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P11 =& 'Sample-Efficient Multiagent Reinforcement Learning with Reset Replay’ (ICML 2024)

| LN

P(0;) =b—E; L[l(6;)], where 6; = OPT(6,,1)

EH ni2to|e AEfof|AM 2] HIE I3 PlasticityS P(theta).
Baseline b2} Z|ZS}El mi2t0|E{Q| 7|CH %|= Loss2| XHO| 2 PlasticityS A4t

P(0:-k) — P(0t-0)
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(1) Single Agent”7| HE&E 2t Z 0| M O|O|EHZ CHYSHA =& (Replay buffer)
(2) Replay Ratio, Tu(—C.’—E‘| 7)), Te(EHA HEQR O”:1|O| = Z=71), Tr(Shrink & Perturb F7|) Tt2j0jg MH
(3) 23S & I Replay rat|o§ =0 M T Tr 3=7|0tC} Shrink & Perturb T3,

&1 =F: 'Sample-Efficient Multiagent Reinforcement Learning with Reset Replay’ (ICML 2024)

(1) Agent’'s policy parameters

0! <+ ab + (1 (1)6’?, fori =1,2,...,N

(2) Centralized critic network parameters

¢' — ag’ + (1 —a)g’ « =7 HERZS| 5= F8ot= YA
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Config parameters: {} 9 keys
alpha: 0.8

env_count: 4

episodes: 1,000
map_reset_interval: 100
max_timestep: 900

replay_ratio: 10

TC: b
TR: 50
TU: 3
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‘Constrained Reinforcement Learning Has Zero Duality Gap' (NeurlPS 2019)
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MAl- Contrained RL A&

ot X[Q ¥ & (Lagrangian Relaxation)& &-&%t Constrained Reinforcement Learning

gac|lg 29
1) 27|k 27| M0 2 AKX s+ 28

2) Bt=: Policy optimization > M|z H7t > 2t 2X[Qt S RHO|E

max E.[R(s,a)] subjectto E.|gi(s,a)l < ¢, Vi NE ZH
L HEA #a - N R A
L(m,A) = Ex[R(s,a)] = Y Xi (Ec[gi(s,a)] — c;)
i=1
m" = argmax L(m, A), A =0, Vi ZE M2 g2
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2) BH2: Policy optimization > X<

compute lagrangian reward(self, reward, info):

JRIRT]

HeF F=H uid gAR HAL strained RL 43} A]).

IR IRT]

if .use_constrained rl:
return reward

speed = info.get("speed”, @)

off_track = info.get("off_track”,

speed vioclation = max(@, speed - .max_speed)
off track penalty = 1 if off track else @

&7t Constrained Reinforcement Learning

2 B7b > 2K S5 YH0|E

return reward - .lambda speed * speed violation - .lambda off track * off track penalty
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2) B2 Policy optimization > MFEH 7t > 21Xt S HH0|E

update lagrange multipliers(self, info):

ot I2K| &+ YOIO|E (constrained RL &3 Al).
if .use_constrained rl:
return

speed = info.get("speed”, @)

off_track = info.get("off_track”,

speed violation = max(®, speed - 58)
off track penalty = 1 if off track else @

.lambda speed = max(@, .lambda speed + .lambda 1r * speed violation)
.lambda off track = max(@, .lambda off track + .lambda 1r * off track penalty)
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MAl- Contrained RL A&

Config parameters: {} 11 keys

alpha: 0.9

Average Reward constrained_use: 1

env_count: 4

800 .
episodes: 1,500
>
map_reset_interval: 400
600
max_speed: 25
max_timestep: 900
400
replay_ratio: 10
TC: 5
200
TR: 50
TU: 3

Step
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class CarEnvironment(gym.Wrapper):
def init (self, env, skip frames=2, stack frames=4, no operation=5, **kwargs):
super(). init_ (env, **kwargs)
self. no operation = no operation
self. skip frames = skip frames
self. stack frames = stack frames

def reset(self):

CarEnvironment §'7c:>l observation, info = self.env.reset()
0 ol : 7FS X% o for 1 in range(self. no operation):
H Step_| |mage HA S — ‘|E|O|'O:I observation, s s , info = self.env.step(0)
Stack_frame(4)BHE A0 A R e (obeervation)
. IO QB observation = image preprocessing(observation
Observatlon H*—E A|-o = self.stack state = np.tile(observation, (self. stack frames, 1, 1))

return self.stack state, info

def step(self, action):
total reward = ©
for 1 in range(self. skip frames):
observation, reward, terminated, truncated, info = self.env.step(action)
total reward += reward
if terminated or truncated:
break

observation = image preprocessing({observation)
self.stack state = np.concatenate((self.stack state[1:], observation[np.newaxis]), axis=0)
return self.stack state, total reward, terminated, truncated, info
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class CNN(nn.Module):
def __init__ (self, in_channels, out_channels, *args, **kwargs):
super().__init__ (*args, **kwargs)
self. n_features = 32 * 9 * 9

self.conv = nn.Sequential(
nn.Conv2d(in_channels, 16, kernel size=8, stride=4),

712 CNN 2 & nn.ReLU(),
nn.Conv2d(16, 32, kernel _size=4, stride=2),
. nn.ReLU()
4749| A& El observation H|O|HE ) ’
27N ENo 2 7hEsD AlZHE Ol
HEE N2{olX| &2 self.fc = nn.Sequential(
nn.Linear(self._n_features, 256),
nn.ReLU(),
nn.Linear(256, out_channels),
)

def forward(self, x):

x = self.conv(x)
X = x.view((-1, self. n_features))
x = self.fc(x)

return X
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class CNMTransformer(nn.Module):
def init (self, in channels, num frames, out channels, hidden dim=128, num_heads=2, num layers=1):
super(CNNTransftormer, self). init ()

self.in channels = in_channels
self.num frames = num frames
self.out channels = out channels
self.hidden_dim = hidden dim

CNN+Transformer
self.cnn = nn.Sequential(
. = = = nn.Conv2d(in channels, 16, kernel size=8, stride=4),
Observation2| A|[7tH S &5 HEHE ot _siz )
Al‘-g-%l' —)F 9)\5% _Cl)_" | —c|)—|-(l5H CNNJ__Il' nn.Conv2d(16, 32, kernel size=4, stride=2),
= - nn.RelLU(),
TransformerE 74 AL S )
o 1 = o ol
Y observation HEE cnns S self.flatten dim - 32 * 9 * o
o X=E=4AL = self.embedding_layer = nn.Linear(self.flatten_dim, hidden_dim)
5l0 0 - 2 !
Feature map;e T? |-_I_ |? transformer_layer = nn.TransformerEncoderLayer(d model=hidden dim, nhead=num heads)
TranSformerg Al‘-g-OH OI_I_—?I_Q%F self.transformer = nn.TransformerEncoder(transformer layer, num_ layers=num layers)

self.fc = nn.Sequential(
nn.Linear(hidden_dim, 256),
nn.RelLU(),
nn.Linear(256, out channels),

https://arxiv.org/pdf/2010.11929
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def forward(self, x):

# ‘nput skzze: (baich 5i7e, chaawels, frames, 1, height, width) “Mu
batch size, channels, frames, , s = xX.size() ?ﬂ:ﬁ{
assert channels == 1, f"Expected channels to be 1, got {channels}”

# Process each frame through CNN
cnn_features = []
for 1 in range(stop/frames):
frame = x[:, :, 1, @] # Shape: (batch size, 1, height, width)
frame features = self.cnn(frame) # Shape: (batch size, 32, 9, 9)
cnn_features.append(object/frame features.view(batch size, -1)) # Flatten: (batch size, 32 * 9 * 9)

yers=1):

# Stack CNN features for all frames
cnn_features = torch.stack(cnn features, dim=1) # Shape: (batch size, frames, 32 * 9 * 9)

# Embed features for Transformer
embeddings = self.embedding layer(cnn_ features) # Shape: (batch size, frames, hidden dim)

# Transformer expects input as (seq len, batch size, hidden dim)
transformer _input = embeddings.permute(1, ©, 2) # Shape: (frames, batch size, hidden dim)

transformer output = self.transformer(transformer input) # Shape: (frames, batch size, hidden dim)

# Use the Last frame's output
last frame output = transformer output[-1] # Shape: (batch size, hidden dim)

# Fully connected Layers
output = self.fc(last frame output) # Shape: (batch size, out channels)

return output
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Figure 5: Performance versus pre-training compute for different architectures: Vision Transformers,
ResNets, and hybrids. Vision Transformers generally outperform ResNets with the same compu-
tational budget. Hybrids improve upon pure Transformers for smaller model sizes, but the gap
vanishes for larger models.

https://arxiv.org/pdf/2010.11929
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CNN+Transformer

All Scores: [882.3181818181655, 858.0971731448608, 896.3328621907975, 836.8957597172993,
889.8992932862029, 833.3621908127058, 894.0328621907976, 798.0265017667695,
794.4929328621761, 851.0300353356735, ..] Average Score: 798.6006097173105

CNN Only
All Scores: [664.1986301369715, 723.8215547703037, 723.8215547703037, 723.8215547703037,
723.8215547703037, 723.8215547703037, 723.8215547703037, 723.8215547703037,
723.8215547703037, 723.8215547703037, ..] Average Score: 631.5752055091165
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JupyterNotebook=2 ol AlTd

1) Plasticity -8 22
2) Plasticity + Constrained 88 &2 &
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2) Plasticity + Constrained & 2 &
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