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Reinforcement Learning



RL Core Concepts MFRL

Markov Decision Process (MDP) 23

Figure: Action A

I. Reward
* Collect a coin: R =+1
+ Win the game: R = +10000
« Touch a Goomba: R = ~10000 (game over).
« Nothing happens: R = 0
11 (Discounted) Return
Gi = Ryt +YRu2 + YRz + -

Figure: State Transition P

Figure: Reward R

m Randomness

m Action randomness.
m State Transition randomness.
m Reward randomness
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RL

m Deterministic Policy a; =
m Stochastic Policy a; ~ (-
m Discrete Action
m w(left|s) =02, 7
m Continuous Action

B oa~ N(u(s),o?).

Core Concepts MFRI
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Value Functions

m Action-Value Function Q
B O:(s,a;) =E[G | S = s1, Ar = ay.
m Given policy 7, QO (s, a;) evaluates how good it is for an agent to pick action a; in state
St.
m Optimal Action-Value Function Qx
u Q*(Sta at) = maXyp Qﬂ'(stv at)~
m The optimal policy is the policy that maximizes the Action-Value function.
m State-Value Function V

m For fixed policy 7, V(s;) evaluates how good the situation is in state s;.
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Bellman Equation

m It defines the relationship between the current and future states, indicating that the
value function at the current state can be computed recursively from the value
function of the next state.

V(st) = E[Gi | St = s
=E[R + YRi1 + YRy + -+ ‘ Si = s
=E[R+7(Rey1 + YRy + ) | St = ]
=E[R +7Gry1 | S = 1]
=E[R | S = s] + YE[Gy1 | Si = s/]

=r(s) +7 Y Plset | ) E[Gra | Set = sit1]
Sp+1€S

=r(s;) +y Z (se1 | 8t) V(ser) -
st+1€S
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Classification of Reinforcement Learning Approaches

m Model-Based vs. Model-Free RL
m Model-Based RL
® Model the environment (e.g., the state-transition dynamics and the reward function).
m Model-Free RL

® No explicit environment model is required; the agent learns an optimal policy through
direct interaction with the real environment.

m On-Policy vs. Off-Policy RL
= On-Policy RL
m The agent learns from its current policy and updates the policy based on data collected
from that same policy.
m behavior policy = target policy
= Off-Policy RL
m The agent can learn from a policy that diverges from its current policy.
m behavior policy # target policy
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Classification of Reinforcement Learning Approaches

m Policy-Based vs. Value-Based RL
m Policy-Based RL
m Learning Target : policy function.
m Directly optimize the policy to maximize the expected cumulative reward.
® Limitation : Low sample efficiency.
m Value-Based RL

m Learning Target : value function.
m Learn the policy implicitly by deriving it from the value function.
m Limitation : Typically restricted to discrete action spaces and plagued by instability.



Value-Based RL - Value Function Estimation

m Evaluating the value function requires computing an expectation
(Vr(st) = Ex [Gy| St = si]), which is data-hungry and computationally expensive;
therefore we estimate the value function via sampling-based approximations.

m Monte Carlo Sampling (MC)
| | V(S[) <— V(st) + Oz(Gt — V(St))
m Temporal-Difference Sampling (TD)

m V(s) < V(sy) + a(rt + Y V(sp1) —

Figure: MC.

V(st)).

Figure: TD.
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Value-Based RL - SARSA'

Step 1. Interact with the environment using an e-greedy policy to collect
trajectories (s;, as, 1y, St+1, Ap1)-
m e-greedy policy:
arg max, Q(s;, a), with probability (1 — ¢),
ar =
a uniformly random action from A, with probability .

Step 2. Update the Q(s;, a;) with temporal-difference (TD) learning:
Qs @) 4= Qst @) + a[ri+7Q(str1, arr1) = Qs ).
Step 3. Repeat Steps 1-2 until convergence.

Target. Action-Value Function Q.

1G.A. Rummery and M. Niranjan, On-line Q-learning using connectionist systems. University of Cambridge, Department of Engineering Cambridge, UK, 1994,

vol. 37.



RL

Value-Based RL - Q-Learning®

Step 1. Interact with the environment using an e-greedy policy to collect

trajectories (s, ay, 1y, Sp4-1, Art1)-

Core Concepts

Target. Optimal Action-Value Function Ox.

MFRL

Step 2. Update the Q(s;, a;) with temporal-difference (TD) learning:
Q(st, ar) < Qse ar) + a[rt + ymax Q(stt1, ar+1) — Qs at)]

Step 3. Repeat Steps 1-2 until convergence.

%1 4 £ 24 | £ 3 % 44

B4k 04k 4k 24k
i;g’ 380 -95 20 173
iﬁg* -7 64 -195 210
;‘i;‘g* 152 72 413 -80

2C. J. Watkins and P. Dayan, “Q-learning”
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Value-Based RL - Deep Q-Networks?

X5
R

= To approximate the optimal action-value function Q*, the most effective approach s
to employ a deep neural network, denoted as Q(s, a; w).

m Step 1. Observe a transition (s;, a;, 17, Sr41)-
m Step 2. TD target: y, = r; + v - max, Q(s+1, @; W).
m Step 3. TD error: 6; = Q(s;, a; W) — Vy.

2
m Step 4. Update: L(w) £ %(Q(s,, ap, w) — y,) W W—a- 0 W.

Q (s, “left”; wy)

Dense
> >B—— Qs “right”; we)
Q (s, “up”; we)
state s;
feature
3V. Mnih et al., “Playing atari with deep reinforcement learning,” arXiv preprint arXiv:1312.5602, 2013 .
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Value-Based RL - Overestimation*

m Maximization Bias.
ye=rity - max Qsi1, ;W) -

estimation made by DQN

Error Propagation through Bootstrapping.

Liw) = E (Q(si, s w) — y)?.

2 forcing DON to fit y;
m Target Network.
m Select Action: @~ = arg max, Q(s+1, ;W™ ),
m TD Target: y; =+ OQ(sir1,a 5w ). a rat
m Double DQN Network. S oo e
m Select Action: ¢* = arg max, Q(si+1, a; w), ’ 7Q qu 5::5 ::5

m TD Target: 31 = r + O(sp1, a3 w™).

4V, Mnih et al., “Human-level control through deep reinforcement learning”
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Policy-Based RL - Policy Gradient

= Policy-learning objective: maximize the value function aggregated over all states.

Maximize

Objective 16) = Es[a(s)).  ——— max J(6). Gradient Onew < Onow + - Vo (Onow)-
ascent 7\
Policy 0.J(0) 0 Inm(A|S;0) Sample
Gradient 70 = Eg |:]EA~7r(-|S;0) |: T . Q‘Il'(S-, A) md g(s,a;0) S Q,,(s‘q) - Vo ln7r(a | &3 9).
Theorem estimate

VI(0) = d(s) Y [Vn(a | 50)Qx(s,a)
seS acA
\Vr(a | s;0)
. st(s) E m(a | S;G)WQ s,a)

acA
=Y "d(s)Y n(a| s;6)F nn(a | 5;0)Rx(s,a)
seS acA
=Em [Vinn(a| s, 0)Q(s,a)]

Apply the

derivative identity

Figure: Derivation of the Policy Gradient Theorem. dr, (s) denotes the probability under policy
my, of reaching state s from the initial state sy in the stationary distribution of the MDP.
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Policy-Based RL - REINFORCE?

m REINFORCE can be viewed as estimating the value function via Monte Carlo (MC)
returns and then improving the policy using the policy gradient (PG).

aJ(0 O lnw(A|S;0 A
% = Eg |:EA~7T(~\S;9)|:+ o Qﬂ_(s" A):| :|’——> g(s,a;0) = Qx(s,a) - Volnm(als;0).
4 Sample
g(staaﬁe) = u - Vg 1H7T(at | St3 9)~ e——Q7r(8t-,(lt) =N E[Ut ‘ Sy = 54, Ay = (lt]-
Unbiased
estimate

SR. . Williams, “Simple statistical gradient-following algorithms for connectionist reinforcement learning,”
13 / 32
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Policy-Based RL - Actor-Critic®

m Update the policy network (actor) by policy gradient.
m Update the value network (critic) by TD learning.
m Y=ty (s, @ W)
m L(w) 2 %(q(sz, anpw) — yt>
B W w—a- VyLw).
G W . QW(S, A):| :| N g(s.a;0) £ Qx(s,a) - Vglnr(als; 6).

~5e~ = ]Es|:EA~W(-\S§9)|: 00

Onew — Onow + - Z]\t - Vg 1n7r(at | St 0now)~ S —— §(87 a; 0) £ q(5~, a;w) - Vg 1H7T((1 | S5 0)
Directly use the network to
approximate the value function.

6V. Konda and J. Tsitsiklis, “Actor-critic algorithms,” .
14 / 32
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Policy-Based RL - Sample Efficiency

m Problem. Computing policy gradients requires collecting a large amount of
on-policy data for policy evaluation and gradient estimation. After each policy
update, previously collected data can no longer be reused, resulting in very low
sample efficiency.

m Proposed solution. Use data sampled by interacting with the environment under
another (behavior) policy to update the target policy 7.
m Importance sampling.

= Eep[fiX)] & 4 20, AX)
= [ fix) p(x) dx = [ flx) 2 g(x) dx = qu[ﬂx)p(—]
8 Eaplfi)] = Eong| fx) 23 |.
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Policy-Based RL - Trust Region Policy Optimization(TRPO

m Problem. When the discrepancy between distributions p and q is large, limited
sampling leads to substantially different variances of estimators under the two
distributions.

m TRPO principle. The trust region is implemented by a KL-divergence constraint,
ensuring the new policy does not deviate too far from the old one.

m Limitation of TRPO. Although theoretically sound, handling the KL-divergence
constraint in real systems is computationally cumbersome and often impractical.

- [ mo(ar | st) At:|

max [,
6 7rgold(at ’ St)

st E[KL(mgy (- | s) || mo( | s))] < 6.

or
o | molar] s)
E,| =~ A, — BKL(mg, (- | ) || mo(- | s))
g | L0 A, KL (- )| ol |9
7]. Schulman et al., “Trust region policy optimization,”
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Policy-Based RL - Trust Region Policy Optimization(TRPO}E

gb(s,a; 0) — [Q,r(s,a) — b} - Vo ln7r(¢z|s; 0).

Figure: Policy Gradient Theorem with Baseline.

m Loss function.

V0) =Exf{ Volnr(al s:0) [Qo(s,a) — V(s) ]}
=Er,|Volnm(a|s;0)Ag(s, a) ]

mo(ar | st)
= Enp | =75 Vel :0) Ag,, (s,
0"”[ oy, (ar | st) Volnm(a| s 0) Ag,,(s a)]
1
”‘%ld[ Vor(a|s;0) Aeold(S, a) ] .

Weold(at | St)

8 <« . . PP
J. Schulman et al., “Trust region policy optimization, .
17 / 32
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Policy-Based RL - PPO’

m PPO. J(0) = min(m Ar, (s, 0), clip(m, 1—¢ 1+ 6) Ar, (5, a)).

Tyq(@ls) T4 (als)
m Refining the KL constraint. When A; > 0 it prevents importance ratio from
increasing too much, and when A; < 0 it prevents importance ratio from decreasing
too much.

IR ML
R EKMEY
1+¢
1
1—cfme
! I o o -GN,
O 1-g 1 1+4¢ @ O 1-g 1 14g Dol
SCAES) Mo(acls)
(a) A>0 (b) A<0

m Advantages. By shaping the objective directly with clipping, PPO constrains the
deviation between the new and old policies in a simple and efficient manner.

9 « . f s . »
J. Schulman et al., “Proximal policy optimization algorithms, .
18 / 32
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Policy-Based RL - PPO

m Improved advantage estimation. Generalized Advantage Estimation (GAE)
aggregates TD-errors over multiple future steps.

o
AFRE(y, ) = Z('Y/\)I(St-i-h S =r+yV(s1) — V(s).
=0
m SACY.

m Maximum Entropy RL.

T = arg max E. Z r(si, ar) + aH(m(- | s1))

t

A 7
J

¥
.

[ R3]

107 laarnoja et al., “Soft actor-critic: Off-policy maximum entropy deep reinforcement learning with a stochastic actor,”

(1)
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Policy-Based RL - Deterministic Policy Gradient(DPG) 72

m Deterministic Policy. For a given state s, the policy network u outputs a
deterministic action a. The action is directly the output of the policy, i.e.,a = u(s).

m Step 1. Interact with the environment to collect a batch of transitions (s, a;, 1y, Sr+1)-
m Step 2. Update the policy network using the deterministic policy gradient.

m 0* = arg maxe Es[ Q(S, A; w)]
BO<—0+5-Voul(s;0) VaQO(st ar; w).

m Step 3. Update the value network using TD learning:
m oty Qsern, plsitr; €%); w).
m L(w) =3 [Q(Sz,ar; w) — 5/:]2

m Step 4. Repeat Steps 1-3 until convergence.

1D, Silver et al., “Deterministic policy gradient algorithms,” .
20 / 32
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Setting

Figure: Mixed cooperative & competitive. Figure: Self-interested.



Core Concepts Value Decomposition Consensus Algorithms Decentralized Algorithm
Decentralized partially observable Markov Decision
Process(Dec-POMDP)

m A Dec-POMDP is a 7-tuple (S, A, P, R,Q, Z,~):
m S: Global state space.
m A: Global action space.
m P(s¢HD) | s a0): State transition probability.
m R: Global reward.
n Q(zl@ | sV, i): Local state mapping.
m Z: Local observation space.

v € [0, 1]: Discount factor.
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m Step 1. Initialize the Q-function. For each agent i, initialize its action—value function
Qi(oiv a;)

m Step 2. Sample. In each step, every agent independently selects an action a! using an
e-greedy policy, interacts with the environment, and obtains a reward 7.

m Step 3. Q-update. According to the classical Q-learning rule:

Qi(or, ay) = Qilop, ap) + e |1y + ymax Qi(0y, a11) — Qilo}, ai)

12 A, Tampuu et al., “Multiagent cooperation and competition with deep reinforcement learning,” .
23 / 32
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Main Challenges in MARL
m Partial Observability

Each agent can only observe information relevant to itself rather than the full
global state, which increases the complexity of policy learning.

m Non-stationarity
During joint learning and interaction, updates to one agent’s policy affect the
policies of other agents.

m Dimensional Explosion
As the number of agents increases, the complexity of the global state space and
joint action space grows exponentially, making it harder to find optimal
solutions.

m Credit Assignment
In cooperative multi-agent settings where a global return is used, it is necessary to
evaluate each agent’s contribution to the joint behavior and allocate the
return appropriately to each agent.
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Training and Execution Paradigms

m Centralized Training and Centralized Execution (CTCE)

m Advantage: convenient for solving complex coordination problems.

m Limitation: the centralized policy must be learned over a joint action space that
typically grows exponentially with the number of agents, leading to high
computational complexity.

m Decentralized Training and Decentralized Execution (DTDE)

m Advantage: avoids the exponential blow-up of the centralized joint action space,
offering scalability and natural applicability to distributed settings.

m Limitation: training relies only on local views, making convergence more difficult
and prone to local optima.

m Centralized Training and Decentralized Execution (CTDE)

m Advantage: combines the strengths of centralized training and decentralized execution.
m Limitation: the assumption of direct access to global information during training is
often too strong; for large-scale problems the information is very high-dimensional.
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m Step 1. Initialize the Q-function. For each agent i, initialize its action—value function
Qi (Oiv a;)

m Step 2. Sample. In each step, every agent independently selects an action a! using an
e-greedy policy, interacts with the environment, and obtains a reward r;.

m Step 3. Q-update. Use the joint Q-value as the TD target:

i i
Ve=T1+ 7 E HilaXQl(ot+17 at+1)7
i G
2

L = Yt — ZQI’(OL a;)

m Limitation. Simple linear aggregation of local Q-functions.

3P, Sunehag et al., “Value-decomposition networks for cooperative multi-agent learning,” .
26 / 32
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QMIX

Qrot(T, 1)

: Qulrf )
\ (e
s,
I Qu(r,)
Q) Qi) | .

(of,uf_y) (o, ui’ ;) (of ug_1)

Constraint.

aQtot
9Qi

>0, Vi
Individual-Global-Max(IGM).

arg max,, Q1 (71, u1)
arg max Otot(T, 1) = :

arg maxy, On(Tn, uy)

1T, Rashid et al., “Monotonic value function factorisation for deep multi-agent reinforcement learning,”
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CommNet?

Module for agent f 1" communication step CommNet model
h‘;+l /‘.-" 5 5 5 ~_‘_“ {Ej’l""’.a']}
—’ ¢]
A T!

m Encoder Function. h]Q = 1(s)).
m Decoder Function. gj ~ q(h]K).

m Model for agent j. th'l :f'i(hji Cji), CJ-H'1 = ﬁ Zj,?éj h}“.

155, Sukhbaatar, R. Fergus, et al., “Learning multiagent communication with backpropagation,” Adva t ms, v
28 / 32



Agent inputs

—

observation w}

aggregatec message ¢}

observation w

aggregated message €y

. t+1 Tt
m Time t+1: aggregated message a; = softmax | 2— 1

t+1 N b
i D1 Qi Vi

MARL

Core Concepts  Value Decomposition Consensus Algorithms

TarMAC!

environment

Oosenvation messiage
ot aggregated
GRU pol H l} j /—megj?g%
policies o
i 7o N . GRU / \
sharing { \ e ~embedding
mLP wowl M
actions abservations
action af [k iR
actonaf absenvaton w41 (] I
agent Bt = e
| message mf | —— aggregated messege ¢} NS4 1
agenti =
4 | t |/ 1 rec
Y action ay | observation Wit message m] eceiver
agent] / ogenth N\ snatre query  valie
. 'messagemly < acgregated message chf ' Y ’ P
A
) —
- - receiver
Targeted largeted
Communication Communication
—
t+1
q{+1 Tyt 1T
j i ‘Jj ‘N
>
Vg vz Vi
N——

1A, Das et al., “Tarmac: Targeted multi-agent communication,” in International Conference on machine learning, PMLR, 2019, pp. 1538-1546.

Decentralized Algorithm
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MASIAY

Qi(zpa)

m Encoder-decoder loss.

| gEHLEHK-1 grieK-1] _ 7
'

t t
Lac(0m) = E llgn (=" fo(o")
trajeB t=1 k) n
Tnformation T Latent
Extraction Model
< -

m Latent model loss. ) e Ja——
+ Multilayer ! |

reeptron N |
pereep Self-Attention ot p
o

T-K K
y) = Stk 2

Ln@)= > Y3 E © . e | kA
trajeB t=1 k=1 . " multiplication p
ok Stk btk e . . 00 ¢ Concatenat H o
KL — (2t at), 2R = by (3R et ) k=2, K, « o of o T

d o o EMA n

@ (b) © update ()

= fo-(0"F) k=0,... K,

m RL loss. Algorithm 2 Overall Execution Flow
Require: information aggregation encoder with parameters 6, individual ) network with parameters
; for each ();, focusing networks with parameter w; for each agent and agent number 1.
1: for step = 0 to episode_limit do
2:  Each agent broadc: its observational information of at timestep ¢, and then each agent
feed collected observations of = {0}, into the information aggregation network, obtaining

T-1
La0.8)= 3 S (r+ymaxQua(r', a7, 67) ~ Qualr'a'i6,9)) . = (o),
@ 3 fori—1ltondo
4 Agent i calculates u,, = F,,(0!) by using the focusing network, and obtains extracted
mformahon vf =w!
The n and z ale ted mm ‘hc mdwldudl @ network to calculate Q; [T
Acuon at = argmax, Qi(7f

end for
The agent system interacts with the environment by executing actions {a},,.

trajeB t=1
), and agent i gets

end for

Y7C. Guan et al., “Efficient multi-agent communication via self-supervised information aggregation,” Advances in Neural Information Processing Systems, vol

1033, 2022

pp. 1020
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Model-Based Decentralized Policy Optimization'®

m Network MDP.

m G = (V,&): Undirected graph.

m V={1,...,n}: Set of agents.

m £ CV x V: Connectivity of all the agents.

m N : The neighbour of the agent i including
itself. “§°‘°”9

m NX: The x-hop neighbours of i.

m VK, =V \ NK: The set of all nodes except
the x-hop neighbors of i.

'
Commurication with neighbours

Figure: An illustration of Network MDP.

m Value Function.
m Use communication within k-hop neighbours to generate an estimation of the global

value function. .
k) =1 5 ()
JENT

18C. Ma et al., “Efficient and scalable reinforcement learning for large-scale network control.” .
31 /32
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Conclusion

I have talked about
m RL

m System model - MDP
m Value Functions & Bellman Equation
m Value-based and Policy-Based RL Algorithms
= MARL
System model - Dec-POMDP
m Value Decomposition Algorithms
m Consensus Algorithms
m Decentralized Algorithms



Thank you

Networked Intelligence for Comprehensive Efficiency (NICE) Lab
College of Information Science and Electronic Engineering
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