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Reinforcement Learning Problem

Environment M = (S, A, P)
> State Syuq ~ P (- | St, Ar) for t =0,1,....

Agent(S, A, r, D) — m; max long-term rewards

» Reward R; ;1 = 7 (S¢, At, Si41) preference
»> Data D; = D;_4 U {A+_1,5¢} accumulated.
> Policy 1; = Agent(S, A, 1, Dy).

> Action A; ~ 11:(- | St);

Agent-Environment Interface. Experience:

» Objective 71 = (g, 711, ...) to maximize
Ao, 51,A1,52,..., A, Se41, - - - J agent (mo,7m1,.-)

T—1
]E[Z Ryt | Tagent, M] (1)
t=0
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Motivating example: “multi-turn” LLM agent

) ﬂ I'm feeling unmotivated for work
User: Env’ “2"  and everything.

PSS

I'm sorry to hear that you are feeling
unmotivated. Here are some tips to
help you regain some motivations:
1, Set Small, Achievable Goals.
Try breaking down your work into
small more manageable tasks.

2, Change Your Routine.
Monotony can lead to demotivation.
3, Seek Inspiration. Try listening to
an inspiring podcast, reading a
motivational book, or talking to
someone you find inspiring.

4, Take Care of Your Health. Lack
of motivation can sometimes be
linked to physical factors such as
poor diet.

G I had enough of such cliche.
-

Terminal reward User Satisfaction:

RL in Complex Environment
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2]
-

I'm feeling unmotivated for work
and everything.

[ == o ——
I'm sorry to hear that! Would you - .
llike to share if there is anything 1 ‘ LLM'Agent
IIparticular happening recently? |

My paper got rejected from a
conference... but | really put a lot
of time and efforts in it.

I'm really sorry to hear that your
paper got rejected, but it could
also be a chance for you to
polish your paper and make a
bigger deal so that it can shine in
a resubmission to the next
conference!

Thanks a lot! | feel much better
now!

User Satisfaction: &  Terminal reward
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Challenges in Real-world RL Agent

Complex Environment:

> Large state space: (images, videos, audio, text,
~ 10100

high-dimensional feature vectors, etc.) |S
» Accumulated data D 7 as interacting with the
environment.

Resource Constraints for Agent:

> . 5 .
Agent-Environment Interface. Experience: Computation & memory (bounded per-step complexity)

Ao, 51, A1, 52, At Sty - » Experimental budgets (limited data collection, human
feedback, etc.)
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RL in Complex Environment

Scaling up! Then?
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Development of RL Algorithms: A history of "Scale up!"

R.S. Sutton & A. Barto

s -4
g gg%rnm!nateg R. Bellman, C. J.C.H. Watkins DeepMind
R = “"'EE R. A. Howard, D. Bertsekas & J. Tsitsiklis OpenAl RS
1y S =t D. Blackwell Temporal Difference, Q-Learning Etc.
‘Q'ﬁu ol | —E_ Dy ic Progr i Approximate (Neuro) DPs Deep RL (Advances in Algorithms and Computations)
- = (Markov) Decision Processes  Parallel and Distributed Computation  AlphaGo & GPTs (Foundation Models)
50s-60s 70s-90s 2010s --

Computation First

» Problem Scale upt : (S1) Larger? state space S; (S2) Data D accumulated? .
»> Modern RL Paradigm: (S1) Function Approximation (Deep Neural Networks);
(S2) Incremental update with SGD, Experience Replay and/or Target Network.

(K1) Bounded Per-step Complexity: ‘NOT Scale’ polynomially with |S| and |D|. )
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Scalablity # Efficiency: RLHF for LLMs

o, oW
u - Xi
P o / Bounded per-step complexity as Scale u
°?°g\ = e » S 1: more complex or longer conversations
\KLLM : p g
S/ .
. / g/\ﬂ » D 1: adapt to extensive human feedbacks
V.
Response 2 Negative Preference
— Inefficiency |
B e o e g e v »> Data Hungary: 1.5M (Offline) and 1.7M (Online) in
Model Sizes Step 1 Step 2 Step 3 | Total LLaMA2 [TMS*23] Human feedback
Actor: OPT-13B, Reward: OPT-350M  2.5hr  0.25hr | 10.8hr | 13.6hr .
— scarce & expensive
Table 5: E2E time breakdown for training a 66 billion parameter} ChatGPT fmodel via
DeepSpeed-Chat on 8 DGX nodes with 8 NVIDIA A100-80G GPUs/ndlle. . . ..
Model Sizes Swop 1 Stepd Stop 3| Toml » Computation Costs: RLHF occupies most of the training
Actor: OPT-66B, Reward: OPT-350M 82 mins 5 mins 7.5hr 9hr tl me. [YAR+ 23]
v
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Practical advancements for “efficient” Deep RL

Algorithm ‘ Components

DDQN (16) | Incremental SGD with experience replay (finite buffer) and target network
Rainbow (18) | (DDQN) + Prioritized replay, Dueling networks, Distributional RL, Noisy Nets.
(DDQN) + Prioritized replay, Dueling networks, Distributional RL,
Self-Prediction, Harder resets, Larger network, Annealing hyper-parameters.

BBF  (23)

Table: The extra components used in various algorithms, e.g. DDQN [VHGS16], Rainbow [HMVH™ 18], BBF
[sCCT23].

» / Scalable: e.g. DDQN use incremental SGD with experience replay and target network.
» X Deployment inefficient: Complicated component and many heuristic tricks. Hard to tune.

» X Provably inefficient: e.g. BBF use e-greedy exploration strategy which need exponential many
sample in some environment, provably [Kak03, Str07, OVRRW19, DMM*22].
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Principled approaches for data efficieny

|

tration

PSAL

S hihirobabity

R.A. Fisher, William R. Thompson (30s)
T. L. Lai and H. Robbins (80s)
Sequential design and allocations (MAB)

=
I— %

s
fi=
2
S
=

E3/PSRL/UCRL ...
Tabular RL

Eluder dimension/Information Ratio
Bellman Rank/Bilinear Structure
Decoupling coefficient/DEC/GEC ...
Structural assumption and Algorithms for
RL with function approximation

Before 90s

2000 --

2014 --

Sequential decision making under uncertainty with sublinear regret. )

Scaling up! Then?
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Deep exploration in “multi-turn” LLM agent

Deep exploration

The decision may position the agent to more effectively acquire information over subsequent time steps.

) n I'm feeling unmotivated for work
User: Env’ *2*  and everything.

-

I'm sorry to hear that you are feeling
unmotivated. Here are some tips to
help you regain some motivations:
1, Set Small, Achievable Goals.
Try breaking down your work into
small more manageable tasks.

2, Change Your Routine.
Monotony can lead to demotivation.
3, Seek Inspiration. Try listening to
an inspiring podcast, reading a
motivational book, or talking to
someone you find inspiring.

4, Take Care of Your Health. Lack
of motivation can sometimes be
linked to physical factors such as
poor diet.

f_’l I 'had enough of such cliche.
-

Terminal reward User Satisfaction: &
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»D

I'm feeling unmotivated for work
and everything.

M E)rry_to Feaﬁhavw?ulcﬁou—
llike to share if there is anything
Ipanicular happening recently? |

LLM: Agent

My paper got rejected from a
conference... but | really put a lot
of time and efforts in it.

I'm really sorry to hear that your
paper got rejected, but it could
also be a chance for you to
polish your paper and make a
bigger deal so that it can shine in
a resubmission to the next
conference!

Thanks a lot! | feel much better
now!

User Satisfaction: &  Terminal reward
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Data Efficient Exploration under Function Approximation (FA)

» Posterior sampling: data-efficient exploration strategy
Require conjugacy for posterior update
Feasible only in tabular MDP with dirichlet prior.

» Extending posterior sampling to general FA:
X Intractable computation: sample from intricate distribution [Zha22, DMZZ21, ZXZ"22].

X Unbounded memory and computation:
(1) Store entire history and retrain for each episode, e.g. RLSVI [OVRRW19], LSVI-PHE [ICN*21].
(2) Computation cost scale poly w. # episodes, say LMC-LSVI [ILXT24]

» Same challenges for OFU-based algorithms under general FA.
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Research question?

Towards fulfilling the promise of RL in real-world complex environment, can we design

(A1) Simple Algorithm easy to use and deploy (E3)
(A2) Efficient Algorithm low data (E1) and computation cost (E2)
(A3) Scalable Algorithm large S 1 (S1) and accumulated D 1 (52)
“To complicate is easy. To simplify is difficult.” — Bruno Munari)
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Theory! Data First — Scale up! Computation First
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Introducing HyperAgent: Simple, Efficient, Scalable
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HyperAgent: Simple and Scalable Algorithmic Component

Algorithm ‘ Components

DDQN (16) | Incremental SGD with experience replay (finite buffer) and target network
Rainbow (18) | (DDQN) + Prioritized replay, Dueling networks, Distributional RL, Noisy Nets.
(DDQN) + Prioritized replay, Dueling networks, Distributional RL,
Self-Prediction, Harder resets, Larger network, Annealing hyper-parameters.

BBF  (23)

HyperAgent Hypermodel

Table: The extra techniques used in different algorithms, e.g. DDQN [VHGS16], Rainbow [HMVH™18], BBF
[SCCT23] and our HyperAgent.

» / Simple: Only one additional component, hypermodel, compatiable with all feedforward DNN.
» / Scalable: Incremental SGD under DNN function approximation, same as DDQN.
» / Efficient: Incremental approximation of posteriors over general value function without conjugacy

» = data-efficient exploration via approximate posterior sampling w. bounded per-step computation.
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HyperAgent in Atari suite: Human-level performance (1 IQM)

x 107
1.0 o DDQON'

0.8

0.6
©

0.4

0.2 * o Rainbow
HyperAgent
0.0 EfficientZero e BBF o
10° 107
# Parameters

» / Data efficient: 15% data consumption of DQN[VHGS16] by Deepmind. (1.5M interactions)
» / Computation efficient: 5% model parameters of BBF[SCC'23] by Deepmind.
» Ensemble+ [OAC18, OVRRW19] achieves a mere 0.22 IQM score under 1.5M interactions but

necessitates double the parameters of HyperAgent.
Introducing HyperAgent: Simple, Efficient, Scalable 18 /39



HyperAgent: Introducing Hypermodel

paramatric function reference distribution

Vo

> Hypermodel: in general ( fg, Pz ) s.t.

fo(x, € ) is an approximate posterior predictive sample on data x.
¢~ F

Special case: predictive sampling from Linear-Gaussian model

Suppose 6* ~ N(u, X) where X represent the model uncertainty.
Box-Muller transform: Pz = N(0,I)1), 06 = (A € RPM 1y c RY) st. AAT = Z.

fo(x, &) := (x, 4+ AZ) ~ N(x "y, xTAA T x)
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HyperAgent: Hypermodel for Feedforward Deep Networks

> Base model: DNN ( ¢w(:) , Wpredict)

P ¢ ~ Index ¢ Hypermodel Wpredict(f)
. Hidden Layers

Input x —>: dw ()
|

Predictor f Output

fo(x,$)

» Hypermodel: Choose fy(x,) = ( pw(X) , Wpredict(§)) With Wyredict($) = AL + b where ¢ ~ Py

fol(x, (Pw(x) b (Puw(x) , AQ))

‘mean’ jig(x)

‘variance’ op(x,¢)

TThe degree of uncertainty
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HyperAgent: Hypermodel for Deep RL

» Base model for DQN-type value function
fo(s,a) = ( guls) ,6'")

with parameters 6 = {w, (1Y e RY):ae A}

TActionfspecific parameters for discrete action set A

» Hypermodel for randomized value function depends on (s,a) and a random index ¢ ~ Pe:

fe(S,a, 4 ) = < (Pw(s) rAaC +ba>
———

Random index & ~ P: T 07(&)

with parameters 8 = {w, (A(® € R*M p(@)):q¢ A }.

T Action-specific parameters

> Tabular representation: ¢z (s) is fixed one-hot vector in RIS| where d = |S|. (Unification!)
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HyperAgent: Algorithmic Framework

Algorithm HyperAgent Framework

1: Input: Initial parameter Oin;t, hypermodel fg with reference dist. Pz and perturbation dist. Py .
2: Init. @ = 0~ = Oinjt, train step j = 0 and buffer D

3: for each episode k =1,2,... do

4 Sample index mapping & ~ P

5:  Set t =0 and Observe S5,y ~ p

6: repeat

7 Select Ay; = argmaxsec 4 fo(Skt 8, Ek(Skt) )

8 Observe Sy ;.1 from environment and Ry ;1 = 7(Sk¢, At Skr+1)-
9

Sample perturbation random vector zj ;.1 ~ P,

10: D.add((Skt, Akt Rit1 Skiv1s Zip1 )
11: Increment step counter f < t+1

12: 0,0~,j < update(D,0,0~, & =& ,t§)
13 until Sg; = Sierminal

14: end for
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HyperAgent: Objective for generic hypermodel (fg, Pr)

perturbation random vector

v
» For a transition tuple d = (s,a,7,s', z ) € D and given index &, the temporal difference (TD) error:

discounted factor
——

2
(05008 8 = (A €)=+ 0 €Tz + y mae 6L EE)) @)

Tcontrol the std of injected noise

target parameters, fixed here and updated in an outer loop

main parameters, optimization variables

> & : the target index mapping s.t. £ (s) one-to-one maps each state s € S to a random vector

from Pz, all of which are independent with ¢ .
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HyperAgent: Objective and Training

> Integrate & over Equation (2) yields objective L7 where > 0 is for the prior regularization

e 1 o
LYR(0:07,8,D) = By, | 1 o (067,87, 2,)] + 1 0] 3
deD

> Optimize Equation (3) using mini-batch SGD (in practice, default Adam):

= _ o B 1 1 e
oo e D)=z L | T 50 @0 2a) +%\|9\|2 (4)
ge & \de D
a batch of data D sampled from D a batch of indices & sampled from Pz

» Update the main parameters 0 in each step according to Equation (4), and updates the target
parameters 0~ periodically with less frequency. = Bounded per-step computation.
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Simple illustration for Deep Exploration: DeepSea Environment

exploration method | expected episodes to learn
2 optimal O(N)
pure exploitation 00

3 k dithering (e-greedy) O2N)

optimistic O(N)

randomized O(N)
N =
&=

Expected number of episodes required to learn an
optimal policy for DeepSea with size N.

Figure: DeepSea: The agent receives a reward of 0 for Optimistic: optimism in the face of uncertainty (OFU);
/, and a penalty of —(0.01/N) for ™\, where N denotes Randomized: randomizing the belief of the environment,
the size of DeepSea. The agent will earn a reward of 1 e.g. Posterior sampling

upon reaching the lower-right corner but she do NOT
know in advances whether there is a reward until
reaching the goal.
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HyperAgent: Efficiency in benchmarks (DeepSea)

x10° DeepSea
101 A KKK AR AKX
=
§ 8 ° $
. 8
o 6 ® [ ]
: - .
= 4 . S 9 - ][‘/ 0
Z s . e
5 2l . S == S |
0 i'.'"'—‘_i'!’_—‘
20 30 40 50 60 70 80 90 100 110 120
Size
—— Ensemble+ —— ENNDQN —— HyperDQN —— HyperAgent

Comparison with Ensemble+ [OAC18, OVRRW19], HyperDQN [LLZ"22], ENN-DQN[OWA*23].

> / Scalable as size N 1. State representation: one-hot vector in high-dimension RY.
» / Data efficient: HyperAgent the only and first achieving optimal episode complexity O(N).
Introducing HyperAgent: Simple, Efficient, Scalable 26 /39



HyperAgent:

comparison with other posterior approximation methods

Alien Freeway Gravitar
2500
30
< 2000
El
9 1500 20
3
g 1000
2 10 |
& 500 74
0 o B .
0 05M 1.0M 1.5M 2M 0 0.5M 10M 1.5M 2M 0 05M 1.0M 1.5M 2M
Pitfall Qbert Solaris
0
12500 3000
£ -250
E 10000
T
o 500 7500
g —750
S 5000
& -1000 2500
-1250 0
0 0.5M 1.0M 1.5M 2M 0 0.5M 1.0M 1.5M 2M 0 05M 1.0M 1.5M 2M
Num of Steps Num of Steps Num of Steps
—— Variational —— LangevinMC  —— Ensemble+ —— Rainbow

Hero

0 0.5M 10M 1.5M 2M
Venture
400
300
200
100

. M
0 0.5M 1.0M 1.5M 2M

Num of Steps

—— HyperAgent

Figure: Comparison on approximate posterior sampling methods: variational approximation (SANE [AL21]),
Langevin Monte-Carlo (AdamLMCDQN [ILX*24]) and Ensemble+[OAC18, OVRRW19]
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Introducing HyperAgent: Simple, Efficient, Scalable
Insights and theoretical analysis
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How does HyperAgent achieve efficient deep exploration?

» Tabular HyperAgent: fp (s,4,8) = pigsg + Tk s Tz

» Incremental update with computation complexity O(M) : Perturbation random vector

v
(Nkfl,sa =+ ;B) mkfl,su + Ete E 0 Zptiq
~ k—1,5a M
Misa = €ER (5)
( Nk,sa + .B)

Visitation counts of (s,a) up to episode kT

Set of timesteps encoutering (s,4) in episode k — 1

Lemma 1 (Sequential posterior approximation).

For iy recursively defined in Equation (5) with z ~ U(SM~1). For any k > 1, define the good event of

e-approximation

2 2
Gisa(®) 1= { I I € ((1 B e RN ) }

The joint event N(s g)esx.A NK_| Gisa(€) holds w.p. at least 1 — 6 if M ~ e 2log(|S||A|T/5) .

@
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How does HyperAgent achieve efficient deep exploration?

Stochastic Bellman backup for HyperAgent: Empirical transition W.std o, ﬁ
~ b =T
f91(<i+1),§k - F’jf();si),gk - (rsa + r)/(st,({i),zk’ Pk’su >) + mk,Sﬂgk(s) ¢ (6)

T “Randomized bonus”

where fg/g— (s,a) = fo(s,a,{ (s)) and VQ(S) := max, Q(s,a), Vs is the greedy value w.r.t. Q.

States

Incentivize deep exploration.
(3) Darker shade indicates higher degree of uncertainty.

¢ "kff > (1) N, = 1. Other (s,a) almost infinite data.
s=2 % % % Q Q (2) Propagation of uncertainty from later time period

to earlier time period.
5=3
”4 4 4 4""4 4
?

Azﬁ&
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HyperAgent: Theoretical Guarantees in RL

| Practice in General FA | (LB) Q(VH3SAK) Theory in Tabular

Alg| Metric— | Tract’ Incre’ Effici’ | Regret Per-step Comp’

PSRL X X X (BR) O(H?\/SAK) O(S%A)

Bayes-UCBVI | X X X (FR) O(VH3SAK) O(S%A)

RLSVI v X X (BR) O(H?V/SAK)  O(S?A)

Ensemble+ v v N/A N/A

LMC-LSVI v v (FR) O(H?>VS3A3K)  O(KSA + S%A)
HyperAgent v v v (BR) O(H?>V/SAK)  / O(log(K)SA + S?A)

» Finite-horizon tabular RL: # states: S, # actions: A, # horizons: T = H, # episodes: K
> Per-step computation poly(K) scaling is unacceptable under bounded computation. K 1< |D| 1!

» HyperAgent is the first efficient and scalable RL agent, with practical efficiency as well as
logarithmic per-step computation O(log K) & sublinear regret in tabular setting.
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The novelty and difficulty in the mathemtical analysis: No Prior Art

Timet=1 Timet=2 Timet=23 Time ¢t Time t+1
X{———» X ——p X3 —p -+ —— P Xt ————» Xp4]

S

Difficulty: Sequential dependence of high-dimensional R.V. due to the adaptive nature of Sequential Decision
Making.

First probability tool for sequential random projection.

A non-trivial martingale extension of the Johnson—Lindenstrauss (JL) lemma and subspace embedding.
[Li24a, Li24b, LXL24]
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Simple, Efficient, Scalable: Bridging Theory and Practice
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HyperAgent is the first principled RL agent that is
» Simple, Efficient and Scalable;

» Empirically and Theoretically justified.

» No Prior Art. Set up a new benchmark.
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Promising future directions

O]

Based on Li, Y., Xu, J., Han, L., & Luo, Z. Q. (2024). HyperA-
gent: A Simple, Scalable, Efficient and Provable Reinforcement
Learning Framework for Complex Environments. arXiv preprint
arXiv:2402.10228.

®

» Integrate actor-critic type of deep RL framework with HyperAgent for continuous control.
» Integrate transformer-based model with HyperAgent is also doable.

— LLM-based Agent!

— Data-efficient RLHF! (Efficient exploration for LLMs [DAHVR24])
» Extension to RL under Linear Function Approximation pose no much more difficulty.

» Extension to function approximation with generalized linear model and neural tangent kernel with
SGD update is possible. Further bridging the gap!
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