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What are Covered in this Presentation

• Details of Orca 2
- Orca 2 : Mitra, Corro, Mahajan and Codas, et al. "Orca2: Teaching Small 

Language Models How to Reason. " (Nov. 2023).

• Intuitive concepts of predecessors
- Orca : Mukherjee and Mitra et al. (Microsoft Research) "Orca: Progressive 

Learning from Complex Explanation Traces of GPT-4." (Jun. 2023).

• Intuitive concepts of predecessors
- Gudibande, Wallace and Snell et al. (UC Berkeley) "The False Promise of 

Imitating Proprietary LLMs." Submitted ICLR2024 (May 2023). 
- Wang et al. (Washington Univ.) "Self-Instruct : Aligning Language Models with 

Self-Generated Instructions.” ACL2023 (May 2023).
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What are NOT Covered in this Presentation

• Details of Baselines
- SLLMs: LLaMA-based

- LLaMA-2 Models
- LLaMA2-70B-hf-chat
- LLaMA2-13B-hf-chat

- WizardLM
- WizardLM-13B
- WizardLM-70B

- Orca
- Orca1-13B

- LLMs
- GPT Models

- GPT-3.5-turbo*
- GPT-4*

* API: 2023-03-15-preview
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LFM 
(Large Foundation Models)

sLLM

• GPT-3, T0, FLAN, Gemini, …
(175B ~ 600B)

• LLaMA, Aplaca, Vicuna, …
(6B ~ 30B) 

Distillation
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What are NOT Covered in this Presentation

• Details of datasets & tasks
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AGIval

DROP

CRASS

RACE

BBH

GSM8K

MT-bench

MMLU

ARC

ACI-BENCH

MS-MARCO

QMSum

ToxiGen

HHH

TruthfulQA

Automated RAI 
Measurement Framewokr

HellaSwag

LAMBADA

Reasoning Capabilities Knowledge and Langauge
Understanding

Multi-turn Open Ended
Conversations

Safety and Truthfulness

Text Completion

Grounding and Abstractive
Summarization
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1. Pre-Requisites
- Instruction-tuning

- Self-Instruct
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Pre-Requisites : Instruction Tuning
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• Instruction Tuning
- Fine-tuning various NLP tasks by transforming them into natural language 

instructions.
* Vanilla Transfer learning : BERT, T5, …

* In-context learning : GPT-3, …

* Instruction tuning (=multi-task prompted training) : T0, FLAN, …

corpus
pre-training Fine-tuning

LLM

corpus
pre-training Few/Zero-shot

w/o fine-tuningLLM

Task specific labeled data

corpus
pre-training

Instruct
-tuning Instruct

LLM
Zero-shot

LLM prompt
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Pre-Requisites : Self-Instruct
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• Self-Instruct

- Expanding instruction data with 175 limited-initial instructions
1) ICL: Use a proprietary model to generate input-output pairs for each instruction.
2) Data Augmentation: Add the newly generated instruction, along with its input and 

output, to the dataset, ensuring there is no overlap with existing data.
- Effect: reduces the cost of building instructional data and ensures diversity
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Pre-Requisites : Self-Instruct
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• Self-Instruct

- Expanding instruction data with 175 limited-initial instructions
1) ICL: Use a proprietary model to generate input-output pairs for each instruction.
2) Data Augmentation: Add the newly generated instruction, along with its input and 

output, to the dataset, ensuring there is no overlap with existing data.
- Effect: reduces the cost of building instructional data and ensures diversity

* Alpaca: A Strong, Replicable Instruction-Following Model 
https://crfm.stanford.edu/2023/03/13/alpaca.html

Natural Language Processing Lab.,
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- Instruction-Tuning on LLaMA
1) Acquiring Instruct Data: Utilizing the Self-Instruct method to gather instruction data
2) Data Construction Cost: ⦤$500
3) Computing Costs: Utilization of 4 GPU A100 units.

• Self-Instruct



2. Problem States
The False Promise of Imitating Proprietary LLMs

Arnav Gudibande, Eric Wallace, Charlie Snell et al.
(UC Berkeley)
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Problem States

12

• Small LMs has often relied on imitation learning to replicate the output 
of more capable models

LFM 
(Large Foundation Models)

sLLM

• Aplaca, Vicuna, Koala, 
GPT4ALL, …

Proprietary LLMs
• ChatGPT, GPT-4, 

Bard, Gemini, …

Imitation Model

Imitation Learning
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models? 
- Building Imitation Datasets

1) Local Imitation
2) Global Imitation

Build an imitation model 
finetuned for a specific task

Build a imitation model 
trained to respond to 

general-purpose requests from users

Task-specific imitation Broad-coverage imitation

(example)
• Target task: Question Answering
• Input: Natural Questions
• Output: Instruction generated by 

ChatGPT (in-context learning) 

• Dataset: ShareGPT, HC3,
Discord ChatGPT
Channel(Bots)

(ChatGPT response data with real 
users)

Challenge: 
(1) One must collect an extremely diverse imitation dataset
(2) Imitation models must capture this wide data distribution 

and generalize similarly to the target model on a myriad of 
held-out examples.
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models?

- (Left: Broad-coverage Imitation) Does more imitation data improve the general  
performance of the imitation model? à No
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models?

- (Center: Task-specific Imitation) Does more imitation data improve the task-
specific performance of the imitation model? à No
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models?

- (Right) If so, what improves the performance of the imitation model? 
à The Size of Backbone Model
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models?

- (Right) If so, what improves the performance of the imitation model? 
à The Size of Backbone Model



Natural Language Processing Lab.,
Hanyang University.

Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models? NO!

- ChatGPT and our best imitation model produce answers with similar style
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models? NO!

- ChatGPT and our best imitation model produce answers with similar style
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Model Imitation 
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• Are Imitation Models Really Closing the Gap with Large Models? NO!

- ChatGPT and our best imitation model produce answers with similar style
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Conclusion
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• The Imitation Model mimics the output format and style of the Large 
Model, but has no real reasoning power.

- There is no improvement in the performance of the Imitation model depending 
on the size of the Imitation data.

- Significant improvement in the performance of the Imitation model depending 
on the size of the Backbone model.



3. Related Work
Orca
: Progressive Learning from Complex Explanation 
Traces of GPT-4

Subhabrata Mukherjee, Arindam Mitra et al.
(Microsoft Research)
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Problem States : Instruction tuning
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• Instruction Tuning with GPT-4
- Given user instructions for a task and an input, the system generates a response 

(Alpaca and Vicuna, etc. use this method)

Only with that is true intelligence created to address these challenges

How do we start getting these open-source models to 
not just mimic the question-answer pairs 

but actually understand how they get from a question to an answer

query response
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Introduction ~ Experiments
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• Orca 13B outperforms a wide range of foundation models including 
OpenAI ChatGPT as evaluated by GPT-4 in the Vicuna evaluation set.

gpt-3.5-turbo
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Introduction ~ Experiments
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• For zero-shot problems on academic exams, ChatGPT definitely
performs better but Orca 13B is really closing the Gap in performance.

- Orca 13B performs much better than Vicuna 13B

gpt-3.5-turbo
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Introduction ~ Experiments
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• For zero-shot reasoning tasks in BBH, Orca 13B also beats ChatGPT.
- Orca 13B performs more than 2x better than Vicuna 13B
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Background
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• Broadly matching ChatGPT using purely imitation would require 
(1) a concerted effort to collect enormous imitation datasets and
(2) far more diverse and higher quality imitation data than is currently available.

• WizardLM
- Evol-Instruct: gradually rewrites the initial

set of instructions into more complex versions

• Vicuna / Koala
- More human-like conversations and 

natural instructions in community-
contributed conversations (ShareGPT)

Orca demonstrates that both condition (1) and (2) are attainable and
that it is possible to reduce the gap with proprietary LLM’s on multiple zero-
shot benchmarks that require sophisticated reasoning.

Models trained on 
these instruction datasets 

may capture the style 
but not the reasoning 

of the LFMs
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Suggestions #1 Explanation Tuning

29

• Explanation Tuning with GPT-4
: In addition to user instructions and input, system instructions are provided 

to guide the system to form a well-reasoned and cogent response. 
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Suggestions #1 Explanation Tuning
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• Explanation Tuning with GPT-4
: In addition to user instructions and input, system instructions are provided 

to guide the system to form a well-reasoned and cogent response. 

Natural Language Processing Lab.,
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• system: You are an AI assistant.
Provide a detailed answer 
so user don’t need to search outside to 
understand the answer

• user instruction: …
• input: …

System instructions are sampled from a diverse instruction set 
including chain-of-thought, reasoning steps, explain like I’m five, being helpful 
and informative, etc. 
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Suggestions #1 Explanation Tuning
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• Explanation Tuning with GPT-4
: In addition to user instructions and input, system instructions are provided 

to guide the system to form a well-reasoned and cogent response. 
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Suggestions #2 Scaling Tasks and Instructions
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• Based on FLAN-v2 Collection (Google, open-sourced)
- selectively sample from the task collection to form a diverse mixture of tasks
- further sub-sample to generate complex prompts
- collect 5 million ChatGPT responses(FLAN-5M), from which 1 million is further 

sampled to acquire GPT-4 responses(FLAN-1M)
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Suggestions #2 Scaling Tasks and Instructions
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• ChatGPT as Teaching Assistant
- Capacity Gap: for smaller students in knowledge distillation (progressive 

learning or curriculum learning: from easier problems to harder ones)
- Cost and Time
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Suggestions #3 Evaluation
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• Evaluation for Reasoning
1. AutoEvaluation with GPT-4 with Vicuna & WizardLM datasets
2. Academic Benchmakrs like Big-Bench Hard & TruthfulQA
3. Academic exams like SAT, LSAT, GRE, GMAT, AGIEval

à Introduction
4. Safety evaluation with ToxiGen
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Suggestions #3 Evaluation
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• AGIEval
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Suggestions #3 Evaluation

• AGIEval - Ablation Study: 2-stage strategy might seem small but that 
is a significant Improvement 

- using only gpt4 they were able to achieve a score of 37.18 
- whereas if they use that intermediate step of ChatGPT they were able to 

achieve 41.7
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Suggestions #3 Evaluation

• BBH benchmarks
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Conclusion
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- Orca learns from rich signals from GPT4 including explanation traces step-by-
step thought processes and other complex instructions guided by teacher 
assistants from ChatGPT

- Orca indicates that learning from step-by-step explanations whether these are 
generated by humans or more advanced AI models is a promising direction to 
improve model capabilities and skills

Orca challenges the idea that open source models can only really 
imitate answers and will get thrown off by any variation in the 
prompts themselves.



4. Suggestion
Orca 2
: Teaching Small Language Models How to Reason

Arindam Mitra, Luciano Del Corro, Shweti Mahajan et al.
(Microsoft Research)
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Reminder of Orca 1
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If you find-tune a small model to understand 
how step-by-step logical reasoning works,

then they're going to be really good at logical reasoning 
and this allowed it to outperform!

Only with that is true intelligence created to address these challenges

How do we start getting these open-source models to 
not just mimic the question-answer pairs 

but actually understand how they get from a question to an answer

by Explanation-tuning
< {system instruction, user 
instruction, input}, output>

• system: You are an AI assistant.
Provide a detailed answer 
so user don’t need to search outside to 
understand the answer

• user instruction: …
• input: …
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Summary of Orca 2

• Orca 2 is a model trained with various reasoning techniques
- step-by-step, recall then generate, recall-reason-generate, direct answer, etc.
- It’s also trained to determine the most effective solution strategy for each task

42
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Suggestion: Cautious Reasoner
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The instructions for the base model do not include task-specific system instructions.

Determining a task-specific reasoning strategy, 
generate task-specific system instructions
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Evaluation Results
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• Surpassing models of the same size, competitive with models 5-10x 
larger
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Evaluation Results
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• Grounding
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Summary of Orca 2

• Example demonstrating the responses of Orca 2
- Orca-2-13B
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### Question:
John and Mark are in a room with a ball, a basket and a box. John puts the ball in the box, then 
leaves for work. While John is away, Mark puts the ball in the basket, and then leaves for school. 
They both come back together later in the day, and they do not know what happened in the room 
after each of them left the room. Where do they think the ball is?

Let's analyze the situation step by step:

1. John puts the ball in the box.
2. John leaves for work.
3. Mark comes into the room and puts the ball in the basket.
4. Mark leaves for school.
5. John and Mark both return to the room.
 

At this point, John and Mark have not seen each other's actions. Therefore, they only know
what happened while they were in the room.
 

John only saw the ball in the box before he left for work. Mark only saw the ball in the basket before he left for 
school. Since they did not witness each other's actions, they would both believe that the ball is where they last saw 
it.
 

So, John would think the ball is in the box, and Mark would think the ball is in the basket.
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Summary of Orca 2

• Example demonstrating the responses of Orca 2
- ChatGPT (GPT-3.5-Turbo)

- LLaMA2-Chat-13B
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### Question:
John and Mark are in a room with a ball, a basket and a box. John puts the ball in the box, then 
leaves for work. While John is away, Mark puts the ball in the basket, and then leaves for school. 
They both come back together later in the day, and they do not know what happened in the room 
after each of them left the room. Where do they think the ball is?

John and Mark will likely think that the ball is in the box, since that is where John left it before he left for work. 
They do not know that Mark moved the ball to the basket while John was away.

This is a classic lateral thinking puzzle. The solution is that the ball is still in the box.
 

Here's the reasoning:
1. John put the ball in the box before he left for work.
2. Mark put the ball in the basket before he left for school.
3. Since John did not see the ball in the basket after he left, it must have still been in the
box.
4. Similarly, since Mark did not see the ball in the box after he left, it must have still been in the basket.
 

Therefore, the ball is still in the box.
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Evaluation Results
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• Multi-Turn Open Ended Conversations: MT-Bench

- Orca-2-13B performs comparably with other 13B models.
- No instruction for multi-turn conversations
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