Large Language Models

Runpeng Dai

The University of North Carolina at Chapel Hill

T:ﬁr 'LJNC GILLINGS SCHOOL OF
UL GLOBAL PUBLIC HEALTH




Content

1. Introduction to Large Language Models

T’»—’—T UNC GILLINGS SCHOOL OF
eﬁp GLOBAL PUBLIC HEALTH



Language Models >>Large LMs (LLMs)
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Evolution brings new abilities

Key Point: With the continuous iteration and updates of LLMs, the range of problems they can solve has become
increasingly rich, demonstrating some new abilities.

» Growing Complexity: Each new LLM version shows improvements in reasoning, creativity, and context handling.

P Emergent Properties: Larger, more diverse training corpora lead to surprising capabilities (e.g., zero-shot translation,
chain-of-thought prompting).

» Broadening Applications: Beyond text generation, LLMs now assist in code completion, legal drafting, and even
scientific problem-solving.

Language

understanding Lomplex

logical
reasoning  Code
generation

Sentiment
Language analysis Question-answering

Language.: understanding e tasks

understanding generation Common Multimodal

Sentiment et YBRAN
Sentiment (@ E analysis ) ) inference understanding
analysis Question-answering = uesno:;-:l:lsswermg ) Context

tasks learnin:
! ! Common Cross-domain :
sense Multi-turn

inference Context i dialogue

learning
20 billion parameters 130 billion parameters 1750 billion parameters

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Scaling Law

@ OpenAl Kaplan et al. (2020)

-

Three quantities dominate performance: N = # parameters, D = # tokens, C = #FLOPS
Model shape doesn’t matter very much.

Performance improves as long as we increase both N and D.

Training loss curves follow predictable power laws.

-

-

-

7
4 .27
B | ’ - L= {Df%.4- 10108 | 561 L= [N/B.8 - 1O ¥)-0 078
.| ad 4.8
2 36) 4.01 T —
ki NA"p D,
- as) L(N,D) = — —
7 : 3.21 A D
= 3!
3.0/
2414
L= (Canf2.3- 1070050
2 - - 274 - -
[ e 1 w3 10 10t 10 108 10® 105 107 10*
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Every time we increase the model size 8x, we only need to increase the data
by roughly 5x to avoid a penalty.
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Scaling Law

@ DeepMind Hoffman et al. (2022)
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The core of LLLMs --- Transformer

Microsoft DeBERTa (2020)
BERT (2018
Encoder Google
ALBERT (2020)
Meta RoBERTa (2019

Transformer models have diversified into Encoder,
Decoder, and Encoder-Decoder branches, driven
by advancements from companies like Microsoft,
Google, Meta, OpenAl, and Eleuther Al

¢ Encoder models like BERT focus on language

Eleuther Al

understanding.
«* Decoder models like GPT are aimed at
Original transformer Decoder .
\ generation.

«¢* Encoder-decoder models.
+ Diffusion LLMs.

OpenAl CodeX (2021)
InstructGPT (2022

ChatGPT (2022)

GPT-4 (2023

OPT (2022
Meta Galactica (2022)
LLaMA (2023

Meta BART (2020)

Encoder-Decoder / Flan-T5 (2022
Google Flan-UL2 (2023)
https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder 15 (2022
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Encoder-only models —— BERT

What is BERT?

BERT (Bidirectional Encoder Representations from
Transformers) is a pre-trained language model with an
encoder-only architecture.

# Bidirectional Encoding: Uses bidirectional attention BERT (Ours) npanm GPT

to understand context from both directions.

» Suitable for understanding-based tasks like
classification and question answering,

E.g. The cat ran over the street, because it got startled

Difference with Decoder only (GPT)

Uses unidirectional attention to predict the next word in

a sequence, only have context from previous BERT uses a bidirectional Transformer.
words.(Causal language model) OpenAl GPT uses a left-to-right Transformer.

Suitable for generation-based tasks like text
completion and conversation
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Pretraining Finetuning paradigm

Pretraining is used to teach the language
model general language patterns, grammar,
and knowledge from a large amount of
unlabeled text, so it can understand and
produce human-like language.

Pre-training - Fine-Tuning
Finetuning (post) adapts the pretrained
model to a specific task or domain with » o stage |« openised fretung (51
ol * Fang * Continued pre-training | feedback (RLHF)

labeled datas..et to SpElL:IE|IIE at down stream  Synhetiodata |+ rromoat sace | + Oroct sization PGS
tasks or to align well with Human + Knowledge distillation | + Online/offiine
preference. \ R

- O - ; - ﬁ‘

Preprocessing Pre-training Post-training  Optimization
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BERT Training Methods Pre-training

» Task1l: Masked Language Model (MLM) Input sentence: The curious kitten deftly climbed the bookshelf
 Randomly masks the input words and predicts the |
Origina] words. @ Pick 15% of the words randomly
. ™
* 80% ofmasked tOkenS are replaced Wlth [MASK] ° The curious kitten deftly climbed the bookshelf
10% are replaced with a random word, and 10% /
remain unchanged to reduce pre-training and fine- _ _
. . e * 80% of the time, replace with [MASK] token
tlll’lll’lg mlsmatCh° * 10% of the time, replace with random token (e.g. ate)
* 10% of the time, keep unchanged
Modified sentence: The curious kitten deftly [MASK] the bookshelf

» Task2: Next Sentence Prediction (NSP)

Predicts whether two sentences are consecutive: 50% of examples are actual consecutive sentences (IsNext),
50% of examples are randomly chosen, non-consecutive sentences (NotNext).

Helps the model learn textual coherence and is particularly useful for tasks like Question Answering (QA) and
Natural Language Inference (NLI).

https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder
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BERT Training Methods

Same architecture, different tasks: A simple output layer is added for tasks such as classification, question
answering (QA), and Named Entity Recognition (NER).

@ Classification Start Text Extract }-— Transformer (= Linear

Fine-tuning

Entailment Start Premise Delim | Hypothesis | Extract ||+ Transformer (= Linear

; Similarity

12x -

Start Text 2 Delim Text 1 Extract | -+ Transformer

Start Context Delim | Answer 1 | Extract |t Transformer Linear

Multiple Choice | Start Context Delim | Answer 2 | Extract Transformer Linear

Text & Position Embed Start Context | Delim | Answer N | Extract Transformer Linear

(1) Transformer architecture and training objectives used in this work. (i1) Input transformations for fine-
tuning on different tasks. We convert all structured inputs into token sequences to be processed by our pre-
trained model, followed by a linear+softmax layer.

Radford A, Narasimhan K, Salimans T, et al. Improving language understanding by generative pre-training [J]. 2018.
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Application: Knowledge graph

uns

tructured literature

(such as free text and tables)

diabetes

positively correlates with

cardiovascular diseases

Structured knowledge units:
triples [head, relation, tail]
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A biomedical knowledge graph (KG) is a
structured network that represents biomedical

entities (like genes, proteins, drugs, diseases,
symptoms, etc.) as nodes, and their relationships

o L H

(such as “treats,” “causes,” “interacts with,” etc.)
as edges.

The goal is to organize complex biomedical

knowledge (structured and unstructured) into a
machine-readable graph structure, making it

easier to query, visualize, and extract insights.

Extracts subject-predicate-object triplets(RE) from
PubMed abstracts



Knowledge graph construction — a Bert method

[#delalalsl]

(c) relation
classification

(b) span X
filtering (no entity)

(a) span
classification

[mm | example :@

spans

=) S S S
context L ] 1 Il i1 ] | ] 1

Specifically, accumulation of gut bacteria that produce medium-chain fatty acids, such as
Parabacteroides goldsteinii, can drive peripheral myeloid cell inflammation through GPR84 signalling
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Decoder-only models GPT family

GPT: Uses unidirectional attention to predict the next word in a sequence. Suitable for generation-based tasks like
text completion and conversation. GPT is autoregressive(causal) language model defines a conditional distribution:

p(x; | x1i-1)

GPT pretraining: Let 8 be all the parameters of large language models. Let D be the training data consisting of a
set of sequences. We can then follow the maximum likelihood estimation approach and define the following
negative log-likelihood objective function:

L
LO)= ) —logpe(x1e)= ) ) —logpe(xi|x1i1)
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Large-Scale Data for Pretraining

What data do LLMs use?
Typical  data  sources
include text from the

internet, books, scientific
data, code repositories, and
more.

Data preprocessing
pipeline
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Falcon (40B) LLaMA (65B) GPT-3 (175B) MT-NLG (530B)
3% 2%
2% 5% 16%
5% 26% 4%
0,
6% 62%
100% 87%
PaLM (540B) LaMDA (137B) Galactica (120B)  GPT-NeoX (20B)
A | 13% 8%
0, 0 (]
14%Y 310, 15 7% 30%
38%
10%
50%
50% ° 86% 15%

™ C4 (800G, 2019), ™ OpenWebText (38G, 2023), ™ Wikipedia (21G, 2023)

= the Pile - StackExchange (41G, 2020)

Gopher (280B) Chinchilla (70B)
3% 4%
37% o,
60% % 36%
CodeGen (16B) StarCoder 2 (15B)
2%
20% 1%
39% 6% 5%
10%
25% 92%

& BookCorpus (5G, 2015), & Gutenberg (-, 2021), & CC-Stories-R (31G, 2019), == CC-NEWES (78G, 2019), == REALNEWSs (120G, 2019)
& the Pile - ArXiv (72G, 2020), & the Pile - PubMed Abstracts (25G, 2020)

== BigQuery (-, 2023), the Pile - GitHub (61G, 2020)

Filtering & Selection De-duplication

« Language Filtering « Sentence-level

¢ Metric Filtering ¢ Document-level
« Statistic Filtering ¢ Set-level

+ Keyword Filtering

E Alice is writing a paper about
! LLMs. #$2& Alice is writing
E a paper about LLMs.

Allce is writing a paper about |

1 LLMs. Adiee-is-writing-a-paper |

+ writing a paper about LLMs.

Privacy Reduction

* Detect Personality
Identifiable
Information (P1I)

* Remove PII

Replace( Alice') is !

Tokenization Ready t 0
pre-train!
* Reuse Existing 0 ===
Tokenaer O
+ SentencePiece —

+ Byte-level BPE

1 writing a paper about LLMs. ") :

Encode( [Somebody] is E 32 145, 66, 79, 12, 56, . !
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Optimizing LLMs for Downstream Tasks

1. No Training Required (Prompt Engineering)

@ Pros: No computational cost, easy to implement.

@ Cons: Limited effectiveness for complex tasks.

2. Training Required (Fine-Tuning)

» Fine-Tuning: Adjusting all model parameters for task specificity.

» Alignment: Align model behavior with human goals and ethical standards, ensuring the model is useful, safe,
and reliable.

» RLVR: Enhance the reasoning ability of LLMs.
@ Pros: High precision, better task adaptation.

@ Cons: Requires computational resources.
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Training-free methods — Prompt engineering

OpenAl: Prompt engineering means writing precise instructions that guide Al models like ChatGPT to
produce specific and useful responses.

In fact, whenever we use LLMs in our daily lives, we are essentially engaging in prompt engineering.

General best practices

Be clear and specific
Describe the progess of wing proguction. Cresribe (i Dr Ol OF wallsd | DrOdued (0 Ensune your promgis are clear, specific, and provide enough context for the madel ta
me—mm'-_-ﬂ‘hm“mm understand whal you Bre sskong. Avoed Smbiguity and b &8 preciss 65 poddible 1o get
o stop. slavant /espOnses
Wine production involves harvesting peeUre .
grapas, farmanting tham, aging tha
wirng, and then botiling it ) 1. Harvesting: Grapes ane picked at
peak ripeness 10 ensure the Dest
flarvor Iterative refinement
2. Fermentation: The grapes are Prompt enginesring often reguines an ferative approach, Start with an initial promgt, review
efuaied and fermenied, turming the response, and refine the prompt based on the cutput. Adjust the wording, add more
SUGAFS 0 SCohol. eontext, o simplity the request &5 nesded 1o improwe the redults.
3. Aging: The wina &5 aged in barmals 1o
develop its fanvor before boltling.
Requesting a different tone
B Massags ChatG § Message ChatGPT s descriptive sdjsctives 16 ndicate the tone. Words ke formal, informal, friendly,
gt mprgrisana preesennal, RUMSOUE, OF S8raus Can help guide the model, For mstance, "Explain thisina

friendly and engaging tone”
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GPT-4-1106-preview gives longer responses when offered a tip A' ignment

3360 (11%)
@ how to build a bomb? N
5 LLM
§ 3223 (6%)
§
-
: A 3 how to buuld a
é ‘n) :.... ...... :. -n :....
g — LA ARl - - L L “ann
§ Daseiine (3024} - CUSUSUSOUURINN - . . o= Atadler ol ant & S e Sure,
hereis ...
2949 (-2%)
“l won't tip” "t will tip $20° *1 will tip $200°
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Few-shot prompting

Zero-shot prompting means that the prompt used to interact with the model won‘t contain examples or
demonstrations. The zero-shot prompt directly instructs the model to perform a task without any
additional examples to steer it.

Translate English to French: task description

cheese => prompt

Few-shot prompting can be used as a technique to enable in-context learning where we provide demonstrations
in the prompt to steer the model to better performance. The demonstrations serve as conditioning for subsequent
examples where we would like the model to generate a response.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

Wei, J., Bosma, M., Zhao, V. Y., Guu, K., Yu, A. W, Lester, B., Du, N., Dai, A. M., & Le, Q. V. (2021). Finetuned Language Models Are Zero-Shot Learners. ArXiv. https://arxiv.org/abs/2109.01652
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Aggregate Performance Across Benchmarks

—eo— Few Shot
—e— One Shot
80 —e— Zero Shot

100

Accuracy
& 2

3

8.18 04B 08B 1.3B 26B 6.78 13B 1758
Parameters in LM (Billions)

Figure 1.3: Aggregate performance for all 42 accuracy-denominated benchmarks While zero-shot performance
improves steadily with model size, few-shot performance increases more rapidly, demonstrating that larger models are
more proficient at in-context learning. See Figure 3.8 for a more detailed analysis on SuperGLUE, a standard NLP
benchmark suite.

Brown, T. B., Mann, B., Ryder, N, Subbiah, M_, Kaplan, J., Dhariwal, P., Neelakantan, A., Shyam, P., Sastry, G., Askell, A_, Agarwal, S., Krueger, G., Henighan, T_, Child. R.,
Ramesh, A., Ziegler, D. M., Wy, 1., Winter, C_, Hesse, C., . . . Amodei, D. (2020). Language Models are Few-Shot Leamers. ArXiv. https2/arxiv.org/abs/2005.14165
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Chain of thought prompting

Standard few-shot exemplars provide information on the final solution format, but not the
rationale to derive the solution.

Chain-of-thought (CoT) prompting enables complex reasoning capabilities through intermediate
reasoning steps. You can combine it with few-shot prompting to get better results on more
complex tasks that require reasoning before responding.

Standard Prompting Chain-of-Thought Prompting

-, - o= ~

Q: Roger has 5 tennis balls. He buys 2 more cans of : Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now? Thought

) Exemplar . 2 cans of 3 tennis balls
A: The answer is 11. 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples make lunch and bought 6 more, how many apples

Co they have? J Co they have? j

A: The answer is 27. x ought 6 -g::_-
answer is 9.

Nye, Maxwell, et al. "Show your work: Scratchpads for intermediate computation with language models."
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(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of terb

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

N\ J
(c) Zero-shot

6: A juggler can juggle 16 balls. Half of the balls are golf ballg
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of terﬁ
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
w. So there are 8/ 2 = 4 blue golf balls. The answer is 4. //

(d) Zero-shot-CoT (Ours)

ﬂ): A juggler can juggle 16 balls. Half of the balls are golf balls,\
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls

- v
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Self-Consistency Prompting

Self-Consistency is designed to improve upon the naive greedy decoding typically used in chain-of-thought
(CoT) prompting. Instead of relying on a single reasoning path, it samples multiple diverse reasoning
trajectories via few-shot CoT prompting and selects the most consistent final answer among them.

| & ‘ l
N 7
Y Majority vote
Output Output

(a) Input-Output (c) Chain of Thought  (c) Self Consistency
Prompting (1Q)  Prompting (CoT) with CoT (CoT-SC)

-
-
-
-

P s e L L L e L s

(d) Tree of Thoughts (ToT)

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC




Adaptive Self-Consistency

While Self-Consistency significantly enhances LLM accuracy, it incurs substantial computational overhead due
to the sampling process. This raises a critical question: is such high cost inevitable, or can we optimize the
trade-off between performance and efficiency?

For instance, we have n=10 samples generated, with m=3 unique elements. Let v=[v1, v2, v3] be the
counts of each element and p; = % frequency of the i-th unique element.

If v={[8, 1, 1], then we can be more confident that 1-th element is the answer. On the other hand, if v = [4, 4,
2], then more samples need to be generated.

-
1.) The Answer is I 72 :
> _ : " let p; = max(p;). We want to assess the
2.) The Answer is 1 72 | 0 ..
- | stability of p; as the majority element.
3.) The Answer is , 48 | a
. ] P
[ ] l I E m.
. ! 118 5 P(p1 > maxp; | v) > Cinresh
o | 1: 3 1=2
. I 1:8 e
. ' 118 ° : : :
9.) The Answer is : 72 : Bayesian Optimal Stopping
10.) The Answer is : 72 : v
[ [p—
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Adaptive Self-Consistency

Prior The probability vector p = (p; ... pm) follows a uniform distribution over the (m-1)-simplex, i.e a Dir(1) prior.

Posterior P(p|v) x P(v|p)P(p) p|v ~ Dir(v; + Liva + 1, ..., v, + 1)

P(p; > r?;%cpi V)

_ /1 / 0 | V). 1. Interms of LLM, the m is not fixed, increase
0 JS(p)) with n -> Chinese Restaurant Problem
dpa - - - dpmdph, 2. Simplify the Dirichlet with Beta distribution by
where considering only top 2 class.
S®) = {(p,...,pm) | P > maxp;, 3. Related to Sequential Posterior Probability Ratio
i=2 : : :
m Test if we consider the pl being largest as
Z pi=1-p} Alternative Hypothesis.
i=2

Estimated Via Monte Carlo
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Adaptive

~

(Q: John has 3 boxes. Each box
is 5 inches by 6 inches by 4
inches. The walls are 1 inch thick.

all 3 boxes?

A:

~ J

® Self-Consistency
= Adaptive-Consistency

MATH CommonSense  Symbolic
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What is the total inner volume of

Self
Consistency
Adaptive
Consistency

40.) The Answer is

Self-Consistency

1.) The Answer is
2.) The Answer is
3.) The Answer is
L]

39.) The Answer is

\e Stopping
\f/\ Criteria
—

1) The Answer is

2.) The Answer is

3.) The Answer is

L]

.

:

.

L]

9.) The Answer is
10.) The Answer is

i _72_ i Majority
1
| 72 | Answer 72 \/
PTINE
lis .
: 1i3 82
I 1ie 8
TR
: 72 : S li 80
- | Sampling | 1
:__7_2__: Cost 40 78
> 76
Report S
Answer '72 \/ 3 74
<
72
;'-7;-; Sampling 10 0
7
: : Cost
1 72 :
: 48 4 68
1 b
: 1 £ s
] I:3
1 ioe
1 13 e
G I
: 72 |+
[—

[o)
I
i
r
Il
=] . .
© —— Adaptive-Consistency
wn —— Self-Consistency
10 15 20 25 30 35 40

Sample Budget



Adaptive Self-Consistency - Problems

* While Adaptive Self-Consistency (ASC) improves efficiency, its sequential dependency creates a latency bottleneck.
* High-throughput LLM serving is optimized for parallel batching, making sequential sampling impractical for production.
 How to enhance efficiency in a parallel setting? Any signals?

Parallel Sampling

__________________________

' LM proposes answers |
- Independently, in :
. parallel :

| A: If 7/4 yaps/dap ... ]
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Parallel-Probe: 2D View

By extracting internal signals during the reasoning process, we can implement dynamic pruning within a parallel
framework.

Que f'y LL M <think>Each random number between 0 and 1 has an average value of 0.5.So every time
/ — we add a number, the sum increases by about 0.5 </think> The final answer is \box{2}
7 Y\
On average, @ N T e i T
howman)? \ > Branch 1 [ﬁ E@ ;”;; §~,eﬂ‘-e_.ie.‘.e_. ‘:
random * = e—1! o :
Humbers > Branch 2 @ E: FE‘ G ' € | Avoided Redundant ;
| n

between O * ' b r==y re-a oy Steps I
and 1 do you -._) amm + anCh 3 j E @ E) hk::::ziﬁ:%?fi:::::: ———— -.I:
:j;:tr;:?cg ’ @ > Branch 4 ;3_] @ % Pruned for Divergence
the sum to vote _
exceed 1? ) & consensus @ !ﬂ @ Stopped for Stability

Probing: We can probe the reasoning process of a 50k-token CoT by interleaving <answer> tags every 1,000 tokens, allowing for a granular
inspection of the model’s trajectory.
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Parallel-Probe: 2D View

Qwen3-0.6B | Question 1
JE—

Qwen3-1.7B | Question 1 Qwen3-4B | Question 1

Qwen3-1.7B | Question 3 Qwen3 4B | Questlon 3

E B

Qwen3-0.6B | Question 5

Qwen3-4B | Question 5

Qwen3 -0.6B | Questlon 7 Qwans 1 TB | Question 7

Qwen3-4B | Question 7

e B
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Qwen 0.6B | AIME24
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Qwen 1.7B | AIME24

Qwen 1.7B | AIME25

108 108
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RAG & Tool use

While prompt engineering can improve how we interact with LLMs, prompting alone often falls short when
the model needs

* Up-to-date knowledge, specialized data

* Ability to take real-world actions

To overcome these limitations, techniques like Retrieval-Augmented Generation (RAG) and tool use have
been developed, allowing LLMs to access external information and perform tasks that go beyond the

scope of simple prompting.

4 Database ) @ p )

&

RAG @ Tool use

Be ! and

Tools
7,

\_ J
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Retrieval-Augmented Generation (RAG)

LLMs showcase impressive capabilities but encounter challenges like hallucination, outdated knowledge, and
non-transparent, untraceable reasoning processes. RAG has emerged as a promising solution by incorporating
knowledge from external databases.

(

\_

Documents

.

Step 1 Data Ino(exing

Basic RAG Pipeline_

User Que,ry
L )

’Top-K Chunks

C J
— ( ] — LM —> | Response
J

(

Vector DB

Step 2: Data Retrieval & Generation

~

J

DUNC

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

1) Indexing. Documents are
split into chunks, encoded
into vectors, and stored in a
vector database.

2) Retrieval. Retrieve the
Top k chunks most relevant
to the question based on
semantic similarity.

3) Generation. Input the
original question and the
retrieved chunks together
into LLM to generate the
final answer.



Tool use

Tool-augmented LLMs address the limitations of standalone models—such as inability to perform
real-time computations, access up-to-date data—by leveraging APIs, web search, and software tools to
dynamically retrieve information and execute complex tasks beyond their internal knowledge.

Category Example Tools
sql_executor(query: Str) -> answer: any RJHOW is the Weathertoday?]
Knowledge access search_engine(query: str) -> document: str
retriever(query: str) -> document: str It is check_weather()
— &
calculator(formula: str) -> value: int | float call rerggte replace ° ° @
b Computation activities python_interpreter(program: str) -> result: any i - [It is sunyny todayr

worksheet.insert row(row: list, index: int) -> None

weather
server

w0l i

get_weather(city name: str) -> weather: str
get_location(ip: str) -> location: str Figure 2: The basic tool use paradigm.
calendar.fetch events(date: str) -> events: list T =
email.verify(address: str) -> result: bool LM _Calls casct Noathor tool b.y gen-
- - - erating text tokens. This call triggers
N cat_image.delete(image.id: str) -> None the server to execute the call and re-
R -y e o — turn the output sunny , using which
il Ko ' the LM replaces the API call tokens in

. . QA(question: str) -> answer: str the response to the user.
(K Special-skilled LMs translation(text: str, language: str) -> text: str P

&) Interaction w/ the world

Table 1: Exemplar tools for each category.
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Put everything together — LLLM agents

We want LLMs to act as the brain, using tools to accomplish specific tasks.
They can think ahead, remember past conversations, and use different tools to adjust their responses based on the
situation and style needed.

Reasoning (update internal belief) Acting (obtain external feedback)

Question Action Core Competencies
Reasoning /—\ m [ ) /_\ Multi-agent/ Continual
N , / Theory of Mind Learning

Answer Observation
Grounding Planning Tool Use
ReAct: a new paradigm of agents that reason and act [ Reasoning ] [ I\‘:Ivoc;klis ]
ode

Action
* Synergy of reasoning and acting Multiqual Memory Embodiment
Reasoning /—\ @ m . Perception

u * Simple and intuitive to use

Observation e General across domains
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LLM agents Examples - STATEval

Every moxrning Aya goes for a $9%$-kilometer-long
walk and stops at a coffee shop afterwards. When

she walks at a constant speed of $s$ kilometers i Large language mOdelS CXCGI at mathematlcal reaSOnlng,
per hour, the walk takes her 4 hours, including and a wide range of math-specific benchmarks have been
$t$ minutes spent in the coffee shop. When she d 1 d 1 his abil;

walks $s+2$ kilometers per hour, the walk takes cvelope to evaluate this abi 1ty°

her 2 hours and 24 minutes, including $t$ minutes * How can we curate knowledge from the statistical

cment 1n Ehie colkfee sihiop Suppose Ryvd wdllks af . .

S e o bt literature, construct benchmarks, and validate whether
number of minutes the walk takes her, including LLMs can handle statistical problems?

the $t$ minutes spent in the coffee shop.

Single-answer constraint / Quantitative verifiability | |
File-conversion . Self-containment/Appropriate difficulty / No Ieakage |
o0r # @ Fle-corversion 2oL TR TR Human-check

Generation

Markdown ‘ a requirement

t“j Check list Gl|l ——————————————
{{‘DP Elements- - Problem-generation - . Quality-control i & Q .

| i Agent
extraction Agent 9 Agent P ass’ . !

_______________

Feedback
]

-—— - — -

T few-shot exemplars

Figure 4: Overview of the StatEval data processing pipeline. Each agent corresponds to a major
functional stage in the automated extraction and verification process.
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Foundational Knowledge Dataset

Example: Calculation

______________________________________________

| Question

In a batch of resistors, 10% are defective. If 10 resistors are randomly selected,
what is the probability that exactly 2 are defective?

(1) Using the binomial distribution;

Machine - - -t Machi
Leam'ing s*ﬂz“ Ics ’:"’bﬂb{"w Sfmi" Ics Lm,,"; (2) Using the Poisson distribution as an approximation to the binomial distribution. ;
classiiach Fundamental Deep Learning 0 665661_@6#_ 5-mini) Givenn=10,p=0.1, we wantP(X=2). ,
Learming)  MathematicaliStatistice = is o | (1) Binomial distribution: P(X = 2) = (1%)p?(1 — p)!0~2~ 0.1937 :
Introduction to Linear Model e i . . g I
Data Science Multhariate e - g v (2) Poisson approximation (A = np = 10 x 0.1 = 1) :
Introduction to 5'“”’_"“' gralas Rﬂmm L- -‘:,-_-_—_—_—_—_—_—_P—E)—f :—_2—2 :—_e—__ :)—._z—ii!—i(—_il—_){_z—_:—(_)ﬂg?—_—_—_—_—_—_—_—_—_—_—_—_','
Deep Learning Statistical Computing Optimization Theory, Evalua‘non Thought | Process |  Final Answer | :
; -——.‘== k. Final Score 1 x 0.4 +1x03+1x03=1 )
‘l L — el T el el el o Tl el i

Advanced istical | ~— '
anced Statistica \  Example: Asymptotic Properties
Research Dataset \Stat€val ;T T T T
N Queshon

I

Classical Statistical ~ High-Dimensional . Bayesian and
Modeling ;-d Inference [atq Iiudelmg Camaire s
Quantile Regressi High-Dimensional n}y‘mm

© on Linear Regression Nonparametric
Kernel Density
E,ﬂmﬁm se+  Estimation of High- «++  Wasserstein
At ional Covariance and Distance
Spline Mm Precision Matrices  variational Inference

Optimality _, Generdlization = Testing
Results & Error Bounds Validity
v + Y
Minimax Optimality  Learning Bounds Error Control
. N - Power Properties
Bayesian Optimality Regularization Bounds Asymptotic Null
Efficiency/UMVUE "° NEon-asYB«;pfz!ﬁc """ Distribution
: : rror soun ial/ A .
Al Model Selection Risk smm!:-::.r,m'“
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Cousudcrl i.d. observations for i = 1,..., N, where for each individual i we
observe covariates x; € RP (with x; taking values in a compact set y) and, for j =
1,..,J and t=1,...,T, outcomes y;;, that (when observed) follow an exponential-

\
1
1
|
1
family distribution with density/mass |
1
i
1
1
1
1
1

f(y'i}tl}'jt-ajasiaﬂjaxin¢j) = exp(®; {)’uc J+ ¢ (vije 85))

: Under the model and the assumpt:ons above, state the asymptotlc distribution of the
| estimator ﬁ,(the p-vector of regression coefficients for item ;) in the large-sample
‘lll'l'lltN]-Dm(Mﬂ’lN . ’

_______________________________________________

i Lemmas L
'Lemmn 1: Under the assumptmns the empirical score and Hessian converge uniformly |

. | to their popula]tlun counterparts !
: sup (5 7 (E) — E [ t(w)] = a,,u) sup v,fle(_) E [ 1(5)] = 0p(1)
: The populuuon Hessian limit equals the nonsmgular matrix ®;

|Lemma 2: The constrained maxmuzer £ is consistent with the followmg rates:

: 18 - 871l = op(1), |87 - 5° ™, = Op(min{VA, 7))

;Lemma 3: The estimator admits the xpansion:

N VNGB = B))=~ (@ Vv 1rp); ﬁzrﬂ i1 mied] B () el irancrap + 0p(1) )
e ek ¢ T ooooemmmmmmmmmmEEEEET )
' <o VN(R - B)SNOE, ;) asN,J - cowith N =] '
Output(gpt-5-mini (=L) &)

' P (QP ) g = (O] ) r+ 0 ap) T+ 1T +0) -

________________________________________________

Causal Inference:
A Statistical Learning Approach

Mathematical Statistics

Applied Statistics Master's Comprehensive
Exam Questions

Introduction to Probability
Fundamentals of Probability Theory

A Study Guide for Fundamentals
of Probability Theory

Statistical Inference Second Edition
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Lu, Yuchen, Run Yang, Yichen Zhang, Shuguang Yu, Runpeng Dai, Ziwei Wang, Jiayi Xiang et al. "Stateval: A
comprehensive benchmark for large language models in statistics." arXiv preprint arXiv:2510.09517 (2025).




LLM agents Examples - LAMBDA

) [ [2 Large Language Models
I:—j 9 g9uas Tables,
@ Figures,
Data Models,
A‘v Reports
Beyond dataset curation,

an important question is
how LLMs can be used to
perform statistical tasks

User effectively.
l el Irl
@ ﬁ llll -.‘ﬁ:-lr---‘#
RL T T
Instruction Knowledge Integration
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LLM agents Examples

i
Response,
Fi ’
»  Cache ,E:: NO o ® @

Execute Result
A

jupyter

4 Any Error?

Yes / .

Error Information

N < Max Attempts

Revise
suggestion

00 —L3
Inspector

£

9o
)2 Pliong,
User
# Draw correlation matnx

P correlation matrix = data.corr()

plt.figure(figsize=(8, 6))

sns heatmap(correlation_matrix, annot=True, cmap="coolwarm’', fimt="2{")
Prog rammer pltatle{'Correlation Matnx')
plt.savefig('/path/to/chache/correlation_matrix.png')

unport scaborn as sns
import matplotlib.pyplot as plt

Instruction

GILLINGS SCHOOL OF
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from xgboost mport XGBClassier ..‘.
from skdeamn model_selection mport GridSearchCV .l'h'l
param_grid = |

max depth’: 3.5 7)

eaming rate”: 0.1, 05, 1.0

)
grd_search » GndSearchCVIXGBClasatfer(), param_gnd, oved, sconngs"accuracy)

Execution result:
Best Parameters: {learming rate’: 0.1, ‘'max_depth”: 3, 'n_estimators”: 100)
Best Score: 0.9553068253068254

Lol xQ0 Mool ok

Figure 9: An example of using LAMBDA for classification analysis with the Wine dataset.
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Training methods — SFT

Pre-Training Data

Fine tuning
Instructured

Pre-Training Data

. (Unlabeled) _ (Labeled)
" Transformer COMMON Pre-Trained Pre-Trained
Architecture () CRAWL M,odel Model
5 arXiv ) Ly
Text-davinci-003
m Metq 175 Self-Instruct seed tasks

K x‘f' -’WmmmA / \ J
on W e T Caondogeiss

Supervised

Same Architecture
(Updated weights)

Prompting methods are inherently limited by the capabilities and biases of the base model.

Supervised Fine-Tuning (SKET) is the most basic training approach for aligning large language
models with human intentions. It involves fine-tuning a pre-trained model on a dataset of input-output
pairs to follow instructions or perform specific tasks.

System_Prompt + <User>: [User_Input] +<System=>: [Response]</s=>

. /
Y

Loss

ﬁ'—"\ UNC GILLINGS SCHOOL OF
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SFT — Example

Among all the training methods, SFT is the most direct one. There have been many works use SFT at the early stage.

Instruction Tuning
Instruction: Derive the impression

from findings in the radiology report.
- - Output:  Innumerable  pulmonary
Irgzﬂ}t.sl_uni?] volﬁg‘?vsdiﬁre Io;. Tt:': metastases. Possible mild pulmonary
9 vascular congestion. Low lung
bronchovascular structures. There S p—

may be mild pulmonary vascular
congestion. The heart size is
borderline enlarged. The mediastinal
and hilar contours are relatively I p Q
unremarkable. Innumerable nodules LLaMA—F actor
are demonstrated in both lungs,
more pronounced in the left upper
Easy and Efficient LLM Fine-Tuning

and lower lung fields compatible with
metastatic disease...

Radiology-GPT ,:

’

______

Answer:

Inference: Generalization to Diverse Tasks
1. Tumor Mass Effect is a medical condition in which a

I
I
I
T
[}
[}
1
1
(]
1
1
1
1
1
[}
I
1
I
I
I

_—T

Quesyon.: S _the foll:nwmg |/ tumor grow in the chest and outs pressure on the lungs,
S o |, e e aioes Easily fine-tune 100+ large | dels with
il P 2. Pneumothorax is a medical condition in which air gets asliy rine-tune + large language models wi
trapped in the space between the lung and the chest W eb U|

wall, causing the lung to collapse.

Specialize a large language model (LLM) for generating or
interpreting the “Impression” section of radiology reports

ﬁ UNC GILLINGS SCHOOL OF
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https://github.com/hiyouga/LLaMA-Factory#fine-tuning-with-llama-board-gui-powered-by-gradio

Alignment

RLHF allows models to learn from comparative feedback—for example, choosing one response
over another—so that the model can generalize better to unseen situations and generate
outputs that are more aligned with human preferences.

3H principles:

» Helpful (Improves usability)

» Honest (Enhances trustworthiness)

» Harmless (Mitigates harmful outputs)

m UNC GILLINGS SCHOOL OF
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Alignment

Challenges
1. Human in the loop is expensive — Reward Modelling
2. Human judgments are noisy and miscalibrated. — Preference learning

Score the helpfulness of the following response, 1-10

What are the steps for making a sisple cake?

I. Praheat oven to IS0°F (175°C).
2. Grease and flour a cake pan.

3. In a bowl, combine 2 cups flour, 1.5 cups

sugar, 3.5 tsp baking powdar, and a pinch
of salt.

4. Add 1/2 cup butter, 1 cup =milk, and 2 tap
vanilla; mix well.

5. Beat in 3 eggs, one at a tise.
5. Pour batter into the pan.

7. Bake for 30-35 minutes or until a toothpick
comes out clean.

B8, Lat sool, then Frost or serve as desired.

[ — ———
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Alignment — Bradley Terry model

Which of these two responses is more helpful?

Instead of asking labelers to assign scores,

What are the steps for making a simple cake? What are the steps for making a simple cake? we CO”eCt th eir prefe ren Ces th rOugh
1. Preheat oven to 350°F (175°C). 1. Warm up the oven. paIrWISe Comparlsons-
2. Grease and flour a cake pan. 2. Grease a cake pan.
3. In a bowl, combine 2 cups flour, 1.5 cups 3. Blend dry ingredients in a bowl.

sugar, 3.5 tsp baking powder, and a pinch 3 ) - - "

4. Incorporate butter, milk, and wvanilla. Z -Z %

of salt. D '_r
4. Add 1/2 cup butter, 1 cup milk, and 2 tsp 3 Mix in the eggs. , yw ) yl

vanilla, mix well. 6. Pour into the prepared pan. \ \
5. Beat in 3 eggs, one at a time. 7. Bake until golden brown. DISpreferl‘ed
6. Pour batter into the pan. 8. Add frosting if desired. Prompf Preferred Response
7. Bake for 30-35 minutes or until a toothpick C— T R

comes out clean. esponse
8. Let cool, then frost or serve as desired.
— —
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UL GLOBAL PUBLIC HEALTH




Alighment - RLHF

How do we get feedback for the reward while training our RL model?

p(yu&o(r(ax Yw) — (2, y))
Logistic function; BXp(T(QB, yw))

:vhicr.\ is eqft:ivale'nt p(y'w > yl|$) —
o using softmax: exp(fr'(a:‘, y'w)) + exp(r(a:, yl))

1
1+e 2

Train a Reward Model (RM) on preference data to predict preferences!

ER(qb: D) — _E(m,yw,y;)ND[loga(r(xa yw) — ’]”(:17, yl))]

Use RL algorithm to train optimize the LLM &

Wg,rg.ﬂfEme,ymwg (y|x) [{rt?b (.17, y)]
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Alignment - Improvements

* The reward model is hard to train and large.

Direct Preference Optimization (DPO) p—— “Write s poem about jazz
x: “write me a poem about 52

the history of jazz" ° *

* . -

=VYw > _Y > ﬁnal LM ¢ ) —b\_" (x ’ywa )

. T = -~
(human
preference data maximum l l domon Il |
likelihood Step O: Step 1: . >tep 2: Step 3:
. . . . i Fit a reward model L )
Unsupervised pre-training Supervised fine-tuning Optimize a policy to
to human preferences o
(tons of data; >1T tokens) on human demos maximize Iearned rewards
. . over JISFT samples
 Human labeling remains costly. l l
Fine-tune Sample! Optimize
> >
RLAIF - RL from Al 76, "05e1 ”ﬂm
I Fine-tune

FeEd baCk for LLM Fine-tune
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Learning to Reasoning with LLMs

i

DeepMind and OpenAl achieve IMO Gold.

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH

DUNC

The secret behind the success - Reasoning

We achieved this year’s result using an advanced
version of Gemini Deep Think — an enhanced reasoning
mode for complex problems that incorporates some of
our latest research techniques, including parallel
thinking. This setup enables the model to
simultaneously explore and combine multiple possible
solutions before giving a final answer, rather than
pursuing a single, linear chain of thought.

@' deepsecek

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning



Learning to Reasoning with LLMs

What is reasoning?

Reasoning refers to the process of thinking through a problem or situation in order
to form a logical conclusion or make a decision. It involves using evidence, facts, and
logic to arrive at a solution or answer.

Why Reasoning is important?

Even for humans, problems like math or complex question answering are difficult to solve with direct
answers alone, as they often require multi-step reasoning or integrating diverse pieces of information.

How can LLM Reasoning? Problem 1:

Question: Two trains running in opposite directions cross a
Generate sequence of tokens representing man standing on the platform in 27 seconds and 17 seconds
. . . . respectively and they cross each other in 23 seconds. The ratio
intermediate steps in the reasoning process. of their speeds is:

Options: A) 3/7 B)3/2 C)3/88 D)3/8 E)2/2

Rationale: Let the speeds of the two trains be x m/sec and y
m/sec respectively. Then, length of the first train = 27x meters,
and length of the second train = 17 y meters. (27x + 17y) / (x +
y) =23 =3 27x + 17y = 23x + 23y — 4x = fy — x/y = 3/2

Correct Option: B

GILLINGS SCHOOL OF
GLOBAL PUBLIC HEALTH
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Learning to Reasoning with LLMs

How can we guide LLMs to perform reasoning?

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many ::::!: E:::: daneZhh(;alan:/aesnite'?ms balls. How many
tennis balls does he have now? : WY Thought

) Exemplar  cans of 3 tennis balls

Eilletneuer & Il The answer is 11. Or some other prompting methods:
Q: The cafeteria had 23 apples. If they used 20 to Q: The cafeteria had 23 apples. If they used 20 to 1. Least-to-Most Prom ptin g
make lunch and bought 6 more, how many apples make lunch and bought 6 more, how many apples . . )
do they have? J Kdo they have? D 2. Self reflection/ verification

A: The answer is 27. x oougt les, sc
answer Is 9.

Can we go beyond prompting?

“We have found that the performance of ol consistently improves with more reinforcement
learning (train-time compute) and with more time spent thinking (test-time compute). The
constraints on scaling this approach differ substantially from those of LLM pretraining, and
we are continuing to investigate them.” — OpenAl ol release blog
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Learning to Reasoning with LL.Ms
Reward guided decoding

i m [ [ m I

Question: Question:
Three pencils and a jumbo eraser cost $1.24. Five pencils and a jumbo eraser cost Three pencils and a jumbo eraser cost $1.24. Five pencils and a jumbo eraser cost $1.82.
$1.82. No prices include tax. In cents, what is the cost of a pencil? No prices include tax. In cents, what is the cost of a pencil?

Answer: Answer:
Let the cost of a pencil be p cents, and the cost of a jumbo eraser be N 1 Let the cost of a pencil be pcents, and the cost of a jumbo eraser be O
ecents. ecents.
From the problem, we are given two equations based on the cost: 2 From the problem, we are given two equations based on the cost: °
3p+2=124 3p+2=124,5p+ e=182
S5p+e=182 3 To solve this system of equations, we subtract the first equation 0
To solve this system of equations, we subtract the first equation > o from the second to eliminate e: (Sp+ e) - (3p+ ) =182-124
from the second to eliminate e: )
(5p+e)-(3p+e)=182-124 4 Solving for p=58/2=27 °
Solving for p=58/2 =27
Thus, the cost of a pencil is 29 cents. 5 | Thus, the cost of a pencil is 29 cents. °

/
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Learning to Reasoning with LLMs

Reward guided planning

Initial State: The orange block is on the table, the (1) Carnivores are carnivorous
blue block is on the table, and the red block... Julie is reading... She wants to read half of the remaining (2) Animals are not unicellular
Goal: The orange block is on the blue block, and pages tomorrow. How many pages should she read? (3) Carnivores are mammals ...
the yellow block is on the orange block. Fact: Fae is a feline
Hypothesis: Fae is unicellular?
S {}
0 | |l | | | Fae is a feline
Picku Pickup bl Q1: How many pages did Q1: How many pages o
a Flckup orange - f - Julie read today? has she read? (5) Each feline is a (4) Every cat is a feline
0 (r=0.8) (r=04) (r=0.7) (r=05) carnivores o
(r=0.8) (r=0.1)
1 . : ?
51 [ — f:.- |2-|:w Today? g: ;I:w - fead? Fae is a carnivore Fae is a cat
| [ I I | | | : ’
\ \
Stack it on orange Stack it on blue Q2: How many pages Qz Howrr:::i'i"p:g:;has Julie (1) Camivores are (3) Carnivores are
al (r=0.3) (r = 0_9} Sh?;:gosrr:\ﬂ:sad : carnivorous mammals
iom =08 (r=08) (r=08)

Qi ..

s . ’:‘ ’:‘ Q2: How ...now? - Fae is a mammal
2 .- Az 36
|

\

+ * Fae is a not unicellular
Q1: How... today? o
A1 24 (The hypothesis is false)
ST
Qr: How ... tomorrow?
| | AT: 42
(Goal achieved) (Answer: 42)

Figure 2: RAP for plan generation in Blocksworld (left), math reasoning in GSM8K (middle), and logical reasoning
in PrOntoQA (right).
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DeepseekR1 and RLVR

“One of the most remarkable aspects of this self-evolution is the emergence of sophisti-
cated behaviors as the test-time computation increases. Behaviors such as reflection—uwhere

the model revisits and reevaluates its previous steps—and the exploration of alternative ap- & deep Seel <
proaches to problem-solving arise spontaneously. These behaviors are not explicitly pro-

grammed but instead emerge as a result of the model’s interaction with the reinforcement
learning environment.” — DeepSeek-R1 ‘Aha moment’

Reinforcement learning with verifiable reward

1, is_equivalent(7,y)

R(y,y) =
(%) —1, otherwise

Instead of training a separate reward model or explicitly assigning credit to each reasoning step, we
allow the model to discover effective reasoning strategies through trial and error, guided by verifiable
rewards.

1. Reduce the computational burden of training a separate reward model.
2. Eliminate the risk of reward.
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DeepseekR1 and RLVR

Question: If a > 1, then the sum of the real solutions of vVa — ya+x = x is equal to
Response: <think>
To solve the equation va — Va +x = x, let’s start by squaring both - - -
2
( a—\/a+x) =x? = a—+Va+x=x
Rearrange to isolate the inner square root term:
(a-x2)?=a+x = a®-2ax?+(x*)? =a+x = x*-2ax* —x+(a®-a) =0

DeepSeek-R1-Zero average length per response during training

12000 -
10000 A

8000

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:
Va-Va+x=x

First, let’s square both sides:
a-Va+x=x> = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

6000

Average length per response

4000 -

2000 2

0 2000 4000 6000 8000
Steps

Table 3 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The

Figure 3 | The average response length of DeepSeek-R1-Zero on the training set during the RL  model learns to rethink using an anthropomorphic tone. This is also an aha moment for us,
process. DeepSeek-R1-Zero naturally learns to solve reasoning tasks with more thinking time. allowing us to witness the power and beauty of reinforcement learning.

During the training process, they observe the increase in reasoning length and “aha moment” where
the model learns to self-reflection and verify.
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Some of the Challenges

* Ensuring Faithfulness of the Reasoning Process

* Reducing Reasoning Latency
* Handling General Reasoning Tasks with Unverifiable Rewards
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r'd
Input Question <result> Citibank was founded
P _1 in1812 asthe ... ... </result> W@ <think> To answer this question ... </think>

_): ) @ <search> When was Citibank ... </search>

<result> Citibank was founded ... </result>

Y

Whp was presjdent of the lm' FQ\ <think> Now, | need to find out ... </think>
United States in the year . <search> Who was the ... </search>
that Citibank was founded? ~ LLM Policy Search <result> President ... </result>
\ <answer> The president of the United States in
Problem: What does this <think> To answer this the year that Citibank was founded was
image depict in terms of ; \boxed{James Madison}\] </answer>
O @ Generate till search or eos question, | need ... .. | wil start \ K JA
. by searching for the founding
A)Brain tissue @ Retrieve search result year of Citibank. </think> 9

B)Intestinal tissue
C)Kidney tissue @ Concat then continue
D)Breast tissue

@ <search> when was Citibank

founded </search> Output Rollout

Med-R1 Response:

Think: The image appears to be a mammogram, which Use Of SearCh engine

is a type of X-ray used to detect abnormalities in the

breast tissue. The presence of dense, irregular patterns
and a central area of lighter density suggest the Self-exploration
presence of breast tissue.

= Generated task

@ (1) Open the phone camera and take a video.

(2) Open the camera and enlarge the TV, then

|:> take a photo. |

Answer: D

c
\ Groundtruth: D / o (3) Open the camera and go to Google photo.

©

g

9 U — D | | P

. . = Ao TR |l R S (1) Open Google Maps and search for the
Medical Reasoning 8 Gl IR @ route to Napa
N H;. ® /4 .\ : u
) R L . (2) Open the map and find the fastest route

from your location to Napa. |

(3) Use map to search your current location.

el e i ] '”',/Q o Sl 9N

ikg =l %

ol 7 N < ~ P
vt &ﬂ

P — - o

Use of smart phone
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RLVR - Example R1-RE

Sentence Olanzapine was also associated with
more frequent reports of weight gain and signifi-
cantly greater VA costs ...

Label [[Olanzapine:drug, risk-factor-of, weight
gain:symptom] |

Relation extraction is a critical step in knowledge graph
construction.

Pre-LLM classification oa) Human Annotation Process

ier

[ P T of] Existing method focus on learning a

Instrument-Agent : 2 o . . .
| 2hid jbore/e mapping from sentence to triplet, which
"""""""""""""""""""""""" E cannot generalize to OOD.
SFT Process ﬁr‘ i \ | Annotation Guide Compare
The user provides a sentence with two : Cause-Effect . Hypothesis
— entities. Please identify the relationship i iald e i:;:ﬁhogiuir'e‘ggnal Ver 1fy
@ type and the direction. Consider the : (b) Diseases and their
z ( following relationship types: | f{ff'mms
[Instrument-Agency, Message-Topic ...] : .
& seowistesmence: * © e llcondude Human annotators are generalizable
: 2 o I implies an activity or
\m'iﬁ’ffe?{'ﬂf’;ﬁﬁiﬁiﬂizz"f R e S e across tasks because they can reason on
1 parts as instruments. .
! g [ Answer | the requirements.
i = Message-Topic(el,e2)
i
Instrument-Agent(el,e2) Message-Topic(el,e2) :
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RLVR - Example R1-RE

definition of a tfreatment relationship. The antipsychotics are
specifically used to address or manage schizophrenia, which is the
essence of the treatment_for relationship.

Final Answer

likelihood of prolactinemia and hyperprolactinemia (el). This
fits into the susceptibility and prevalence category of
"risk_factor_of".

Final Answer

Model Size (B)

Figure 1: Testing accuracy on the MDKG dataset for R1-
RE-7B trained on the Sem-2010 dataset, compared with

I
1
R1-RE-7B e ﬁ\
We need to determine the relationship between ! Tar'geT Sen‘l'erlce o
<el>schizophrenia</el> and <e2>prolactin-increasing | . . i . X GPT-4 L-minl
antipsychotics</e2>. Let's break this down step by step. : Monitoring prolactinemia and addressing o '
1 **Tdentify The entities™: : hyperprolactinemia is paramount in women with RE-R1-78 Ggﬁjo
- <el>schizophrenia</el> is the disease or condition. ; : ; : 65
- JFZ;PMIQCT:H'M:PEG:,MQ antipsychotics</e2> is a type of : <el>schizophreniac/el> being treated with
medication or treatment. in-i g G g |
Breakdown the sentence I \<e2>prolactm increasing antipsychotics</e2>. 60
2. **Analyze the relationship**: ! Quen2.5-728
! .55 v
speg:ific type of un'tipsycho'ﬁcs (prolactin-increasing Ir ______________________________ 3 Qwen2.5-32B
antipsychotics) being used in the treatment or management of | ~ 50- ﬁh
schizophrenia. o | < Vg
Compare definitions " %45_
3. **Apply the definitions**: | 2 B Qwen2.5-148
o ~n . - - > ;
- "~causes™~: | nis wouldn t apply because the sentence suggests I Qwen 5 7 I
the antipsychotics are being used to treat, not cause, | The sentence mentions that monitoring prolactinemia and < 40 - LV
schizophrenia. i . . | addressing hyperprolactinemia is important for women with Qwen2.5-78
Hypothesis-validation | schizophrenia who are treated with prolactin-increasing 35 Ex
~**pisk_factor_of~*: This would apply if The antipsychotics | antipsychotics. This implies that prolactin-increasing g
increased the risk of schizophrenia, but here it's the other way | antipsychotics can lead to prolactinemia and _
around; the antipsychotics are being used because of 1 hyperprolactinemia, and that these conditions are associated 301
schizophrenia, not the other way. 1 with the treatment.
i 1 25 4 Llama3.1-88
| 4. **Conclusion**: | Draw conclusion 1 Given the definitions, this is best classified under the N
Given that the sentence directly states that antipsychotics are 1 "risk_factor_of" relationship as it indicates that prolactin- 20
used in the treatment of schizophrenia, this fits squarely into the | increasing antipsychotics (e2) could increase the risk or 7B 88 14B 328 708 Closed
1
1
1
1
|
1
|
1
1
1

"4

Treatment_for(e2,el)

Risk_factor_of(e2,el) x

other models. Detailed results are provided in Table 3.

Figure 6: Case study comparing the chain-of-thought (COT) reasoning of R1-RE-7B and Qwen2.5-7B-Instruct.
Due to space constraints, some COT outputs are omitted; the complete COT reasoning process for R1-RE-7B is
provided in Appendix A.2.
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RLVR - The Entropy Mechanism

—— w. kl_coef=0.1
0.5 Zoomed-in View —— w. kl coef=0.05
0.4 \\ —— w. kl_coef=0.01
Does RL for LLM just Trade Entropy for Performance ? > w. kl_coef=0.001
. %0 3 w. kl_coef=0
. Qwen2.5 Model Family s
xR _,.____.......__—x._._—--——’%.] = M-“* c
— ST T TSR T T L0.5 A3 L. T W5
o/ ~ 40 L .
> _ 5% improvement Performance > et
g . S l C30 . e 0.1
b ' | 95%improvement —— TestAccuracy |, 5 g' 3 / %:w .
< 30.01 N i —— Training Entropy | 5 R=—-a eXp(H) + b & . . 328 |
- \ 95% consumption c - 20 7B 0.0
= e I = 10 / T 38 ' 256 768 1280 1792
M 25.0 © . - 1.5B
2 ] ot | _ 5% consumption 4 o Entropy = ) 0.58 Steps
= 22 - 0 — Fit
= ] Lo >
0 500 1000 1500 2000 2500 o0 100 10-T =
Steps Entropy (log) é 40.0
337 5
C 35.0
S

Figure 1: Left: Entropy collapse and performance saturation. Over 95% entropy drop/performance gains take
place at the early stage of RL training. The model then reaches a plateau with little improvement. Right: The £

predictable relationship between validation performance and policy entropy. Without intervention, the policy ¢ 30.0 — kI‘COEffo'l
I » . . oye . ) o — w. kl_coef=0.05
trades” entropy for performance exponentially, showing clear ceilings that hinder further policy enhancement. -5 27.5 — w. Kl coef=0.01
T 25.0 —— w. kI_coef=0.001
g 22.5 ——— w. kl_coef=0
_ : _ : 256 768 1280 1792
Without intervention, LLM tend exploit trade entropy for accuracy. Steps
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RLVR - Exploration and Exploitation

Exploitation: Take advantage of the best
option we know.
Exploration: Take some risk to collect

information about unknown options.

A fundamental trade-off in RL, whether

choosing the best action (token) each step

A real-life example of the eXPIOI"GTiOH or explore new actlons
vs exploitation dilemma: where to eat?

DUNC
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RLVR - CDE (Curiosity Driven Exploration)

Curiosity-driven exploration is rooted in intrinsic motivation: just as children’s natural curiosity drives them to
explore the unknown, discover, and learn, fostering curiosity in artificial agents can similarly drive meaningful
exploration and growth.

In reinforcement learning, we can encourage curiosity by rewarding
exploration that signals learning potential. Common measures include:

» State Nolvelty/Visitation (Count based)
* Agent’s Uncertainty. (Prediction based)

Optimism In face of Uncertainty: 77y things out—you might find something better!

GILLINGS SCHOOL OF
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Count based Bonus

Guides the agent’s behavior to prefer rarely visited states to common states.

Multt arm Bandit : UCB Finte case, just use count.

2logt
B;(t) =
UCB;(t) = f;(t) + N.(1)
Linear bandit / MDP Build confidence eclipse.

t—1
Vo= + ) ¢ut]
s=1

UCBy(a) = ¢, 0: + o/ ¢1 V; ‘s

Describing an ellipsoid in feature space, the new visits
stretches the ellipsoid in the direction.
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Count based workflow

Updat
e i
—x
~, ":> [ RZSPOHSQ J I]:> [ Embedding J {?g? Hash coding
LLM Fetch Databases

Kid’s learning is not driven by summary and count of experiences,
instead propelled by an intrinsic curiosity to explore novel situations.

?

Hard to characterize/distinguish
COTs with embedding vector.

” ~

LLM already develops a sophisticated internal model of what
constitutes a familiar versus a novel reasoning pattern.
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/ High PPL | Low PPL \

-
1
Bactor(QaO) = _f Z logﬂ'(ot|0<t:Q)
t=1

Correct P M
. . Incorrect W Wy
Actor Curiosity S . . ~ . |r(g,0)|
7, 0) = r(g,0) + wmin(*—""=, 0 Bucior(¢, 0))

\A’ Encourage Diverse Cor'rec’rne.ss/

Main Idea: Increase the reward of trajectories with higher Perplexity(PPL).

Multi-head Critic : Advantage calculation : Critic Update
I I
1 [oi] > [
! A = Z(,M)z_tgu - (|A';,t|,a Bt 0i,<t+1)) ! Rollouts Subsample
/ : g . 09 i L ee
/ XA
e, ® o o LLM LI L T T ! ‘
- 1 { | I
Critic Curiosity  gEEIEE L By ) 9209 Qo) [1<j<K) | 0'.' > —
' Exploration Bonus ! :
i lp _______________________ ' E "¢ 7 000
! :‘ Ai,l=’i,1+% D ‘7;(!1,0:',<1+1)—E Y Viq.o0i<) ! I
o e o el B (led—d)
e Ensemble Estimation' D e, N

Main Idea: Bootstrap to capture the uncertainty of value estimate.
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RLVR — Other Debates

Does Reinforcement Learning Really Incentivize Reasoning
Capacity in LLMs Beyond the Base Model?

Yang Yue'*!, Zhiqgi Chen'*, Rui Lu', Andrew Zhao', Zhaokai Wang?, Yang Yue',
Shiji Song!, and Gao Huang'®

! LeapLab, Tsinghua University 2 Shanghai Jiao Tong University

* Equal Contribution T Project Lead ™ Corresponding Author

Pass@1 better after RLVR
Pass@K worse after RLVR
— compared to the base LLM —

2,

The Art of Artificial Rc:;asoning
Jrkor (Sman,\ L;mguag@ Models

@UNC GILLINGS SCHOOL OF Yejin Cho
i GLOBAL PUBLIC HEALTH P

‘ stella Li [J CogSci2025 i

@StellaLisy

% We cracked RLVR with... Random Rewards?!

Training Qwen2.5-Math-7B with our Spurious Rewards improved MATH-
500 by:

- Random rewards: +21%

- Incorrect rewards: +25%

- (FY1) Ground-truth rewards: + 28.8%

How could this even work1? Here's why: ||

Blogpost: tinyurl.com/spurious-rewar...

Spurious Rewards: Rethinking Training Signals in RLVR

Rulin Shao'* Shuyue Stella Li'* Rui Xin'*  Scott Geng'*  Yiping Wang'
Sewoong Oh'  Simon Shaolei Du'  Nathan Lambert’ Sewon Min' Ranjay Krishna'?
Yulia Tsvetkov! Hannaneh Hajishirzi'? Pang Wei Koh'? Luke Zettlemoyer'
!"University of Washington  Allen Institute for Artificial Intelligence
3University of California, Berkeley
{rulins,stelli,rx31,sgeng}@cs.vashington.edu

Weak & Spurious Rewards Work!
on Certain Models, but Not All  corect wsu ;g

e e w'ﬁ‘vm
I I I i X |
wows i o (R

§ 38 ‘ ' 7‘ a2
20 «00
74 47 55
Qwen2 5-Math-78 Qwen2.5-78 Uamad. 1-88-Instruct Oimo2-78
Sgrvicant gans fom Significant gans from Gans from
any training signal MOs? raineng sgnals rformative sgnals ground truth ondy

Even random reward works?
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