstrate-Search-Predict



Performance of DaSLaM 

Decomposer: LLaMA 13B 
Solver: GPT-3.5

- A Finetuned decomposer is largely superior compared to an orders of 
magnitude larger LLM (GPT 3.5) prompted to act as a decomposer.

- Prompting docomposer does not help!!

COT: Chain-of-thoughts

L2M: Least-to-most prompting

PHP: Progressive Hint Prompting

DSP: Demonstrate-Search-Predict



Performance of DaSLaM 

Decomposer: LLaMA 13B 
Solver: GPT-3.5

- Feedback from solver is important
COT: Chain-of-thoughts

L2M: Least-to-most prompting

PHP: Progressive Hint Prompting

DSP: Demonstrate-Search-Predict



Performance of DaSLaM -- JEEBench

Phy MCQ  Math MCQ  Phy Multi   Math Multi   Phy Num   Math Num     Phy Int       Math Int

DaSLaM makes GPT-3.5 
comparable to GPT-4



Take Aways

• A deterministic reward may be enough (RLHF is always costly)!

• Heterogeneous specialized modules improve model 
efficiency and robustness of LM-based planning and solution 
of complex word problems.

• LLMs should not just act as a “glue” between input and 
specialized modules – there should be an “interplay”.

• Planner LM 
        - need not be very large
        - is relatively easily trained/tuned
        - can be agnostic to tools and solver used



The Future of Tool-Augmented LLMs

• Making APIs accessible for model use

• Providing (multi-step) supervision and scale to 100s and 1000s of 
APIs (not one per task like Toolformer)

• Pre-training and Instruction-finetuning tool-augmented LLMs

• Improving reasoning and problem decomposition

• Compensating for API errors and preventing error cascades
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