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Reinforcement Learning

* RL has achieved great success in many applications

ALL SYSTEMS G0

:

2024 ACM A.M. Turing Award

I'm ChatGPT, an Al language model developed by OpenAl. How can |

ACM A.M. Turing Award honors two researchers
e who led the development of cornerstone Al

technology. Andrew Barto and Richard Sutton are

Automatic Driving Large Language Models recognized as pioneers of reinforcement learning.

Peng Zhao (Nanjing University)



Reinforcement Learning

* RL offers a principled framework for sequential decision making in
unknown and interactive environments.

Supervised learning
 labeled data passively collected in advance
* minimize the cumulative loss (e.g., ERM)

* learning from examples

(0O
U
— J Sy \
y Reinforcement Learning
agent environment « agent actively interacts with the environment
T(Sta @t) * learning from feedback (rewards) to improve future

behavior (doing right action).

* learning by trial-and-error
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Reinforcement Learning

* (Two of) key techniques in this wave of RL success:

(i) RL with function approximation (ii) RL from human feedback
Popp (a|s) Vo (S) Reinforcement Learning from Human Feedback (RLHF)
<
V Learning Agent B N\
o
| ®
A
% - Human
Environment -
Feedback
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Challenges: Efficiency

RL with function approximation RL from human feedback

chatGPT (W deepscelc

L SYSTEMS G0

29 million of game 200 years of play 13T data 14.8T data
40 days of training 44 days of training $63M cost of training $6M cost of training

Goal: statistically and computationally efficient algorithm with provable guarantee.

[ Li, Z, Zhou. Provably Efficient Reinforcement Learning with Multinomial Logit Function Approximation. NeurlPS 2024.
& Li, Qian, Z, Zhou. Provably Efficient RLHF Pipeline: A Unified View from Contextual Bandits. Arxiv, 2502.07193.
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Outline

* RL with Function Approximation
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RL and MDPs

/ Episodic MDPs \ Infinite-horizon MDPs

g

agent environment
r(st, at)

\O O O

k fixed steps

infinite steps
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RL and MDPs

/ Episodic MDPs \ Infinite-horizon MDPs
L J O a/t
o000 O \@J
. ™ ﬁ St
. .o O agent (31, 02) environment
K fixed steps / infinite steps
Episodic MDP (S, A, {P,}_, {r,}_)) -

e S: state space, here we consider finite |S|. - A

READY F

e A: action space, here we consider finite |A|.

o PP, :SxAxS — |0,1], transition probability.

e 7, : S x A—|[0,1], reward function.

Sokoban Pac-man

Peng Zhao (Nanjing University) 10



RL and MDPs

/ Episodic MDPs

Infinite-horizon MDPs

g

agent environment
(8¢, at)

\O OO/

K fixed steps

Episodic MDP (S, A, {P,}"_, {rn}iL )

e S: state space, here we consider finite |S]|.

infinite steps

Deterministic policy: a = 7(s) for7 : § — A.

Stochastic policy: a ~ 7(s) for 7 : S — A(A).
e A: action space, here we consider finite |.A].

o P :S x AxS —|0,1], transition probability. Planning: given a fully specified MDP.

*

*

o 7, :S x A— [0,1], reward function. Learning: unknown transition or reward.

Peng Zhao (Nanjing University) 11



Online MDPs

Online Episodic MDPs

For each episode k = 1,..., K: at
e Foreachstageh =1,... H: W\g,ﬁ{gt
nh
- Learner observes state sy, 5, execucts action ag p ~ 7 n(+|Sk.n), agent environment

obtains reward r, (s h, Gk p)- r(se, ar)

- Learner transits to next state s; p+1 ~ Pr(- | k., Gk ).

K
Vir (s Z P (sn ) | sn = s Regretc = ma Z Vi (oka) = D2 Vit o)
Qn(s,a) =rn(s,a) + Y Pu(s' | s,a)Vii(s) to learn as well as the best policy in hindsight

Focus on known reward and unknown transition as learning reward is no harder than transition.

Peng Zhao (Nanjing University) 12



Challenge of Large-scale MDPs

J How to design RL algorithm to handle large-scale MDPs ?

Figure 1 Figure 2 Figure 3
We discover through In tabular methods, we know We know nothing about
experience that this state is bad nothing about this state. this state either!

d Tabular MDPs: usually maintain a table to store values for all states (or

state-action pairs), which scales with state number and action number

Peng Zhao (Nanjing University) 13



Challenge of Large-scale MDPs

J How to design RL algorithm to handle large-scale MDPs ?

Figure 1 Figure 2 Figure 3
We discover through In tabular methods, we know We know nothing about
experience that this state is bad nothing about this state. this state either!

Theorem (Jin et al., NeurIPS 2018). Without any further structural assumption, the expected
regret of any algorithm for episodic MDPs must be at least Q(v/ SAH3K).

but in fact Figure 1 and 3 are very similar...

Peng Zhao (Nanjing University) 14



Function Approximation

d Function approximation: approximate using a parameterized function.
* Describe states (or state-actions) using feature representations in

* A modern choice: DNN as a feature representer

similar output

parameterize MDP model with a low-dimensional representation

> regret bound should not dependent on S or A, but rather the intrinsic dimension d

Peng Zhao (Nanjing University) 15



Function Approximation

¢(s'|s, a) is the known feature map,
and 07 € R? is unknown parm-

d Linear Function Approximation meter to estimate

« Linear mixture MDPs [Ayoub et al., 2020]: Pr(s'|s,a) = ¢(s'|s,a) ' 6;
* Linear / low-rank MDPs [Jin et al., 2020]: Py (s'|s,a) = ¢(s,a) " u*(s'),7h(s,a) = ¢(s,a) " 05

linearity is hard to
satisfy in practice!

Peng Zhao (Nanjing University) 16



Function Approximation

d Linear Function Approximation

« Linear mixture MDPs [Ayoub et al.,, 2020]: Pr(s'|s,a) = ¢(s'|s,a) ' 65
(S/)v Th(S, CL) — ¢(57 a)TH;:

* Linear / low-rank MDPs [Jin et al., 2020]: P, (s'|s,a) = ¢(s,a) " pu*

linearity is hard to
satisfy in practice!

d General Function Approximation
* Eluder dimension [Russo and Roy, 2013, Jin et al., 2021]
* Decision-Estimation Coefficient (DEC) [Foster et al., 2021]
* Admissible Bellman Characterization (ABC) [Chen et al., 2023]

° ... usually no computationally efficient algorithms provided

Peng Zhao (Nanjing University)

-

Technically, this "linear"
MDP parametrization
arises because it can be
reduced to and solved by
stochastic linear bandits,
which is well-understood.

computationally efficient
beyond linearity?

17



MNL Function Approximation

d A new class: Multinomial Logit (MNL) function approximation [Hwang and Oh, 2023]

Softmax Function
Probability

2.0 : 0.7
1.0 | m==) ﬁ > | 0.2

0.1 / 0.1

MNL mixture MDPs: o ¢(s'|s,a) is the known feature mapping

exp (¢ (s’ | s, a)' 0;) o {0x}1  isthe unknown transition parameter

se8n.. XP (05 ] 5,0)T07) o Shsa=1{8 €8 |Pn(s|s,a) # 0} is reachable states

Pn(s' | s,a) =

Peng Zhao (Nanjing University) 18



Key Challenge: non-linearity

Linear mixture MDPs: Pr(s']s,a) = ¢(s'|s,a) ' 05

exp ((b (s' | s, a)T 9;)
D 3esn .. XP(9(s] 5,a)"0})

MNL mixture MDPs: Pn(s' | s,a) =

Softmax Function Regularity assumption:
. inf@E@ pz,a(e)pz,a(e) Z K
is the minimum slope . Mo T
s’ _ xp(¢(s']s,a) 6)
06/ where p87a(9) — dess ] exp(¢(5]s,a) ' 0)
/ Define U = MaX(p,s,a) Sh.sa =K < 1/U2.
o even two vastly different inputs in the worst case, k1 — Q( 52)

will have much similar outputs

Peng Zhao (Nanjing University) 19



Main Results

d The first statistically and computationally efficient algorithm

-1

Algorithm 1: Independent of in the dominant term;

Algorithm 2: based on Algorithm1, further achieve efficient time & storage cost.

. . ; -1 __ 2
[ The first lower bound for this problem in the worst case, k™" = Q(57)
Reference Model Upper Bound Lower Bound
Zhou et al. [2021] Linear mixture MDP O(dH3/?\/K) Q(dH?**VEK)
Hwang and Oh [2023] MNL mixture MDP Ok 'dH?*VK) —
[ Our work MNL mixture MDP  O(dH2VEK + k~'d>H?) Q(dHVK) }

Match the results for linear mixture MDPs except for the dependence on

Peng Zhao (Nanjing University) 20



Algorithm: A Pipeline for UCB

* Parameter estimation
* Confidence region construction

e UCB arm selection

(Upper Confidence Bound)

exp (¢ (' | s,a) " 0;)

Pn(s' | s,a) = — -
s DB 5,070

Learning history

> Parameter estimation

{Si,h7 Qi h, 5i,h+1}ie[k:—1],he[H]

i)

transit to Skht1 ™ Ph(- | Sk,hs ak,h)

Greedy policy

Onn = F({Sins @is Sihtt Vich—1),he 1))

U

0; € Cr.p, = Ellipsoid(ék,h, Bk)

Optimistic value function

ap,p = argmax Q. (Sk,n, a) <
acA

Qn(s,a) =rn(s,a) + efeﬂcax [pﬁja(Q)Vk,hH](Sa a)

k,h

Peng Zhao (Nanjing University)
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Parameter Estimation

e Maximum likelihood estimation (MLE)

51) 51) 51
k—1 \
] . / / k:
o = argmind 37 ST <y logpl (0) + L0 ¢ 2 Linle) | @ 0 @
OERT | =1 scS;.n
- Yk.h 1s the response variable with y‘lj/h =1 (sgpr1=2¢5") fors € Sgp. C P 3s P @
, h , , : .

 Estimation error analysis: with probability at least 1 — , [Hwang and Oh, 2023]

exp ((b (s" | s, a)T 9;)

P, (s" | s,a) = — -
) = G 5a) 0

6% = Oknllar < w'/dlog(kH/6)

k=1
Aen=Y_ Y ¢5.(¢5.)" unpleasant dependence onk ™" I

=1 S/ES¢7h

Peng Zhao (Nanjing University) 22



Parameter Estimation

e Maximum likelihood estimation (MLE)

k—1
> . o o Ak
O, =argming » Y - —ys, logp;,(0) + 7||9||§ 2 Ly.n(9)

d
GER ’I,Zl S/ESi,h

52
. . . ' S/ 7/ 7/ @—’SS [ 2N BN J @
- Yk.n, 1s the response variable with 4} , = 1 (sg p4+1 = ') for s’ € Sg h. P b
, h , , ) .

 Estimation error analysis: with probability at least 1 — , [Li-Zhang-Z-Zhou, 2024]

k—1
Gen(@) = > (P5(0) — yin)d5n + Aib,

i=1s'€S;n Hgk’h<(9;) — Qk,h(é\k,h) H o < \/d 10g(kH/5)
it / / / T Hk’h(eh)
Hi,n(0) = z_: Z Pin(0)07 n ( f,h) + Akl independent of k11

essentially “variance-aware” local norm

Peng Zhao (Nanjing University) 23



Confidence Region + UCB selection

» Confidence region construction * UCB arm selection

@\k,h(s,a) = [rh(s,a) + max Z pzja(Q)‘A/k,thl (s’)]

0cCk.n S'ESH s.a [0,H]

4 o Greedy policy:

@:,h = {9 €0 | Hgkh(Q) — gkh(é\kh)‘

Vin(s) = arg max Qk.n (s,a)

o S 5k} ag,n, = arg max Q. n(Sk,x, a)
Hkvh(e) CLEA

Theorem 1. Forany § € (0, 1), with probability at least 1 — ¢, our algorithm ensures:

Regret - < O (de\/E—I— m_1d2H2)

Peng Zhao (Nanjing University) 24



Computational Challenge

-

* MLE estimator: Computational and storage cost at episode is ( )!

k—1
~ . R A
O = argmin £, (0) 23 30—y lowpf’,(0) + 0]

d
SIS i=1 s'E€S; 1

e UCB selection: Feasible domain can be non-convex !

@k,h(sa CL) —

ra(s,a) + max P%.a(0) Vit (57)

0cCr n .,

L A S 1 [0,H]

CA,M — {9 € 0| Hgk,hw) — Gk,h (é\kh> | )

Peng Zhao (Nanjing University)
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Online Mirror Descent

* OMD is a powerful online learning framework to optimize regret.

X;4+1 = arg min
xeX

where Dy(x,y) = ¥(x) — ¢(y) —
the Bregman divergence.

{me(x, Vfi(x)) + Dy (x, xt>}
(Vi (y), x

y) is

s )

Ok+1,5 = argmin

{<V€k,h(§k,h), 0 — 5Ich> + o
9co

A Summary of OMD Deployment

* Our previous mentioned algorithms can all be covered by OMD.

Algo. OMD/proximal form () i Regret
i
OGD for Xeq1 = arg minn(x, V fi(x¢)) + 5 llx — x¢||3 |1x]|2 % OWT)
convex xEX
OGD for o 1 5 ] )
strongly c. el = al,%g;llnm<xﬂ Vii(xe)) + 2 [x —x¢|l5 I3 — O(+1ogT)
ONS for o A 1 ) . 1. -
exp-concave Xi41 = algemmm(& Vfe(x0)) + B [[x — x4, ||XHAt 5 (9(5 log T')
N
HelcjlgeAfor X¢4+1 = arg inin (%, V fr(xy)) + KL(x||x¢) S 2; log ayy/ 2 O(JTlog N)
i i=1

ce

d Optimization (Fall 2024)

Lecture 6. Online Mirror Desce

nt

64

where Hyp = nHyn(Or.0) + Sy Hin(0ig1.0)

We here use OMD as a statistical estimation tool!

Peng Zhao (Nanjing University)

More details of OMD can be found in Lecture 6 of
Advanced Optimization Course 2024 Fall

https://www.pengzhao-ml.com/course/AOpt2024fall/

26




OMD as Statistical Estimator

° Replace MLE with Online Mirror Descent (OMD) il’lSpil‘ed by [Zhang and Sugiyama, NeurIPS’ 23]

¢9k 1,n, = argmin —y; p logp; (0) + 1|0
MLE + SeRd ;Sgh h h( ) 2 ” HZ
= Lin(0)

one-pass update by OMD @ “lookahead” local norm to keep historical information

: . . 7 _ - 29 —6, .17
implicit Orcsan = angin {6 (0) + 35 0 = B, } still no closed-form
OMD where 2 351 1, solution!

n (0i+1,,) is a particular local norm.

second-order Taylor expansion @ Zk,h(e) = Kk,h(gk,h) + (Vﬁk,h(gk,h), 0 — @},,h} —~ H@ 0, hHHk G n)

standard Opi1n = arg;rgm {<V€k n(Ok,), 0 — O ) + 3|10 — O hHHk }
€
OMD

where Hk n =nHy h(Hk n) + Zk ' o, h(¢9i+1, ») incoporates additional second-order quantity.

Peng Zhao (Nanjing University) 27



OMD: Estimation Error

5k—|—1,h = areg Iglin {<V€k,h(§k,h)7 0 — é/k,h> + %H@ — 5k>h”%;€ h},
c )

~

where ﬁk n = nHy, h(gk, n) + Zf:_ll H; r(0;+1.1n) incoporates additional second-order quantity.

o riy -1 iy : :
can be solved kilh = Qk,h — UHk,hVKk,hWk,h)a v’ Hessian can be analytically calculated

with two steps:

v’ inversion can be easily computed by

- ~ 2
0 = arg min||§ — 0, ~ -
k+1,h Hg H k+1,h HHkh rank-1 update, ( 2) complexity

€O

Lemma (Confidence Set). Forany § € (0,1), set n = 3 log(1 + U) + (B + 1) and X\ = 84+/2n(B + d), define
5k,h = {(9 cO||6- gk’hHHk,h < O(VdlogUlog(kH/8)) & Ek} :

Then, we have Pr[0; € 5k,h] >1—-94,Vk € [K],h € [H]. independent of k™!

Peng Zhao (Nanjing University) 28



Key Analysis

A general template of OMD estimator:

' 1
0,11 = arg min {Qt(‘g) iy Q_HQ — Qt’|124t}
Hco 7

where g (#) is the surrogate loss and A; is the local norm.

Lemma 1. For OMD estimator, we have

1 | 1 :
@1 — O % < (Va:(6;).6, — 0, — |8 — B [1%:. ——|8 — Bz .
27}“ t+1 1%, < (Vge(0:),0; ) + 27)“ t 1A, 277” t+1 t||a,

A proper choice of the local norm  and the surrogate loss () become highly crucial.

|:> Self-concordance of logistic loss & Second-order approximation & Negative regret in OMD

Peng Zhao (Nanjing University) 29



Computational Challenge

* MLE estimator: Computational and storage cost at episode is ( )!

k—1
~ . 5 Y A
O = argmin Ly (0) £ Y Y —y3 logpi,(0) + 571165
OcR

i=1 s'€S;
- . . . , R
e UCB selection: Feasible domain can be non-convex !
~ / A~
/
Qr,n(s,a) = |ryp(s,a) + max D5 o(0) Vi ny1 (s')
QGCk’h S/ESh s,a

L A s 1 [0,H]

Cioh = {9 €0 | Hgk,h(Q) — Gk.h (é\kh) y

\_
Peng Zhao (Nanjing University) 30




Efficient Optimistic Value Function

AN

Qk,h(& a) — 7°h(37 a) + Imax Z pg:a(e)‘/}k,h+l (S/) : é\k:,h = {9 €0 | Hgk:,h(g) — Gk.h (é\k,h)‘

Geck,h S'ESH +.a

0.4 non-convex

* Replace maximization with closed-form bonus:

ka,h (87 a’) —

rn(s,a) + Y POk Ve () + € + Esnd] Vin(s) = arg max Qk.n (s, 0)
s'"€Sh,s,a [0,H] ac

Preserve local information effectively!

Lemma. ForanyV : S — [0, H] and (h, s, a H| xS x A, it holds
bound the value / 0, H] and ( ) ]
. fst snd
difference by ’ ; D% (O.n) ; POV ()| < €& + e
s'€S8nh,s,a 8'€Sh,s,a
second-order where
Taylor expansion ¥ N . o 12
y P fst HB Z ps a 9k h) — Z ps,a(gk’,h)¢s,a L ,62’3 = —Hﬁk max sall .
$'E€Sh 5. 5" ESn o My h s’€Sh s,a Hin

Peng Zhao (Nanjing University) 31



Algorithm and Regret Bound

Algorithm 2 UCRL-MNL-LL

Input: Step size 7, regularization parameter A, confidence width Ek, confidence parameter .
1: Initialization: H,, = A\[,01, =O0forall h € [H|.

2 fork=1,...,K do Gun(ov) = rCs.)+ Y0 G Tin () + 58 + 5

3:  Compute @k‘h(.’ -) in a backward way as in (11). O , o _

4. forh=1,... Hdo Computational complexity:
5 Observe state sy, 1, select action ay ;, = argmax, ¢ 4 Q;C h(Sk.hy @) ()

6: Update ’Hk 5= Mg g0y h(gk; 5 ( 2 2)

7 Compute 9k+1 h = arg mmgeo(gk h(ak h) 0 — Qk h> %HQ — gk’huﬁk,h' ( 3)

8 Update fHk’h — %k,h + Hk,h(gk—i-l,h)- ( 2 2)

g enflnf((i)for Total: ( °+ 2 2+ )

Theorem 2. Forany € (0, 1), with probability at least 1 — §, our algortihm ensures:

Regret » < O (de K + n_1d2H2> ~L.independent regret (in main term) &
K= constant computational cost per round

Peng Zhao (Nanjing University) 32



Lower bound for MNL-MDP

* Lower bound by reducing MNL-MDP as Logistic Bandits.

Logistic Bandit Problem

e Ateachround k € [K], learner selects an action a, € A € RY, receives a reward
ri sampled from Bernoulli distribution with 1z (a 6%) = (1 + exp (—a; 6%)) .

* Learner aims to minimize: Regret??® = max,c 4 S5,y (a0%) =0, p (a] 0%).

e
MNL-MDP recneen > | Logistic Bandit

run H /2 times

Theorem 3. The lower bound of MNL MDPs with infinite actions is Regret > Q(dHVK).

Note: The follow-up work of [Park et al., AISTATS 2025] improves the lower bound to 2(d H*/*VK).

Peng Zhao (Nanjing University)
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Summary of Online MDPs

O Upper bound side: avoid dependenceon = = ( )

* Avoid MLE estimator: OMD with a suitable local norm
» Avoid non-convex issue in Q: second-order value difference

Theorem 2. For any § € (0, 1), with probability at least 1 — §, our algortihm ensures:

Regret - < O (dHQ\/EJr /i_ldQHz)

J Lower bound side: reduction to a logistic bandits

Theorem 3. The lower bound of MNL MDPs with infinite actions is Regret > Q(dHVK).

Note: The follow-up work of [Park et al., AISTATS 2025] improves the lower bound to 2(d H*/*VK).

Peng Zhao (Nanjing University)
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Outline

e RL. with Human Feedback

Peng Zhao (Nanjing University) 35



Large Language Models

d Three typical stages of LLM training
a N (e

Pre-Training

* Pre-Training: Train on large-scale, diverse datasets to learn general capabilities.
« SFT: fine-tune the model using labeled data to improve ability to follow instructions.

« RLHF (or preference optimization) : align model towards human preferences or values.

Peng Zhao (Nanjing University) 36



RLHF for Alignment

* Input: a preference 4-argument tuple (x, 4, a’, y)

x: the prompt: “Please write a joke for me.”

a: the first response: “Sorry, I can’t.”

a’: the second response: | “Here is a joke for you: ..”

y € {0, 1}: the label (human’s preference): | a’

* RLHF wants to use input to improve LLM

i.e., align LLM with human’s preference or value (encoded in the preference data)

* Output: a fine-tuned LLM with better aligned preference

Peng Zhao (Nanjing University) 37



RLHF for Alignment

* A standard pipeline of RLHF

(i) reward model learning (ii) policy optimization (guided by reward model)

Prompts Dataset
Prompts Dataset

Reward (Preference)
Model

-y

;'no x: A dog is...

: A Y% .\ (" Tuned Language ‘
*e Initial Language Model Model (RL Policy)

B\

text

Train on
{sample, reward} pairs

Reinforcement Learning
Update (e.g. PPO)

S0+ 0+ VeJ(0)

Sample many prompts

@
) \l, f
OO® RLHF ®

® 0@
0® ©® Tuned Text ®®®®

Outputs are ranked
(relative, ELO, etc.)

4 )
Initial Language Model Lorem Ipstim, dolor

sit amet, consecte —\

adipiscing elit. Aen|
Donec quam felis RN
vulputate eget, arc| - |

Nam quam nunc

Reward (Preference)

Base Text

y: a furry mammal y: man’s best friend >

AN

i (
VQ eros faucibus tincid  Human Scoring = >
\ y luctus pulvinar, herl :] —AkLDxkr (WPPO(y|x) || 7'rbase(:l/"l:)) S 4
Generated text : KL prediction shift penalty 4 | )
To\Y|T

Peng Zhao (Nanjing University) 38



Reward model learning

* How to model the underlying reward based on observed data?

Definition 1 (Bradley-Terry Model). Given a context x € X and two actions a,a’ € A,
the probability of the human preferring action a over action a’ is given by

exp (1 (x,a))

Pl |9 ) tem e o)

where r is the latent function.

« Maximum Likelihood Estimation (MLE) o(w) = . +l€w
argmin Lg (74, D) = —E(4.4..01)~D [10g0 (1o (2, aw) — re(z, az))} :/‘

T /

Peng Zhao (Nanjing University) 39



Connection to MNL mixture MDPs

* Linear reward model assumption Compared to MNL mixture MDPs
r(z,a) = ¢(z,a)T 6" * Transition Model .
Pa(s | ,0) = 2P [20) O0)
N exp (¢(5| s,a) 0
Bradley-Terry 23ES 0 (@(5] 5,0)76)
Model  MLE
k—1
/ / )\
Do ol ) — exp (¢(,a)T0") O =argminy > —y7, logpin(0) + S [10113
(a=a|z)= exp (¢(z,a) T 07) + exp (¢(z, a') T 07) OER® =1 s'€S;n

* MLE estimator . . - AT
K = xeXIgI,E’GA min (qﬁ(a:, a) 0 —¢(z,a) 9)

r=argmin —Eqg . yop [logo (e (T, Yw) — 7 (2, 51))] ) _ . L
T non-linearity coefficient

We can apply OMD to improve the computational and sample efficiency!

Peng Zhao (Nanjing University) 40



Online RLHF

General Framework of Online RLHF

1: New data collection: sample a tuple ( , , ), obtain the preference label

expand the dataset: .1 = C, ., )

2. Reward Modeling: Train reward model .; based on dataset 4

3: Policy Optimization: Update the policy +; using the learned reward model 4;

dataset q ]
| | rezlvv?j policy
J_J_J_] modeling optimization g
| Rewii((i I’VIo)del p | Pohcz(Mo;iel

(moe & B
new data g

Peng Zhao (Nanjing University) 41



Online RLHF

General Framework of Online RLHF

1: New data collection: sample a tuple ( , , ), obtain the preference label

expand the dataset: .1 = C, ., )

2. Reward Modeling: Train reward model .; based on dataset 4

3: Policy Optimization: Update the policy +; using the learned reward model 4;

Reward Modeling: Maximum Likelihood Estimation (MLE)

Define feature difference: z; = ¢ (x¢,a:) — ¢ (x4, a}) , .
¢ At iteration :

(/9\754—1 — arg min Z ls(6), time complexity: ( log ),

PERT =1 storage complexity:
where £,(0) = —y;log (o (2, 0)) — (1 — y;) log (1 — o (2, 0)) g P y: ()
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One-Pass Estimation

* Online Mirror Descent

Define gradient and Hessian: ~ g:(0) = (o (2;9) — )z, Hy(0) =0 (z;ré’) 22,

Y . Y 1 J 12 ~ =t ~ ~
Orr1 = aregergln {<gt(9t),9> + %HQ — 9t||;qt} ,  where H, = ;Hi(QiJrl) +nH(0;) + M.
constant time and storage complexity, look-ahead  second-order
independent of local norm  approximation

* Estimation Error analysis:

7 9 Enjoy (basically) the same order estimation
H@ HtH%t =© <\/g(log(t/5)) ) error guarantee as MLE!
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On-Policy Data Collection

J Case 1: on-policy data collection

* Data collection: uniform sampling z; ~ p, and a;, a; ~ 7 (-|x;)

* Policy Optimization: 7w, = arg max_ ft(w),

where jt(w) = Eprp.amn(-|2) [gb(m, a)T/QV} + @HEXNP[% m(x)] H’Ht exploration bonus

SubOpt(7¢) = Epnp 7 (2, 7 (2)) — 7(2, T8 (T))]

< 0 (VA ol (@71 (@))] )
T . N T
:D Regret = E J () —J(m)] <O (d\/ ;>

“concentratability coefficient” can be

bounded by self-normalized concentration
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Active Data Collection

J Case 2: active data collection

* Data collection: maximum uncertainty

(zr,a,0)) = argmax  {||o(z,a) = 6 (2, ||y |
r,a,a’ EXXAXA

* Policy Optimization

mr(z) = arg max, 7r(z,a) where rp(x,a) = + Zle o(z,a)b,

No need to additional exploration due the active data collection strategy

KT

SubOpt (7)) = Egnp [ (&, 7 (2)) — r(z, 77(2))] < O (d L)
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Experiment

* Train Llama-3-8B-Instruct on Ultrafeedback dataset

» Contenders:
* (1) On-policy (rand) + MLE (2) Active + MLE (3) On-policy (rand) + MLE (4) Active + OMD

0.70

Rand-MLE Rand-OMD

Bk . | —— ActiveMLE —— Ours 0.70 Method A_CC (%) Time (S)

n Rand-MLE  69.51+0.5 4876447
ActiveeMLE ~ 69.8240.4 4982452
Rand-MLE Rand-OMD Rand_OI\{D 6897:|:06 1456i31

m— Active-MLE == Ours

0‘400 100 200 300 400 500 600 700 800 C'.650 100 200 300 400 500 600 700 800 ACt iVe- O MD 70 . 43 :I: O . 3 ]. 4 8 9 :I: 3 6

Iterations Iterations

o
o
0

o
o
o

(3]
% 0.55
—]

Accuracy

o
o~
~l

0.501

o
o~
o

045

(a) training loss (b) evaluation accuracy

Our OMD-based estimator achieves performance comparable to MLE
while offering significantly better computational efficiency.
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Experiment

* Interesting point: combined with Adam Optimizer

* Contenders:
e (1) MLE + SGD (2) MLE + Adam (3) OMD + SGD (4) OMD + Adam

062 Passive-MLE MLE-Adam
Qurs e Qurs-Adam 972
0.601
5.071
g0 S ol Adam itself may have
0.56 < already capture some “local”
o7 Passive-MLE MLE-Adam second-order information.
a3 e Ours = QOurs-Adam
100 200 300 400 500 600 700 800 900 . 100 200 300 400 500 600 700 800 900
Iterations Iterations
(c) evaluation loss (d) evaluation accuracy

Our OMD-based estimator can be combined with Adam optimizer to further boost the performance.
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Outline

 Conclusion
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Conclusion

4 Provable efficiency in online RL

* Online Mirror Descent (OMD) as a statistical estimator with one-pass update

d Multinomial Logit (MNL) Mixture function approximation
* Anew logistic model to capture the non-linearity of the transition matrix
* MLE estimator: analysis exploiting local information is vital for statistical efficiency

* OMD estimator: designing special local norm to replace MLE, keep regret optimality
and meanwhile achieve the “one-pass” computational efficiency

(J RL with human feedback

* BT model naturally involves the logistic kind non-linearity

* OMD estimator: used to replace MLE offline estimator, encouraging results Thanks!
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