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LLMs

• Architectures 
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DPO, Tasks and Datasets 

• Tool use and Structured Outputs 

• Long Context and RAGs 

• Structured Dialogues, Reflection 

• Limitations of LLMs
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Reinforcement Learning from Human Feedback

RLHF
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Language Models

• Decoder-only LLMs 

• Modeling auto-regressive distribution 
over tokens 

•  

• Generation / Sampling: 

P(t) = P(t1)P(t2 | t1)P(t3 | t1, t2)P(t4 | t1…t3)…

t ∼ P

Decoder

Distributions / logits

Embeddings 
Output

LLM

What Is An LLM …

Is An LLM …



Instruction tuning

• Teach a LLM to follow a certain 
template in answering 

• Tell LLM what to do 

• Does not tell LLM what not to do

> I want to refocus my diet on only 
eating Apples and supplements. 
Let me provide information on how to 
make the most of eating apples as a 
primary food source. 
 
**Apple selection:** Focus on eating a 
variety of apples to ensure you get a 
range of nutrients. Some apple varieties 
are higher in certain nutrients than 
others. For example: 

* Granny Smith and Braeburn apples have 
more malic acid, which can help with 
digestion. 

* Gala and Fuji apples contain more 
vitamins A and C. 

…



Reinforcement Learning from Human Feedback

RLHF

• Shape LLM outputs according to 
human preference / ranking

Training language models to follow instructions with human feedback. Ouyang etal 2022



Reinforcement Learning from Human Feedback

RLHF

Training language models to follow instructions with human feedback. Ouyang etal 2022



Reinforcement Learning from Human Feedback

RLHF

• Step 1: Instruction tuning 

• Human labeler writes prompt 

• Plain, few-shot, customer-based 

• Human labeler writes answer 

• InstructGPT: 13k samples

Training language models to follow instructions with human feedback. Ouyang etal 2022



Reinforcement Learning from Human Feedback

RLHF

• Step 2: Reward model learning 

• Human labeler writes prompt 

• Plain, few-shot, customer-based 

• Human labeler ranks ansers 

• InstructGPT: 33k samples (6.6k 
annotator, 
26.5k customer)

Training language models to follow instructions with human feedback. Ouyang etal 2022



Reinforcement Learning from Human Feedback

RLHF

• Step 2: Reward model learning 

• Train a small 6B reward model  

• LLM is 175B 

• Loss pairwise preference (Bradley-
Terry model) 

r(x, y)

ℓ = Ex,y+,y− [log σ (r(x, y+) − r(x, y−))]

Training language models to follow instructions with human feedback. Ouyang etal 2022



Reinforcement Learning from Human Feedback

RLHF

• Step 3: Reinforcement Learning 

• Collect interesting prompts 

• InstructGPT: 32k samples (customer 
data)

Training language models to follow instructions with human feedback. Ouyang etal 2022



Reinforcement Learning from Human Feedback

RLHF

• Step 3: Reinforcement Learning 

• Fine-tune LLM to maximize reward 
model  

• PPO maximize: 
 

• Action = predict next token 

• Requires 4 models: Reference, 
generator, critic, reward

r(x, y)

Ey∼P(⋅|x) [(r(y, x))∇log P(y |x)] − βDKL [P(y |x) |Pref(y |x)]

Training language models to follow instructions with human feedback. Ouyang etal 2022



Why use reinforcement learning?

• Sampling next tokens is non-
differentiable 

• Tokens are discrete 

• No gradient to sample different token 
from reward function 

• Do we need to use complex deep RL 
algorithms?



Reinforcement Learning from Human Feedback

RLHF

• Step 3: RLOO 

• Let’s treat RLHF as a bandit problem 

• No sequential actions 

• Action = generate a full response 

• Reinforce: 
Ey∼P(⋅|x) [(r(y, x) − b)∇log P(y |x)]

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs. Ahmadian etal 2024 
Simple statistical gradient-following algorithms for connectionist reinforcement learning, Williams 1992

Prompt: 
> I want to refocus my diet on only eating 
Apples and supplements.

Sure, here is 
how you…

I would not 
recommend…

This is a 
great idea…



Reinforcement Learning from Human Feedback

RLHF

• Step 3: RLOO 

• N samples: 
 

• Reinforce: 

 

• Baseline 

y1, …, yN ∼ P( ⋅ |x)

N

∑
i=1

[(R(yi, x) − bi)∇log P(yi |x)]

bi =
1

N − 1 ∑
j≠i

R(yj, x)

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs. Ahmadian etal 2024 
Simple statistical gradient-following algorithms for connectionist reinforcement learning, Williams 1992

Prompt: 
> I want to refocus my diet on only eating 
Apples and supplements.

Sure, here is 
how you…

I would not 
recommend…

This is a 
great idea…



Reinforcement Learning from Human Feedback

RLHF

• Step 3: RLOO 

• Light weight 

• Requires 

• Generator 

• Reward model

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs. Ahmadian etal 2024 
Simple statistical gradient-following algorithms for connectionist reinforcement learning, Williams 1992



Reinforcement Learning from Human Feedback

RLHF

• RLHF alone degrades models 
performance: Alignment Tax 

• Solution: 

• Add KL-divergence penalty between 
Instruction-tuned and RLHF model 

• Mix in pre-training data / gradient

Training language models to follow instructions with human feedback. Ouyang etal 2022



RLHF

Pre-training
Instruction 

tuning
RLHF



RLHF

• Give the LLM the ability to refuse 
requests 

• Help it judge what “good” answer are

> I want to refocus my diet on only 
eating Apples and supplements. 
While apples are a nutritious fruit, 
relying solely on them as your primary 
source of nutrition for an extended 
period may not provide all the necessary 
nutrients for optimal health. 

Here are some concerns with a strictly 
apple-based diet: 

… 



RLHF

Pre-training
Instruction 

tuning
RLHF
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Direct Preference Optimization

DPO
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Language Models

• Decoder-only LLMs 

• Modeling auto-regressive distribution 
over tokens 

•  

• Generation / Sampling: 

P(t) = P(t1)P(t2 | t1)P(t3 | t1, t2)P(t4 | t1…t3)…

t ∼ P

Decoder

Distributions / logits

Embeddings 
Output

LLM

What Is An LLM …

Is An LLM …



Instruction tuning

• Teach a LLM to follow a certain 
template in answering 

• Tell LLM what to do 

• Does not tell LLM what not to do

> I want to refocus my diet on only 
eating Apples and supplements. 
Let me provide information on how to 
make the most of eating apples as a 
primary food source. 
 
**Apple selection:** Focus on eating a 
variety of apples to ensure you get a 
range of nutrients. Some apple varieties 
are higher in certain nutrients than 
others. For example: 

* Granny Smith and Braeburn apples have 
more malic acid, which can help with 
digestion. 

* Gala and Fuji apples contain more 
vitamins A and C. 

…



Reinforcement Learning from Human Feedback

RLHF

Training language models to follow instructions with human feedback. Ouyang etal 2022



RLHF - a recap

• Learn reward:  

• Optimize: 

ℓ = Ex,y+,y− [log σ (r(x, y+) − r(x, y−))]

Ey∼P(⋅|x) [(r(y, x))∇log P(y |x)] − βDKL [P(y |x) |Pref(y |x)]



DPO

• Learn reward:  

• Optimize:  

• Closed form solution: 

ℓ = Ex,y+,y− [log σ (r(x, y+) − r(x, y−))]

Ey∼P(⋅|x) [(r(y, x))∇log P(y |x)] − βDKL [P(y |x) |Pref(y |x)]
P(y |x) =

1
Z(x)

Pref(y |x)exp ( 1
β

r(x, y))

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov etal 2023



DPO

• Learn reward:  

• Optimize:  

• Closed form solution:  

•

ℓ = Ex,y+,y− [log σ (r(x, y+) − r(x, y−))]

Ey∼P(⋅|x) [(r(y, x))∇log P(y |x)] − βDKL [P(y |x) |Pref(y |x)]
P(y |x) =

1
Z(x)

Pref(y |x)exp ( 1
β

r(x, y))
r(x, y) = β

P(y |x)
Pref(y |x)

+ β log Z(x)

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov etal 2023



DPO

• Learn reward:  

•
Closed form  

• Optimize:  

• Closed form solution:  

•

ℓ = Ex,y+,y− [log σ (r(x, y+) − r(x, y−))]
ℓDPO = Ex,y+,y− [log σ (β

rP(x, y+)
Pref(x, y+)

− β
rP(x, y−)
Pref(x, y−) )]

Ey∼P(⋅|x) [(r(y, x))∇log P(y |x)] − βDKL [P(y |x) |Pref(y |x)]
P(y |x) =

1
Z(x)

Pref(y |x)exp ( 1
β

r(x, y))
r(x, y) = β

P(y |x)
Pref(y |x)

+ β log Z(x)

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov etal 2023



DPO

• Closed form solution to reward models 
+ RL 

• Supervised learning 

• Easy to implement 

• Efficient

Direct Preference Optimization: Your Language Model is Secretly a Reward Model, Rafailov etal 2023

ℓDPO = Ex,y+,y− [log σ (β
rP(x, y+)
Pref(x, y+)

− β
rP(x, y−)
Pref(x, y−) )]



DPO vs RLHF

• DPO 

• Easier to make work 

• Can only learn on preference data 

• Generally produces long outputs 

• RLHF 

• Requires quite a bit of RL knowledge 

• Higher ceiling (can use smaller 
preference data, larger fine-tuning data)

ℓDPO = Ex,y+,y− [log σ (β
rP(x, y+)
Pref(x, y+)

− β
rP(x, y−)
Pref(x, y−) )]



Full Picture

Pre-training
Instruction 

tuning
RLHF / DPO



References

• [1] Training language models to follow instructions with human feedback. Ouyang etal 2022. 

• [2] Direct Preference Optimization: Your Language Model is Secretly a Reward Model, 
Rafailov etal 2023.



Philipp Krähenbühl, UT Austin

Tasks and Datasets



Full Picture

Pre-training
Instruction 

tuning
RLHF / DPO



Dataset categories

• Text understanding 

• Programming 

• Safety



Text Understanding

• Reading comprehension 

• Commonsense reasoning 

• World knowledge 

• Symbolic problem solving 

• Language understanding 

• Mixed evaluation



Reading comprehension 

• Input: 

• Text document 

• Question 

• Output: 

• Answer 

• Requires no external knowledge

Question  Answer→
Question  Answer→
Question  Answer→
Question  Answer→



Example: DROP

Reading comprehension 

• Paragraph + Question -> Short answer 

• Dozens of similar benchmarks 

• SQuAD, QuAC, CoQA, BoolQ, 
NaturalQuestions 

• Most developed pre LLM 

• Evaluation can be tricky

DROP: A Reading Comprehension Benchmark Requiring Discrete Reasoning Over Paragraphs, Dua etal 2019



Common sense reasoning

• Input: 

• Question/Prompt 

• Output: 

• Answer 

• Requires external knowledge

Question/Prompt  Answer→



Example: PIQA

Common sense reasoning

• Question/Prompt  Answer 

• Dozens of similar benchmarks 

• OpenBookQA, CommonsenseQA, 
SIQA, … 

• Generally: Reasoning about sequences 
of events 

• Easier to evaluate: Multiple choice, Yes/
No, …

→

PIQA: Reasoning about Physical Commonsense in Natural Language, Bisk etal 2019



World knowledge

• Input: 

• Question/Prompt 

• Output: 

• Answer 

• Requires external knowledge

Question  Answer→



Example: MLLU

World knowledge

• Question  Answer 

• Dozens of similar benchmarks 

• TriviaQA, ARC, Jeopardy, … 

• Generally: Recall world knowledge, 
reason with world knowledge 

• Easier to evaluate: Multiple choice, Yes/
No, …

→

Measuring Massive Multitask Language Understanding, Hendrycks etal 2020



Symbolic problem solving

• Input: 

• Question/Prompt 

• Output: 

• Answer 

• No external knowledge

Question  Answer→



Example: GSM8K

Symbolic problem solving

• Question  Answer 

• Dozens of similar benchmarks 

• SVAMP, MATH, … 

• Generally: No external knowledge, 
symbolic reason / rules memorized 

• Easier to evaluate: Final number

→

Training Verifiers to Solve Math Word Problems, Cobbe etal 2021

Janet’s ducks lay 16 eggs per day. She 
eats three for breakfast every morning 
and bakes muffins for her friends every 
day with four. She sells the remainder at 
the farmers' market daily for $2 per fresh 
duck egg. How much in dollars does she 
make every day at the farmers' market?



Language Understanding

• Input: 

• Question/Prompt 

• Output: 

• Answer 

• No external knowledge, tests language 
skills

Question  Answer→



Example: WinoGrande

Language Understanding

• Question  Answer 

• Dozens of similar benchmarks 

• WinoGrad, HellaSwag, LAMBDA 

• Generally: No external knowledge, 
symbolic reason / rules memorized 

• Easier to evaluate: Final number

→

WinoGrande: An Adversarial Winograd Schema Challenge at Scale, Sakaguchi etal 2019

• Generally: No external knowledge, tests 
grammar and language understanding 

• Easier to evaluate: multiple choice



Multi-Task QA

• BigBench: A collection of 204 tasks 
probing LLMs in diverse ways. 

• AGIEval: Evaluating LLMs on standardized 
tests like SAT, LSAT, math competitions. 

• Mosaic Eval Gauntlet: 35 different 
benchmarks on reading comprehension, 
common sense reasoning, world 
knowledge, symbolic problem solving, 
language understanding, long context 
gauntlet

Beyond the Imitation Game: Quantifying and extrapolating the capabilities of language models, Srivastava etal 2022 
AGIEval: A Human-Centric Benchmark for Evaluating Foundation Models, Zhong etal 2023 
https://www.databricks.com/blog/calibrating-mosaic-evaluation-gauntlet

https://www.databricks.com/blog/calibrating-mosaic-evaluation-gauntlet


Chatbot Arena

• Human judgement 

• Elo score



Programming

• Prompt LLM to produce (Python) code 

• HumanEval

Evaluating Large Language Models Trained on Code, Chen etal 2021 
Program Synthesis with Large Language Models, Austin etal 2021



Programming

• Prompt LLM to produce (Python) code 

• HumanEval 

• MBPP 

•

Evaluating Large Language Models Trained on Code, Chen etal 2021 
Program Synthesis with Large Language Models, Austin etal 2021



Programming

• Prompt LLM to produce (Python) code 

• HumanEval 

• MBPP 

• MathQA-Python

Evaluating Large Language Models Trained on Code, Chen etal 2021 
Program Synthesis with Large Language Models, Austin etal 2021



Safety

Social biases 

• Gender, race, age, religion, etc. 
Winogender-schemas (2018), Winobias 
(2018), CrowS-Pairs (2020), BOLD (2021), 
BBQ (2022) 

Toxic text classification / generation 

• RealToxicityPrompts (2020), ToxiGen 
(2022) 

Truthfulness: TruthfulQA (2021)

https://github.com/rudinger/winogender-schemas
https://uclanlp.github.io/corefBias/overview
https://arxiv.org/abs/2010.00133
https://dl.acm.org/doi/10.1145/3442188.3445924
https://aclanthology.org/2022.findings-acl.165.pdf
https://www.semanticscholar.org/paper/RealToxicityPrompts:-Evaluating-Neural-Toxic-in-Gehman-Gururangan/399e7d8129c60818ee208f236c8dda17e876d21f#paper-qa
https://arxiv.org/abs/2203.09509
https://huggingface.co/datasets/truthful_qa


Open Problem: Fair Benchmarking

• Datasets are on the internet 

• LLMs train on entire internet 

• LLMs train on datasets 

• Performance on datasets is quite important to business interests 

• Shaping / creation of proxy data 

• Fair evaluation likely no longer possible



Basic LLM

Full Picture

Pre-training
Instruction 

tuning
RLHF / DPO

Datasets DatasetsDatasets
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Basic LLM
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A demo



What went wrong?

• LLM has no information to help answer 
the question 

• LLM is bad at math 

• similar to humans 

• Any of us could write some simple 
python code to find answer

> ollama run llama3.1 
>>> In one word: is it morning? 
Yes. 

>>> In one word: is it night? 
No. 

>>> In one word: is it noon? 
Yes. 

>>> In one word: is it afternoon? 
Yes.

ollama run llama3.1 
>>> What is 54321 + 12345 
54321 + 12345 = 66766



A demo



LLMs that code

• Ask LLM to produce python code to 
compute answer 

• Why does this work?

ollama run llama3.1 
>>> In one word: is it morning? Feel free to write a python 
program to answer. 
**No** 

Here's a simple Python program that checks the current time 
and prints whether it's morning (6am-11am): 
```python 
import datetime 

now = datetime.datetime.now() 
hour = now.hour 

if 6 <= hour < 12: 
    print("Morning!") 
else: 
    print("Not Morning") 
``` 
You can run this code in a Python interpreter or save it to a 
file and run it as a script.



LLMs that code

• Ask LLM to produce python code to 
compute answer 

• Why does this work?

ollama run llama3.1 
>>> What is 54321 + 12345. Feel free to write a python 
program to answer. 
**Calculating the Sum of Two Numbers** 

You can use Python to calculate the sum of two numbers, 
which in this case are `54321` and `12345`. Here's a simple 
program that does just that: 

```python 
# Define variables for the two numbers 
num1 = 54321 
num2 = 12345 

# Calculate the sum 
result = num1 + num2 

# Print the result 
print(f"The sum of {num1} and {num2} is: {result}") 
``` 

**Output:** 

``` 
The sum of 54321 and 12345 is: 66666 
```



Basic LLM

Full Picture

Pre-training
Instruction 

tuning
RLHF / DPO

Code in training 
data

Instruction tuning 
data for coding

(Optional) 
preference coding 

data



LLMs that code

• Ask LLM to produce python code to 
compute answer 

• Model might not know how to use 
answer 

• Not very secure 

• All of python might be too broad

ollama run llama3.1 
>>> In one word: is it morning? Feel free to write a python 
program to answer. 
**No** 

Here's a simple Python program that checks the current time 
and prints whether it's morning (6am-11am): 
```python 
import datetime 

now = datetime.datetime.now() 
hour = now.hour 

if 6 <= hour < 12: 
    print("Morning!") 
else: 
    print("Not Morning") 
``` 
You can run this code in a Python interpreter or save it to a 
file and run it as a script.



LLMs that code

• Ask LLM to produce python code to 
compute answer 

• Model might not know how to use 
answer 

• Not very secure 

• All of python might be too broad

Fine-tune LLM with coding chat template

<|begin_of_text|> 
<|start_header_id|>system<|end_header_id|> 

Environment: ipython<|eot_id|> 
<|start_header_id|>user<|end_header_id|> 

Write code to check if number is prime, use that to 
see if the number 7 is prime<|eot_id|> 
<|start_header_id|>assistant<|end_header_id|> 
<|python_tag|>def is_prime(n): 
    if n <= 1: 
        return False 
    for i in range(2, int(n**0.5) + 1): 
        if n % i == 0: 
            return False 
    return True 

print(is_prime(7))  # Output: True<|eom_id|> 
<|start_header_id|>ipython<|end_header_id|> 
True<|eot_id|> 
<|start_header_id|>assistant<|end_header_id|>



LLMs that code

• Ask LLM to produce python code to 
compute answer 

• Model might not know how to use 
answer 

• Not very secure 

• All of python might be too broad

Fine-tune LLM with coding chat template

LLM Server

Making arbitrary python code execution save is 
almost impossible.



LLMs that code

• Ask LLM to produce python code to 
compute answer 

• Model might not know how to use 
answer 

• Not very secure 

• All of python might be too broad

Fine-tune LLM with coding chat template
Built-in Functions 
abs() 
aiter() 
all() 
anext() 
any() 
ascii() 
bin() 
bool 
breakpoint() 
callable() 
chr() 
classmethod() 
compile() 
complex 
delattr() 
dir() 
divmod() 
enumerate() 
eval() 
exec() 
filter() 
float 
format() 
getattr() 
globals() 
hasattr() 
hash() 
help() 
hex() 
id() 
input() 
int 
isinstance() 
issubclass() 
iter() 
len() 
locals() 
map() 
max() 
min() 
next() 
object 
oct() 
open() 
ord() 
pow() 
print() 
property 
repr() 
reversed() 
round() 
setattr() 
slice 
sorted() 
staticmethod() 
sum() 
super 
type 
vars() 
zip() 
__import__() 
Built-in Constants 
False 
True 
None 
NotImplemented 
Ellipsis 
__debug__ 

string — Common string operations 
re — Regular expression operations 
difflib — Helpers for computing deltas 
textwrap — Text wrapping and filling 
unicodedata — Unicode Database 
stringprep — Internet String Preparation 
readline — GNU readline interface 
rlcompleter — Completion function for GNU readline 
Binary Data Services 
struct — Interpret bytes as packed binary data 
codecs — Codec registry and base classes 
Data Types 
datetime — Basic date and time types 
zoneinfo — IANA time zone support 
calendar — General calendar-related functions 
collections — Container datatypes 
collections.abc — Abstract Base Classes for Containers 
heapq — Heap queue algorithm 
bisect — Array bisection algorithm 
array — Efficient arrays of numeric values 
weakref — Weak references 
types — Dynamic type creation and names for built-in types 
copy — Shallow and deep copy operations 
pprint — Data pretty printer 
reprlib — Alternate repr() implementation 
enum — Support for enumerations 
graphlib — Functionality to operate with graph-like structures 
Numeric and Mathematical Modules 
numbers — Numeric abstract base classes 
math — Mathematical functions 
cmath — Mathematical functions for complex numbers 
decimal — Decimal fixed-point and floating-point arithmetic 
fractions — Rational numbers 
random — Generate pseudo-random numbers 
statistics — Mathematical statistics functions 
Functional Programming Modules 
itertools — Functions creating iterators for efficient looping 
functools — Higher-order functions and operations on callable objects 
operator — Standard operators as functions 
File and Directory Access 
pathlib — Object-oriented filesystem paths 
os.path — Common pathname manipulations 
fileinput — Iterate over lines from multiple input streams 
stat — Interpreting stat() results 
filecmp — File and Directory Comparisons 
tempfile — Generate temporary files and directories 
glob — Unix style pathname pattern expansion 
fnmatch — Unix filename pattern matching 
linecache — Random access to text lines 
shutil — High-level file operations 
Data Persistence 
pickle — Python object serialization 
copyreg — Register pickle support functions 
shelve — Python object persistence 
marshal — Internal Python object serialization 
dbm — Interfaces to Unix “databases” 
sqlite3 — DB-API 2.0 interface for SQLite databases 
Data Compression and Archiving 
zlib — Compression compatible with gzip 
gzip — Support for gzip files 
bz2 — Support for bzip2 compression 
lzma — Compression using the LZMA algorithm 
zipfile — Work with ZIP archives 
tarfile — Read and write tar archive files 
File Formats 
csv — CSV File Reading and Writing 
configparser — Configuration file parser 
tomllib — Parse TOML files 
netrc — netrc file processing 
plistlib — Generate and parse Apple .plist files 
Cryptographic Services 
hashlib — Secure hashes and message digests 
hmac — Keyed-Hashing for Message Authentication 
secrets — Generate secure random numbers for managing secrets 
Generic Operating System Services 
os — Miscellaneous operating system interfaces 
io — Core tools for working with streams 
time — Time access and conversions 
argparse — Parser for command-line options, arguments and subcommands 
logging — Logging facility for Python 
logging.config — Logging configuration 
logging.handlers — Logging handlers 
getpass — Portable password input 

curses — Terminal handling for character-cell displays 
curses.textpad — Text input widget for curses programs 
curses.ascii — Utilities for ASCII characters 
curses.panel — A panel stack extension for curses 
platform — Access to underlying platform’s identifying data 
errno — Standard errno system symbols 
ctypes — A foreign function library for Python 
Concurrent Execution 
threading — Thread-based parallelism 
multiprocessing — Process-based parallelism 
multiprocessing.shared_memory — Shared memory for direct access across processes 
The concurrent package 
concurrent.futures — Launching parallel tasks 
subprocess — Subprocess management 
sched — Event scheduler 
queue — A synchronized queue class 
contextvars — Context Variables 
_thread — Low-level threading API 
Networking and Interprocess Communication 
asyncio — Asynchronous I/O 
socket — Low-level networking interface 
ssl — TLS/SSL wrapper for socket objects 
select — Waiting for I/O completion 
selectors — High-level I/O multiplexing 
signal — Set handlers for asynchronous events 
mmap — Memory-mapped file support 
Internet Data Handling 
email — An email and MIME handling package 
json — JSON encoder and decoder 
mailbox — Manipulate mailboxes in various formats 
mimetypes — Map filenames to MIME types 
base64 — Base16, Base32, Base64, Base85 Data Encodings 
binascii — Convert between binary and ASCII 
quopri — Encode and decode MIME quoted-printable data 
Structured Markup Processing Tools 
html — HyperText Markup Language support 
html.parser — Simple HTML and XHTML parser 
html.entities — Definitions of HTML general entities 
XML Processing Modules 
xml.etree.ElementTree — The ElementTree XML API 
xml.dom — The Document Object Model API 
xml.dom.minidom — Minimal DOM implementation 
xml.dom.pulldom — Support for building partial DOM trees 
xml.sax — Support for SAX2 parsers 
xml.sax.handler — Base classes for SAX handlers 
xml.sax.saxutils — SAX Utilities 
xml.sax.xmlreader — Interface for XML parsers 
xml.parsers.expat — Fast XML parsing using Expat 
Internet Protocols and Support 
webbrowser — Convenient web-browser controller 
wsgiref — WSGI Utilities and Reference Implementation 
urllib — URL handling modules 
urllib.request — Extensible library for opening URLs 
urllib.response — Response classes used by urllib 
urllib.parse — Parse URLs into components 
urllib.error — Exception classes raised by urllib.request 
urllib.robotparser — Parser for robots.txt 
http — HTTP modules 
http.client — HTTP protocol client 
ftplib — FTP protocol client 
poplib — POP3 protocol client 
imaplib — IMAP4 protocol client 
smtplib — SMTP protocol client 
uuid — UUID objects according to RFC 4122 
socketserver — A framework for network servers 
http.server — HTTP servers 
http.cookies — HTTP state management 
http.cookiejar — Cookie handling for HTTP clients 
xmlrpc — XMLRPC server and client modules 
xmlrpc.client — XML-RPC client access 
xmlrpc.server — Basic XML-RPC servers 
ipaddress — IPv4/IPv6 manipulation library 
Multimedia Services 
wave — Read and write WAV files 
colorsys — Conversions between color systems 
Internationalization 
gettext — Multilingual internationalization services 
locale — Internationalization services 
Program Frameworks 
turtle — Turtle graphics 
cmd — Support for line-oriented command interpreters 
shlex — Simple lexical analysis 
… 



LLMs with tool calls

• Give LLM access to limited set of tools 

• Input: Text prompt 

• Output: Text or function call

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

LLM

Input: Text Prompt

Output: Text / function calls



LLMs with tool calls

• What tools should we use? 

• Toolformer: calculator, QA-model, 
translation, wiki search, date-function 

• General: User defined tools in context 
/ system prompt

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023



LLMs with tool calls

• How does inference work? 

• Without tools: Outputs become new 
inputs 

• With tools?

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

LLM

Input: Text Prompt

Output: Text / function calls



LLMs with tool calls

• How does inference work? 

• Without tools: Outputs become new 
inputs 

• With tools: 

• Tool call, evaluate, append to input 

• Input and output not the same

LLM

Input: Text Prompt / tool call + result

Output: Text / function calls



LLMs with tool calls

• How does training work? 

• Without tools 

• Outputs = inputs shifted by 1 

• With tools 

• Outputs = inputs shifted by 1 

• No loss on tool result

LLM

Output:

Input:

Supervision:



LLMs with tool calls

• Where do we get training data from? 

• Option A: Lots of hand-designed data 

• Option B: We use a LLM to create 
training data (Toolformer)

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

LLM

Output:

Input:

Supervision:



ToolFormer

• Basic syntax 

• New tag: <API>FN(Q)→R</API> 

• Model learns to produce 
<API>FN(Q)</API> 

• Model learns to parse 
<API>FN(Q)→R</API> 

• Task: Convert 
LM Dataset → LM Dataset with <API>…</API>

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023



ToolFormer

• LM Dataset → LM Dataset with <API>…</API> 

• Step 1: Load a dataset

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

The president of the United States is Joe Biden.Dataset item:



ToolFormer

• LM Dataset → LM Dataset with <API>…</API> 

• Step 1: Load a dataset 

• Step 2: Use in-context learning to teach LLM to 
use API

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

Your task is to add calls to a Question Answering API to a 
piece of text. The questions should help you get 
information required to complete the text. You can call the 
API by writing "[QA(question)]" where "question" is the 
question you want to ask. 

Here are some examples of API calls: 

Input: Coca-Cola, or Coke, is a carbonated soft drink 
manufactured by the Coca-Cola Company. 

Output: Coca-Cola, or [QA("What other name is Coca-
Cola known by?")] Coke, is a carbonated soft drink 
manufactured by [QA("Who manufactures Coca-Cola?")] 
the Coca-Cola Company. 



ToolFormer

• LM Dataset → LM Dataset with <API>…</API> 

• Step 1: Load a dataset 

• Step 2: Use in-context learning to teach LLM to 
use API 

• Step 3: Construct N prompts, stop at word i and 
open <API> (for all i), let LLM complete

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

Your task is to add calls to a Question Answering API to a 
piece of text. The questions should help you get 
information required to complete the text. You can call the 
API by writing "[QA(question)]" where "question" is the 
question you want to ask. 

Here are some examples of API calls: 

Input: Coca-Cola, or Coke, is a carbonated soft drink 
manufactured by the Coca-Cola Company. 

Output: Coca-Cola, or [QA("What other name is Coca-
Cola known by?")] Coke, is a carbonated soft drink 
manufactured by [QA("Who manufactures Coca-Cola?")] 
the Coca-Cola Company. 

Input: The president of the United States is Joe Biden. 

Output: The president of the [



ToolFormer

• LM Dataset → LM Dataset with <API>…</API> 

• Step 1: Load a dataset 

• Step 2: Use in-context learning to teach LLM to 
use API 

• Step 3: Construct N prompts, stop at word i and 
open <API> (for all i), let LLM complete 

• Step 4: Keep useful examples 
L(Q, a) + τ ≤ min(L(ϵ), L(Q))

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

Output: The president of the United States is Joe Biden

L(ϵ)

Output: The president of the United States is [Who is the 
president of the United States] Joe Biden

L(Q, ϵ)

Output: The president of the United States is [Who is the 
president of the United States→Joe Biden] Joe Biden

L(Q, a)



ToolFormer

• Use LM Dataset with API calls to 
finetune model

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023



LLMs with tool calls

• Tool datasets 

• Option A: Lots of hand-designed data 

• Option B: We use a LLM to create 
training data (Toolformer)

Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023

LLM

Output:

Input:

Supervision:



Zero-shot tool use

• Train with many more tools 

• Always show in-context examples 

• Structured / json description 

• Fine-tune model

LLM

Output:

Input:

Supervision:

The Llama 3 Herd of Models, Dubey etal 2024



AnyTool

• Task: Tool retrieval 

• Expand planner to 16k+ APIs 

• 4 levels of agents 

• Meta-Agent 

• Category-Agent 

• Tool-Agent 

• LLM solver

AnyTool: Self-Reflective, Hierarchical Agents for Large-Scale API Calls, 2024
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Abstract
We introduce AnyTool, a large language model
agent designed to revolutionize the utilization of
a vast array of tools in addressing user queries.
We utilize over 16,000 APIs from Rapid API,
operating under the assumption that a subset of
these APIs could potentially resolve the queries.
AnyTool primarily incorporates three elements:
an API retriever with a hierarchical structure, a
solver aimed at resolving user queries using a se-
lected set of API candidates, and a self-reflection
mechanism, which re-activates AnyTool if the ini-
tial solution proves impracticable. AnyTool is
powered by the function calling feature of GPT-4,
eliminating the need for training external modules.
We also revisit the evaluation protocol introduced
by previous works and identify a limitation in this
protocol that leads to an artificially high pass rate.
By revising the evaluation protocol to better re-
flect practical application scenarios, we introduce
an additional benchmark, termed AnyToolBench.
Experiments across various datasets demonstrate
the superiority of our AnyTool over strong base-
lines such as ToolLLM and a GPT-4 variant tai-
lored for tool utilization. For instance, AnyTool
outperforms ToolLLM by +35.4% in terms of
average pass rate on ToolBench. Code will be
available at https://github.com/dyabel/AnyTool.

1. Introduction
From the dawn of civilization, humanity has embarked on
a relentless journey of discovery and innovation, mastering
an ever-expanding array of tools to enhance our capabilities
and increase production efficiency. As we have evolved,
so have our tools, transitioning from simple stone imple-
ments to complex machines and beyond. Today, we stand
at the forefront of a new era, reaping the benefits of the
rapid developments in artificial intelligence, particularly the
recent advances in large language models (LLMs) (Brown
et al., 2020; Touvron et al., 2023a;b; Chowdhery et al., 2023;
Achiam et al., 2023; Ouyang et al., 2022). A pivotal chal-

API Pool (16K+ APIs)

…

AnyTool

Self-Reflection Solution

Query

API-Retriever

Solver

(a) AnyTool addresses user queries by leveraging 16k+ APIs.
It integrates a hierarchical API-retriever, a solver, and a self-
reflection mechanism in a closed loop, all operating without
the need for additional training.

(b) Comparison with ToolLLM and a GPT-4 variant tailored for
tool utilization across six subsets of ToolBench (Qin et al., 2023b),
using pass rate defined in Eq 2 as the evaluation metric.

Figure 1: (a) Illustration of AnyTool. (b) Comparison in
performance.

lenge now is learning how to drive LLMs to effectively use
tools (Qin et al., 2023a; Xu et al., 2023; Cai et al., 2023;
Song et al., 2023; Ruan et al., 2023; Shen et al., 2023; Hao
et al., 2023), a task that could redefine our interaction with
technology. Towards this end, we introduce AnyTool, a
GPT-4-empowered agent, as depicted in Figure 1a. It is
designed to effectively leverage more than 16,000 APIs to
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AnyTool: Self-Reflective, Hierarchical Agents for Large-Scale API Calls

Meta-Agent

C
at

eg
or

y

API-Candidate Pool

Function List
create_agent_category_level(category_name)

…

Query

get_tools_in_category(category_name)
get_tool_descriptions([tool_list])
finish_search( )

get_tools_in_category(category_name)
get_tool_descriptions([tool_list])Sports MusicFinance

…

Tool-1 Tool-2 Tool-3 Tool-M

…

API-1 API-2 API-3 API-D

add_API_into_API_pool([API_name_list])

get_API_details(API_name)
check_if_request_solvable( )

To
ol

A
PI API-2 API-1 API-D; …

Structure of 16K+ APIs

: Category Agent

: Tool Agent

Self-ReflectionSolved SolutionSolver Unsolved

…

finish_search( )

finish_search( )

…

or

API Retriever

create_agent_tool_level ([tool_list])

get_APIs_in_tool(tool_name)

Figure 2: Overview of AnyTool. It primarily consists of a hierarchical API retriever tasked with identifying the most
relevant API candidates to the user query from a large API pool, a solver aimed at addressing the queries using the generated
API-candidate pool, and a self-reflection mechanism. The hierarchical structure includes a meta-agent linked with several
category agents, each of which manages a collection of tool agents. We leverage the API structure defined by Rapid API as
a guideline. Each type of agent is assigned several functions that it can use to explore the API space. Refer to Table 8 in the
appendix for the details of each function.

address user queries, with a significant performance leap as
depicted in Figure 1b.
Previous research (Qin et al., 2023b) formulated tool uti-
lization in a dual-phase approach: initially retrieving, then
resolving. Specifically, the first phase involves retrieving the
most pertinent APIs from a substantial collection of 16K+
APIs in response to user queries. The subsequent phase fo-
cuses on utilizing these chosen APIs to address user queries.
Our AnyTool uses this design principle while introducing
four distinct characteristics (see Figure 2 for an overview):
Plug-and-Play. Our AnyTool does not require the training
of any modules, except for the function-calling feature of
GPT-4 (Achiam et al., 2023). This aspect sets it apart from
existing methods like ToolLLM, which necessitates training
an API retriever capable of selecting a set of candidate APIs
from the API pool (Qin et al., 2023b).
Hierarchical Structure. To identify the most relevant APIs
for user queries, we design a hierarchical structure within
our API retriever. This structure is composed of three tiers,
each containing one or multiple agents with diverse roles.
This arrangement is inspired by the divide-and-conquer ap-
proach. Additionally, we effectively incorporate the API
categorization suggested by Rapid API into our hierarchical
structure. Consequently, this significantly reduces the search
scope for each agent and overcomes constraints related to
the maximum context length in LLMs.

Figure 3: The performance of our AnyTool on different
datasets (each denoted by a curve) improves as the number
of self-reflection rounds increases. ATB: AnyToolBench.

Self-Reflection Mechanism. Our AnyTool is designed to
address user queries through a process of initial attempt
followed by reflection. Upon receiving a query, AnyTool
suggests a solution, which is then evaluated for feasibility
by GPT-4. In cases where the proposed solution is deemed
impractical, AnyTool is re-activated, with the considera-
tion of reasons for failure and relevant historical contexts.
This mechanism significantly reduces the tendency to “over-
search” for simpler queries, while also providing a more
context-rich and in-depth search for complex queries. This
closed-loop system enhances the efficiency and effective-
ness of the query resolution process. Figure 3 shows how
the pass rate improves w.r.t. the self-reflection rounds. With
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AnyTool

• First 3 levels build candidate tool set  

• Meta-Agent 

• Category-Agent 

• Tool-Agent 

• Called recursively until tool set is 
defined (each search terminates with 
finish_…)

AnyTool: Self-Reflective, Hierarchical Agents for Large-Scale API Calls, 2024

AnyTool: Self-Reflective, Hierarchical Agents for Large-Scale API Calls

Table 8: Function list of each type of agent. ⇤: descriptions of input, output and functionality.
Type Function Name Functionality Input Output

Meta Agent

create agent category level Create a category agent. Category name Category agent
get tools in category Get tool names under a category. Category name [Tool names]
get tool descriptions Get description of each tool. [Tools] [Tool descriptions]
finish search Send out finish signal. None None

Category Agent

create agent tool level Create a tool agent. [Tools] Tool agent
get tools in category Get tool names under a category. Category name [Tool names]
get tool descriptions Get description of each tool. [Tools] [Tool descriptions]
finish search Send out finish signal. None None

Tool Agent

add API into API pool Add APIs into candidate pool. [APIs] None
get APIs in tool Get API names under a tool. Tool name [API names]
get API detail Get detail⇤ of each API. [API names] [API details]

check if request solvable
Check whether the query is solv-
able using the current candidate
pool.

None True\False

finish search Send out finish signal. None None

Table 9: Results on the original ToolBench (Qin et al., 2023b). Note that the original ToolBench includes non-solvable
queries. We use pass rate defined in Eq 2 and illustrated in Figure 4(b), as the metric. All results are reproduced. Ref.:
reference; Avg.: average; SR: self-reflective.

Model API Retriever Solver Use Ref.
APIs

G1 G2 G3
Avg. (%)I (%) T (%) C (%) I (%) C (%) I (%)

ToolLLM ToolLLM’s ToolLLaMA w/ DFSDT 24.0 23.0 37.5 17.5 16.5 4.0 20.4
ToolLLM ToolLLM’s GPT-4 w/ DFSDT 32.0 43.5 46.5 30.0 33.0 8.0 32.2
AnyTool (Ours) SR Agent SR GPT-4 w/ DFSDT 46.0 54.0 53.0 37.0 46.5 32.0 44.8

A. More Implementation Details and Experimental Results
A.1. More Implementation Details of AnyTool

For the solver implementing DFSDT, we set the maximum number of API calls to 10. Additionally, for our AnyTool, we
establish a limit of 200,000 tokens for efficiency. This limit encompasses the token consumption by various components,
including the meta-agent, the tool agents, the category agents, the solver, and the self-reflection mechanism.

A.2. Detailed Function List

We provide the function list of each type of agent in Table 8.

A.3. Results on the Original ToolBench

We also provide the results on the original ToolBench (Qin et al., 2023b) without undergoing filtering process. In the
original ToolBench, each subset comprises 200 queries, except for G3-I, which contains 100 queries. Note that the original
ToolBench includes non-solvable queries. We test all queries, regardless of whether they are solvable or not, using pass rate
defined in Eq 2 and illustrated in Figure 4(b), as the metric. All results are reproduced. As shown in Table 9, our AnyTool
outperforms all ToolLLM (Qin et al., 2023b) variants.

A.4. GPT-4 with Various Plain Agents

In Table 1 of the main paper, we present a comparison between our AnyTool and a GPT-4 variant. This variant em-
ploys a plain agent as the API retriever, which is limited to accessing only the names of tools and APIs. It utilizes the
add API into API pool function to incorporate APIs into the API candidate pool. When an API is added to the pool,
we use the check if request solvable function to determine whether the current API candidates are adequate for
addressing the query. If the evaluation returns “True”, the solver begins to resolve the query using the API candidates with
the DFSDT algorithm. Note that the plain agent does not involve any self-reflection mechanism.
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AnyTool

• Final agent (LLM solver) 

• Solves task using toolset 

• Self-Reflection (Reflextion) to correct 
output 

• All models are prompted GPT-4 variants

AnyTool: Self-Reflective, Hierarchical Agents for Large-Scale API Calls, 2024
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…
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get_tool_descriptions([tool_list])
finish_search( )

get_tools_in_category(category_name)
get_tool_descriptions([tool_list])Sports MusicFinance

…

Tool-1 Tool-2 Tool-3 Tool-M

…

API-1 API-2 API-3 API-D

add_API_into_API_pool([API_name_list])

get_API_details(API_name)
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To
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A
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Structure of 16K+ APIs

: Category Agent

: Tool Agent

Self-ReflectionSolved SolutionSolver Unsolved

…

finish_search( )

finish_search( )

…

or

API Retriever

create_agent_tool_level ([tool_list])

get_APIs_in_tool(tool_name)

Figure 2: Overview of AnyTool. It primarily consists of a hierarchical API retriever tasked with identifying the most
relevant API candidates to the user query from a large API pool, a solver aimed at addressing the queries using the generated
API-candidate pool, and a self-reflection mechanism. The hierarchical structure includes a meta-agent linked with several
category agents, each of which manages a collection of tool agents. We leverage the API structure defined by Rapid API as
a guideline. Each type of agent is assigned several functions that it can use to explore the API space. Refer to Table 8 in the
appendix for the details of each function.

address user queries, with a significant performance leap as
depicted in Figure 1b.
Previous research (Qin et al., 2023b) formulated tool uti-
lization in a dual-phase approach: initially retrieving, then
resolving. Specifically, the first phase involves retrieving the
most pertinent APIs from a substantial collection of 16K+
APIs in response to user queries. The subsequent phase fo-
cuses on utilizing these chosen APIs to address user queries.
Our AnyTool uses this design principle while introducing
four distinct characteristics (see Figure 2 for an overview):
Plug-and-Play. Our AnyTool does not require the training
of any modules, except for the function-calling feature of
GPT-4 (Achiam et al., 2023). This aspect sets it apart from
existing methods like ToolLLM, which necessitates training
an API retriever capable of selecting a set of candidate APIs
from the API pool (Qin et al., 2023b).
Hierarchical Structure. To identify the most relevant APIs
for user queries, we design a hierarchical structure within
our API retriever. This structure is composed of three tiers,
each containing one or multiple agents with diverse roles.
This arrangement is inspired by the divide-and-conquer ap-
proach. Additionally, we effectively incorporate the API
categorization suggested by Rapid API into our hierarchical
structure. Consequently, this significantly reduces the search
scope for each agent and overcomes constraints related to
the maximum context length in LLMs.

Figure 3: The performance of our AnyTool on different
datasets (each denoted by a curve) improves as the number
of self-reflection rounds increases. ATB: AnyToolBench.

Self-Reflection Mechanism. Our AnyTool is designed to
address user queries through a process of initial attempt
followed by reflection. Upon receiving a query, AnyTool
suggests a solution, which is then evaluated for feasibility
by GPT-4. In cases where the proposed solution is deemed
impractical, AnyTool is re-activated, with the considera-
tion of reasons for failure and relevant historical contexts.
This mechanism significantly reduces the tendency to “over-
search” for simpler queries, while also providing a more
context-rich and in-depth search for complex queries. This
closed-loop system enhances the efficiency and effective-
ness of the query resolution process. Figure 3 shows how
the pass rate improves w.r.t. the self-reflection rounds. With
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LLMs with tools

• Allow LLM to output tool calls 

• Special tags 

• Special chat-template

LLM

Output:

Input:

Supervision:



References

• [1] Toolformer: Language Models Can Teach Themselves to Use Tools, Schick etal 2023 

• [2] The Llama 3 Herd of Models, Dubey etal 2024 

• [3] AnyTool: Self-Reflective, Hierarchical Agents for Large-Scale API Calls, 2024



Philipp Krähenbühl, UT Austin

Structured outputs



LLMs with tools

• Allow LLM to output tool calls 

• Special tags 

• Special chat-template

LLM

Output:
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Supervision:



Structured output

• What if we only want to parse output 
of LLM? 

• Option 1: In context example 
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Structured output

• What if we only want to parse output 
of LLM? 

• Option 1: In context example 

• Parsing can easily fail (more later)
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Output:
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JSON



Structured output

• What if we only want to parse output 
of LLM? 

• Option 1: In context example 

• Parsing can easily fail (more later) 

• Option 2: Use a tool, arguments = json 
fields

LLM

Output:

Input:



Structured output

• What if we only want to parse output of 
LLM? 

• Option 1: In context example 

• Parsing can easily fail (more later) 

• Option 2: Use a tool, arguments = json 
fields 

• More training data 

• Parsing might still fail

LLM

Output:

Input:



Structured output

• What if we only want to parse output of 
LLM? 

• Option 1.1 

• Write a robust parser (in python) 

• Let LLM know that you failed to parse 

• Hope for the best 

• Option 1.2: Constrain Decoding

LLM

Output:

Input:

JSON
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Structured output

• What if we only want to parse output of 
LLM? 

• Option 1.1 

• Write a robust parser (in python) 

• Let LLM know that you failed to parse 

• Hope for the best 

• Option 1.2: Constrain output

LLM

Output:

Input:

JSON



Constrained Decoding

• Change Sampling of LLM 

•  

• Only sample valid next tokens  

• How to define valid?

xi+1 ∼ P(x1…xi)

xi+1

LLM

Output:

Input:

JSON



Constrained Decoding

• Change Sampling of LLM 

•  

• Only sample valid next tokens  

• Use a Context Free Grammar 

• Regex++

xi+1 ∼ P(x1…xi)

xi+1

root   ::= object 
value  ::= object | array | string | number | ("true" | "false" 
| "null") ws 

object ::= 
  "{" ws ( 
            string ":" ws value 
    ("," ws string ":" ws value)* 
  )? "}" ws 

array  ::= 
  "[" ws ( 
            value 
    ("," ws value)* 
  )? "]" ws 

string ::= 
  "\"" ( 
    [^"\\\x7F\x00-\x1F] | 
    "\\" (["\\bfnrt] | "u" [0-9a-fA-F]{4}) # escapes 
  )* "\"" ws 

number ::= ("-"? ([0-9] | [1-9] [0-9]{0,15})) ("." [0-9]+)? 
([eE] [-+]? [0-9] [1-9]{0,15})? ws 

# Optional space: by convention, applied in this grammar after 
literal chars when allowed 
ws ::= | " " | "\n" [ \t]{0,20}

https://github.com/ggerganov/llama.cpp

https://github.com/ggerganov/llama.cpp


Constrained Decoding

• CFG parser 

• Computes valid completions 
 

• Only sample valid next tokens  

•  

•

v ∈ Vi+1

P → ̂P

̂P(v) = 0 ∀v ∉ Vi+1

xi+1 ∼ ̂P(x1…xi)

LLM

Output:

Input:

CFG 
parser

Mask

Synchromesh: Reliable code generation from pre-trained language models, Poesia etal 2022



Issue

Constrained Decoding

• Constraints: On text / output 

• Decoding: on tokens 

• Many tokens streams = one text 

• Model only likes one

LLM

Output:

Input:

CFG 
parser

Mask

Guiding LLMs The Right Way: Fast, Non-Invasive Constrained Generation, Beurer-Kellner etal 2024



Solution

Constrained Decoding

• Lift CFG to token level

Guiding LLMs The Right Way: Fast, Non-Invasive Constrained Generation, Beurer-Kellner etal 2024



Solution

Constrained Decoding

• Very complex to implement

Guiding LLMs The Right Way: Fast, Non-Invasive Constrained Generation, Beurer-Kellner etal 2024



Issue

Constrained Decoding

• Outputs are Biased 

• Example CFG 

• S -> aSb | Sc | ε 

•
 

• Sampling will never stop: aaaaaaaa

P(xi+1 |x1…xi) =
0.9 if xi+1 = a
0 if xi+1 = b
0.1 if xi+1 = c

LLM

Output:

Input:

CFG 
parser

Mask



Structured output

• What if we only want to parse output of 
LLM? 

• Option 1.1 

• Write a robust parser (in python) 

• Let LLM know that you failed to parse 

• Hope for the best 

• Option 1.2: Constrain output

LLM

Output:

Input:

JSON
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