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Supervision

efivan | 1 1 1 2 0 0 00000

Teacher torcing

L LM
BT

- Simple supervised learning

. Input = Prompt + Target[0:-1] Input

Prompt Generation
. Loss(output, Target|1:])



Outcome supervision
Output . . .

— SUpervision —j

L LM

- What it we only supervise the final
result?

 Generation Promipt Generation

INnput

» Loss(Generation)
- Teacher-forcing not possible
- No supervised loss

- Solution: RL



Outcome supervision

— SUpervision —j

Reinforcement Learning  output |1 N

L LM

- LLM  pglxpq €, xq...x,)

Prompt ¢ Generation X

Al INnput
pe(X ‘ C) — Hpe(xt_l_l ‘ C, X1 .. "Xt)
=1

- Sampling / Generation

X1 ~ P € xq...x,)
- MDP

Es )10 Z r(x,| ¢, x.. .xt_l)_

=1




REINFO.

RC.

L]

maximize Ey_, (.o [R(c, X)]

. Using gradient ascent

V,E

. With a Monte-Carlo estimate

1 K
VoEy, (0 [R(€,X)] ~ — D R(e,x,) Vylog py(x, | ©)

fOr Xk Np‘g( ° ‘C)

k=1

- REINFORCE K=1 works!!!

X~py(-|c) [R(C’ X)] = Expy-lo) [R(C» X) Vglog py(X| C)]

nitialize @

for ever:

Sample (or iterate over) €

X ~ po( - | €)
0 «— 0+ eR(c,x) Vlog py(x|c)



Algorithm 1 Vanilla Policy Gradient Algorithin
- Input; initial policy parameters #,, initial value function parameters ¢
P P P 0 P 0

. . 1 \
Policy Gradient =i
- -+ 3. Collect set of trajectories Dy = {7;} by running policy 7 = w(f) in the environment.
4:

Compute rewards-to-go R,.
Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function V,, .

6:  Estimate policy gradient as

1
Gk = Z Z o log Ta(ay|se) g, Ar.
€Dy t=0

Compute policy update, either using standard gradient ascent,

-~

Ec 1o [A(c, X) Vylog py(X| c)]

:l

- Even better Orv1 = Ok + kg

or via another gradient ascent algorithm like Adam.
EXNpg(- |C) Z A(C, X | 'xt) Velog P@(Xf ‘ C, xl .o ’xt—l) N Fit value [unction by regression on mean-squared error:

=1
Opse) = arg mm IDA|T Z Z (‘ w(S) — )

erA = I)

typically via some gradient descent algorithm.
9: end for

Credit: OpenAl



Algorithm 1 PPO-Clip
- : - : : : : I: Input: initial policy parameters fy, initial value function parameters ¢
Proximal Policy Optimization — » ferk-o.1.2.. d
Collect set of trajectories Dy = {7;} by running policy 7 = 7(#€,) in the environment.
Compute rewards-to-go R;.
Compute advantage estimates, A, (using any method of advantage estimation) based

DPQ on the current value function V,,, .

6:  Update the policy by maximizing the PPO-Clip objective:

1
Z Emm( o(ar|3t) A% (s, ap), gle, A™% (.st,at))) ,
‘70* "ll"f)

TeD; t=0

. . ~ .
! e e
- LR "

0.1 = arg max

. Policy gradient IDAII

typically via stochastic gradient ascent with Adam.
Fit value function by regression on mean-squared error:

3 (Vats) — i)

TE Dk 1=l)

:l

- Reuse rollouts (go slightly off-policy)

Dps] = arg mm

. . . . Dk
. Basic Option: Importance weighting DT

typically via some gradient descent algorithim.

X C) : cn.‘ _Ol'
maximize E, ~p, (-1 Py(X| A(c, X) L

. Better Option: PPO-Clipping

1 <« X |C o x...X,_
maximize Eg, (o —Z CLIP Py 1€ X1 1) ,A(C, X)
. I = pyx €, xy... %)

Credit: OpenAl



REINFORCE vs PPO

Algorithm 1 PPO-Clip

T I: Input: initial policy parameters #g, initial value function parameters ¢
nitialize @ v poney P ’ g ’
cfor k=10.1.2.... do
for ever: Collect set of trajectories Dy = {7;} by running policy m; = 7(f) in the environment.

Compute rewards-to-go R;.
Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function V,, .

X v pe( y ‘ C) 6: Update the policy by maximizing the PPO-Clip objective:

0« 0 + GR(C, X) VIOgPQ(X ‘ C) me (

7Dy t=0

v . M.
. " e

Sample (or iterate over) €

5t)
5t)

01 = arg max

A% (St, (I-t), {)(t, A% (.St, Gf))) .

typically via stochastic gradient ascent with Adam.

7:  Fit value function by regression on mean-squared error:
Ly 2
Dps] = alﬂ'nnn 2 2 ( 5(Se) 11’,_)
I
TeDy =0

typically via some gradient descent algorithm.
8: end for
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Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs, Ahmadian etal 2024



Outcome supervision

— SUpervision —j

Reinforcement Learning  output |1 N

L LM

« LLM  pylx, g1 €% ..x)

Prompt ¢ Generation X

N INnput
pyX|c) = Hpg(xtﬂ |, x...x,)
=1

- Sampling / Generation

X1 ~ P € xq...x,)

- MDP

N
Esopiio [Z r(x,|c, xl...xt_l)]

=1



Qutcome supervision  SUPENVISION—
HEEEENE

Reinforcement Learning  output |1 N

L LM

. LLM py(x|e)
HEEEE HEEE

Prompt ¢ Generation X

. . INput
- Sampling / Generation A

X ~ py(-]c)

. Contextual bandit

Expy(-1o) [R(C’ X):




REINFO

RCE

K

b [.eave One Out

|
. VQEXNPQ(,‘C) [R(c, X)] ~ = Z (R(c, X;) — b(c)) Vlog py(x; | ¢)

—1
nitialize @
for ever:

Sample (or iterate over) €

b(c) = Z R(c,x,)

1
0 — 0+ e—
K

Buy 4 REINFORCE Samples, Get a Baseline for Free!, Kool etal 2019

Z (R(c,x;) — b(x)) Vlog py(x,. | ¢)
k=1



RILLOOIn LILLMS

TL;DR Summarize Anthropic-HH (Pythia) Anthropic-HH (LIama)
3.2 - 0 -
3.0 - g - /5,/"‘—”
6.0 -
2.8 - 1 S
2.5 - 5.0 -
2.2
4.0 -
2.0 A
1.8 - 3.5 - 3.0 -
1.5 - Pse
1.2 14 | | | | 3.0 | | | 420 | | | |
100 200 300 400 500 600 100 200 300 400 20 40 60 30 100
Steps Steps Steps
—e— RLOO - k=2 REINFORCE w/ baseline +— Vanila PG

RAFT - k=2  —e— PPO

Back to Basics: Revisiting REINFORCE Style Optimization for Learning from Human Feedback in LLMs, Ahmadian etal 2024



DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models
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DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



o

. 1 ’ g (Oth, O<t) . g (Ot|QI O<t)
«YI-’PO(G) =E [q =~ P(Q),O ~ Y, (Olq)] T min Ag, cli yJL1—¢,1+€| A,
1d IOI ; TO,14 (Ot |q/ O<t) P Q14 (Oth, O<t)
//,,,/’”,;; Reference ‘_1\( L \\\\\“‘\\\
PPO d /| Model ) @ - ™
,/ | ([ Reward |/ A.‘ }\ N

\

I’ q ] Policy @/ﬂ Model GAE — A
Model \‘\: Value ) lr /
—»[LJ’ Trained
~ Mo;d\e : / [ Models ]

-
-
™

GRPO e KL T {FJ

Reference - ' 1 ‘ Models
%1 ’f Model | . 1
Policy 0, |/ Reward . Ty Group A,
1 Model e Model ) — C()mputatmn \ o )

A.. =7, = rizmean(r)
Torpo(8) = E[g ~ P(Q), {0:}S; ~ 74,,,(0lg))] Lt = std (1)
1E 1 '°"'{ | [”B(Oi,t|q10i,<t)
min

ﬂeo;d (Oi,t |ql Oi,<t)

1o (Oi,t |ql Oi,<t)

Q4 (0itlq, 0i,<t) ,

Ai}t,CIip( 1 —€,1+€) Ai,t] —ﬁDKL lﬂ9||ﬂrefj}/

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



Algorithm 1 Iterative Group Relative Policy Optimization

Input initial policy model ng_, ; reward models r,,; task prompts D; hyperparameters ¢, §, i

1: policy model g « mg, ,
2: foriteration=1,...,1do

3: reference model 7,.f < 7p

4: forstep=1,...,Mdo

5: Sample a batch Dy, from D

6: Update the old policy model ng ,, < 7o

7: Sample G outputs {o;}7, ~ mg,, (- | q) for each question g € Dy

8: Compute rewards {r;}7, for each sampled output o; by running r,

9: Compute A;, for the t-th token of o; through group relative advantage estimation.
10: for GRPO iteration=1, ..., u do
11: Update the policy model 7y by maximizing the GRPO objective (Equation 21)
12: Update r, through continuous training using a replay mechanism.
Output 7o

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via

Reinforcement Learning
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DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, Deepseek team 2025



Step 1: Create a dataset of math puzzles and alike

. Interesting prompts Question: If a > 1, then the sum of the real

. . solutions of \/a —\/a+x = X is equal to
. Easily verifiable answers

- Math, Reasoning, Multiple-choice, ...

—1£4/1+4a
2

- No details given in paper

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, Deepseek team 2025



St@p 2 QUD GR)O —Supervision —
Output... .....

- No teacher forcing LLM

. Supervise just easily verifiable answers INPUL . . . . . . . .

Prompt ¢ Generation X

- Ledrns reasoning
- R1-Zero

- From just pre-trained model, no
Instruction tuning

« |t works



otep 3: Bootstrap Instruction

tuned model

- Use instruction tuning data and R1-Zero

dato

- Train a chat-bot that can “reason”

Benchmark Getsio Claude-3.5- GPT-40 DeepSeek |OpenAl OpenAl|DeepSeek
Sonnet-1022 0513 V3 ol-mini 01-1217 R1

Architecture - - MoE - - MoE
# Activated Params - - 37B - - 37B
# Total Params - - 671B - - 671B
MMLU (Pass@1) 88.3 87.2 88.5 85.2 91.8 90.8
MMLU-Redux Em) 88.9 88.0 89.1 86.7 - 92.9
MMLU-Pro (em) 78.0 72.6 75.9 80.3 - 84.0
DROP (3-shot F1) 88.3 83.7 91.6 83.9 90.2 92.2
English IF-Eval (Prompt Strict) 86.5 84.3 86.1 84.8 - 83.3
GPQA Diamond (Passa@1) 65.0 499 59.1 60.0 75.7 71.5
SimpleQA (Correct) 28.4 38.2 249 7.0 47.0 30.1
FRAMES (Acc) 72.5 80.5 73.3 76.9 - 82.5
AlpacaEvalZO (LC-winrate) 52.0 51.1 70.0 57.8 - 87.6
ArenaHard (Gp1-4-1106) 85.2 80.4 85.5 92.0 - 92.3
LiveCodeBench (Pass@1-coT) 38.9 32.9 36.2 53.8 63.4 65.9
Code Codeforces (Percentile) 20.3 23.6 58.7 93.4 96.6 96.3
Codeforces (Rating) 717 759 1134 1820 2061 2029
SWE Verified (Resolved) 50.8 38.8 420 41.6 48.9 492
Aider-Polyglot (acc) 45.3 16.0 49.6 32.9 61.7 53.3
AIME 2024 (pass@1) 16.0 9.3 39.2 63.6 79.2 79.8
Math MATH-500 (rass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (Pass@1) 13.1 10.8 43.2 67.6 - 78.8
CLUEWSC Em) 85.4 87.9 90.9 89.9 - 92.8
Chinese C-Eval Em) 76.7 76.0 86.5 68.9 - 91.8
C-SimpleQA (Correct) 55.4 58.7 68.0 40.3 - 63.7




Algorithm 1 Iterative Group Relative Policy Optimization
Input initial policy model . ; reward models r,; task prompts D; hyperparameters ¢, B,

1: policy model g « mg,,
2: foriteration=1,...,1do
3: reference model 7,.r < 7o
forstep=1,...,Mdo
Sample a batch D, from D
Update the old policy model ng ,, < 7o
Sample G outputs {0;}7, ~ 74, (- | q) for each question q € D,
Compute rewards {r;}, for each sampled output o; by running r,
Compute A;, for the t-th token of o; through group relative advantage estimation.
for GRPO iteration=1, ..., u do
Update the policy model 7y by maximizing the GRPO objective (Equation 21)

N = © \© 00 N O U

Update r,, through continuous training using a replay mechanism.

Output 7y

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



Algorithm 1 Iterative Group Relative Policy Optimization
Input initial policy model . ; reward models r,; task prompts D; hyperparameters ¢, B,

1: policy model g « mg,,
2: foriteration=1,...,1do
3: reference model 7.5 < 7p

4: forstep=1,...,Mdo
5: Sample a batch D, from D
6: Update the old policy model ng ,, < g
7: Sample G outputs {0;}7, ~ 74, (- | q) for each question q € D,
8: Compute rewards {r;}, for each sampled output o; by running r, R . r.—mean (r)
9: Compute A;, for the t-th token of o; through group relative advantage estimation. Ai,t =r; = - std (1)
10: —f ol -ibenatio e —— g
11: Update the policy model wp by maximizing the GRPO objective (Equation 21)
12: Update r,, through continuous training using a replay mechanism.
Output 7y

max iength is set to 1024, and the training batch size is 1024. The policy model only has a single
update following each exploration stage. We evaluate DeepSeekMath-RL 7B on benchmarks

Jerpo(8) = ]E[q ~ P(Q), {0i}s g ~ ma,,(0lg)]
1 '°'{ [ 716(03.¢|q, 07 <t)
m

1 1 10(044lg, 040
G |0; | TO,4 (0itlq, Oz,<t)

Al ¢, clip

- Dkt lﬂ9||ﬂrefj } ’

GRPO = RLOO with advantage normalization

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models, Shao etal 2024



RI.OO vs GRPO

RLOO GRPO (in practice)
nitialize @ nitialize @
for ever: for ever:
Sample (or iterate over) € Sample (or iterate over) €
Xkrvpg( \c) for k=1..K Xk"’Pe( \c) for k=1..K
b(c) = 2 R(c,x,) b(c) = Z R(c,X,)
R(c,x;) — b(x)
6’<—9+€— R(c,x,) — b(x))Vlo X, |c 0 — 0+ c— Vio X, |c
Z( (¢, x;) — b(X)) Vlog py(x| €) KZ e g py(x; | €)

k_l =1



InteraCtlve )1g1ta1 Agents O I owe Alice and Bob money for the trip to Maui. They texted me

) to let me know the amount. Venmo them what I owe.

User *

# Let’s find Alice’s recent messages
Jxﬁgent\, messages = phone.search_text_messages(“Alice”, “$”)
print(messages)
. . . . ’ [
Train LLMs that interact with API's on {“from”: “Alice A", “content”: “Gym at 8am?”, ...},
{“from”: “Alice B”, “content”: “You owe me for a
the USEIS beh(]hc third of the $330 hotel bill.”, “number”: ...}

] e

# It looks like we owe Alice B one third of $330
alice_amount = 330.0 / 3
alice_phone = messages[1][“number”]

JAgentL # Let’'s send Alice her money
alice_venmo = venmo.search_users(alice_phone)
venmo.create_transaction(alice_venmo, alice_amount)

$110.0 sent to Alice B

JAgentL # Let’s find Bob’s recent messages ...

J Agent L Done. I sent Alice B $110 and Bob C $50.

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



[nteractive Digital Agents

LOOP

. Use simulator for APl interactions

- AppWorla

. Training data = 24 scenarios (simple
request, initial simulator state, test

cases)

. Trained using simple combinati

| eave-One-Out estimator and

on of

PPO

Algorithm 1 Leave-One-Out Proximal Policy Optimization

Input: Policy pg, dataset of tasks and initial states D

> |

Output: Policy py maximizing Eg, c~p [Le(s0, )] (Eq.7)

1: for iteration = 1,2,...do

2 B+ {} > Initialize rollout buffer
3 for (sg,c) ~ D do > Rollout collection
4 Collect K rollouts xi, . ..,xx < pg(+|sg, €)
5: Estimate advantages A, ..., Ag using Eq. 3
6 B%BU{(xlaAl))“'a(xK:AK)}

7 for epoch =1, ..., Nepoch do > Policy update
3 for mini-batch {(X, A,) 221 ~ B do

9 Update policy using PPO gradient (Eq. 5)

K
Alc,xi) = Kli 7 (R(c,xk) — %Z R(c,xi)). (3)

=1

Ly~ (c) =

| x|
]Eprw(’|c) i min(ﬁ()(mt Cﬂ:l:t_l)A(C:X)v _qe(A(C,X))) :

z,b(xt C,xlzt—l)

(5)

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



Strictly Normalized Test Normal (Test-N) Test Challenge (Test-C)
Type Algorithm Action on-policy reward TGC SGC TGC SGC
NFT GPT-4o — — — 48.8 32.1 30.2 13
NFT  OpenAlol — — - 61.9 41.1 36.7 19.4
NFT Llama 3 70B — — — 24.4 17.9 7.0 4.3
NFT Qwen 2.5 32B — — — 302+35 186+20 21.04+14 75+£1.2
SFT SFI-GT = - - 6.2 +0.7 1.8 + 0.0 0.8 +0.2 0.1 +£0.3
SFT  RFT — — — 479 +37 264+23 264+18 11.4+2.3
SFT  EI - - -~ 583 28 368+60 328+07 176=L1.3
DPO DPO-MCTS — — — 57015 31.8+42 31.8+£13 13.7x1.5
DPO DMPO - — — 500+12 366+47 363+18 184+2.3
RL PPO (learned critic) token 50.8 3.7 2894+79 264+05 105=x2.1
RL RLOQO traj v 37.24+26 357+29 367+x16 17414
RL  GRPO token v’ v 580+ 1.8 368+39 395+19 224+0.8
RL GRPO no kl token V3 v 50014 357x+29 427+13 21.3+1.7
RL LOOP (bandit) traj 53.3+£34 336+32 27715 13.0x+=09
RL LOOP (turn) turn 64.1 £ 2.2 43.5 £ 3.5 40.8 £ 1.5 265 £ 24
RL LOOP (token) token 71.3 1.3 S83.6+22 45.7+13 26.6 1.5
RL LOOP RwNorm (token) token v 619+40 4414+78 398+13 204=+2.1

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025




RLvVS R

- Generations from LLM are very diverse
even after RL training

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025



RL VS o

Sequence of API calls

Mode 1

Mode 2

Mode 3

100 1.1.4. rollouts

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025

show _api_doc

show api descriptions

show account passwords
venmo.login

phone.login
venmo.show social feed
phone.contact relationships
phone.search_contacts
venmo.like_transaction
supervisor.complete task



RLvsoF]

Sequence of API calls

- Generations from LLM are very diverse
even after RL training

« 98 /100 solutions are correct

- Only 3 repeat overall structure of
commands (nNo exact repetition)

- Early in training: Awesome exploration

. Late in training: No collapse / overfitting

Reinforcement Learning for Long-Horizon Interactive LLM Agents, Chen ... Krahenbuhl 2025

Mode 1

Mode 2

Mode 3

Mode 4

» show_api_doc
show_api_descriptions
show account passwords
venmo.login
phone.login

B venmo.show social feed

B phone.search_contacts

venmo.like_transaction
q W supervisor.complete_task
[ —

_- -
k mm phone.contact relationships
-

100 1.1.d. rollouts




Reintorcement Learning and LLMs

nitialize @

- Easy to implement
oI ever:

.+ RLOO, LOOP are just generation + reward Sample (or iterate over) €

computation + mean subtraction + training R ~ pH( ‘C) for k=1..K

b(c) = Z R(c, X))

- Great open-source tools exist for all of this

. Much more flexible 0« 0+ 6_ Z (R(c, x;) — b(x)) Vlog py(x; | €)
K5

. Less data-hungry

. |t is here to stay
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