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Introduction

Distributed vs. Distributional

Distributed RL (분산강화학습)→많은연산자원을활용해병렬환경을구축하여시간효율적인강화학습을수행 (e.g., Ape-X)

Distributional RL (분포기반강화학습) →보상분포를학습하는것을목표로하는강화학습 (e.g., C51)

→이름은비슷하지만내용은완전히다르다!

2015

GorilaDQN APE-X PQL FastTD3

2018 2023 2025

DQN DQN/DDPG DDPG TD3
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GorilaDQN

Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015)

기존의강화학습은단일연산자원(ex. CPU x 1ea)에서만진행이되어학습시간이오래걸림

따라서다수의연산자원을활용한병렬처리방식으로학습속도를향상시키고자함

Episode 4 Episode 5 Episode 6

Episode 1

Episode 2

Episode 3

Episode 1 Episode 2 Episode 3

Training on 
a single machine

Training on 
multiple machines
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GorilaDQN

Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015)

기존의강화학습은단일연산자원(ex. CPU x 1ea)에서만진행이되어학습시간이오래걸림

따라서다수의연산자원을활용한병렬처리방식으로학습속도를향상시키고자함
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** Running DQN on a single machine

Nair, A., Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R., De Maria, A., ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.

CPU GPU
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GorilaDQN

Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015)

역할을 actor와 learner로분리하여학습을수행 (이때 actor는 CPU, learner는GPU로구동)

Actor는환경에서경험을수집하고 learner는수집한경험으로손실함수를구함
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Target
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copy
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DQN Loss

reward

Gradient
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Environment

argmax𝑎𝑄 𝑠, 𝑎; 𝜃

state

store

(state, action, 
reward, next state)

** Running DQN on multiple machines

Nair, A., Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R., De Maria, A., ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.

Q-network

Learner (GPU)

Actor (CPU)
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GorilaDQN

Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015)

Actor와 learner의Q-network는동일한파라미터를가짐

Bundled mode를쓰면각연산자원마다고유의 actor, learner, replay memory를가짐

Replay
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Q-network

state, action next state

copy
params
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Gradient
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Environment

argmax𝑎𝑄 𝑠, 𝑎; 𝜃

state

store

(state, action, 
reward, next state)

** Running DQN on multiple machines

Nair, A., Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R., De Maria, A., ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.
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GorilaDQN

Massively Parallel Methods for Deep Reinforcement Learning (ICML 2015)

Parameter server는각 bundle로부터연산된기울기를수집하고업데이트한Q-network 파라미터를각 bundle에배포함
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state

store
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** Running DQN on multiple machines

Nair, A., Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R., De Maria, A., ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.
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GorilaDQN

Experiment (performance comparison)

Single GPU DQN은최대 14일동안게임 49개를학습

GorilaDQN은 4일만에 Single DQN보다 41개게임에서더좋은성능을달성

GorilaDQN으로사람보다좋은성능을 49개게임중 24개에서달성

Nair, A., Srinivasan, P., Blackwell, S., Alcicek, C., Fearon, R., De Maria, A., ... & Silver, D. (2015). Massively parallel methods for deep reinforcement learning. arXiv preprint arXiv:1507.04296.

사람보다 
더 좋은 성능을 달성
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Ape-X

Distributed Prioritized Experience Replay  (ICLR 2018)

기존연구에서는분산학습을통해기울기연산을병렬로진행하는것에주로초점이맞춰져있었음

이번연구에서는분산학습을통해경험을수집하고저장하는부분을개선하는데초점을맞춤

Gorila (Nair. et al., 2015) Ape-X (Horgan. et al., 2018)

Architecture for distributed learning
Yes 

(same number of actors & learners)
No

(single learner & multiple actors)

Assign different 𝝐 to each actors to 
collect diverse experience

No Yes

Calculating gradients Parallel Non-parallel

Experience replay strategy Local buffer & uniform sampling Global buffer & prioritized sampling

** 기존의 분산 학습 방식과의 비교
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Ape-X

Distributed Prioritized Experience Replay  (ICLR 2018)

기존의Gorila는여러묶음의 actor와 learner를사용하였으며메인모델파라미터를별도의서버에서업데이트하는방식을사용

Ape-X는 parameter server, bundled mode를사용하지않음→ Single machine에서도사용가능
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** Architecture of GorilaDQN
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Ape-X

Distributed Prioritized Experience Replay  (ICLR 2018)

기존의Gorila는여러묶음의 actor와 learner를사용하였으며메인모델파라미터를별도의서버에서업데이트하는방식을사용

Ape-X는 parameter server, bundled mode를사용하지않음→ Single machine에서도사용가능

** Architecture of GorilaDQN
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** Architecture of Ape-X
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Ape-X

Distributed Prioritized Experience Replay  (ICLR 2018)

Local / global buffer를모두사용하며 actor가수집한정보는우선 local buffer에저장

Global Buffer
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reward

Gradient
wrt loss 𝑄 𝑠, 𝑎; 𝜃 max

𝑎′
𝑄 𝑠′, 𝑎′; 𝜃−

** Architecture of Ape-X
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state
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Ape-X

Distributed Prioritized Experience Replay  (ICLR 2018)

Local / global buffer를모두사용하며 actor가수집한정보는우선 local buffer에저장

Local buffer에서 priority정보를추가하여 global buffer에이전

Global Buffer
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reward

Gradient
wrt loss 𝑄 𝑠, 𝑎; 𝜃 max

𝑎′
𝑄 𝑠′, 𝑎′; 𝜃−

** Architecture of Ape-X
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state
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Replay
Memory

Local Buffer

store
(state, action, 
reward, next state)

Calculate priorities
(Absolute TD error)

send

(state, action, reward, next state) with priorities
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Ape-X

Distributed Prioritized Experience Replay  (ICLR 2018)

Actor마다탐험정도(𝜖)를다양하게부여하여더다양한경험을수집하고자함

** Architecture of Ape-X

Actor 1
(𝝐 = 𝟎. 𝟒)

Actor 2
(𝝐 = 𝟎. 𝟑𝟐𝟓)

Actor 3
(𝝐 = 𝟎. 𝟐𝟔𝟒)

Actor 32
(𝝐 = 𝟎. 𝟎𝟎𝟎𝟕)

Assigned epsilon for each actors

Actor 1

Actor 32

Indices of policy

E
p
si
lo

n
 v

a
lu

e
s
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Ape-X

Experiment (performance comparison)

학습속도와성능모두뛰어나게향상된것을확인

한정된시간내에서 actor 수가늘어남에따라더높은점수를빠르게달성

모델 성능

학습 속도

Actor 수에 따른 성능 비교다른 방법론과의 성능 비교
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Ape-X

Experiment (performance comparison detail)

Ape-X에서 actor는 360 core를사용 (1 core = 1 actor), learner는 1 GPU + 16 core를사용

다른단일학습그리고분산학습방법론에비해서더시간효율적으로높은성능을달성하는것을확인
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PQL

Parallel Q-Learning: Scaling Off-policy Reinforcement Learning under Massively Parallel Simulation (ICML 2023)

기존에는각 CPU 코어마다시뮬레이션을수행하는방식을진행→코어수는한정적이므로병렬학습의 scaling에한계 (Ape-X <= 256)

GPU 기반의시뮬레이션(e.g., Issac Gym)이가능해지면서병렬학습의massive scaling이가능해짐 (PQL >> 1,000)

→이에적합한Q-learning알고리즘을제안 (Parallel Q-Learning)

Simulation per Core

Simulation in Parallel

Ape-X PQL

Actor
Actor

Actor

Actor

Actor
Actor

Actor
ActorActor
Actor

Actor
Actor

Actor
Actor

Actor

Actor

Actor

Actor

Actor
Actor

Actor

Actor
Actor
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PQL

Architecture

Ape-X + DDPG를기반으로 PQL을구성

Ape-X는Actor로데이터수집→ Value-Learner → Policy-Learner순차적으로수행

Global Buffer

Replay
Memory

** Architecture of Ape-X (DDPG ver.)

(P)olicy-Learner

Environment
(CPU)

state

Policy

Actor

action

Replay
Memory

Local Buffer (RAM)

store
(state, action, 
reward, next state)

Calculate priorities
(Absolute TD error)

send

(state, action, reward, next state) with priorities

(V)alue-Learner

Policy
Network

Q-network

Policy Gradient Ascent Minimize Mean Squared Error

UpdateUpdate 𝑄 𝑠, 𝑎; 𝜓𝜋 𝑠;𝜙



19 / 29

PQL

Architecture

Ape-X + DDPG를기반으로 PQL을구성

PQL은 Actor로데이터수집& Policy-Learner & Value-Learner를동시에수행

→따라서각요소의더많은연산시간을확보할수있음

통신시간을줄이기위해서각 learner마다 buffer와학습에필요한 network를구비

** Architecture of PQL

(P)olicy-Learner

Environment
(GPU)

state

Policy

Actor

action

(V)alue-Learner

Policy
Network

Policy Gradient Ascent Minimize Mean Squared Error

𝑄 𝑠, 𝑎; 𝜓Update𝜋 𝑠;𝜙Update

Q-network
Policy

Network

Q-networkSync

store
(state)

(state, action, reward, next state)
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PQL

Update Frequency Ratio (𝜷)

𝑓𝑎 : The number of rollout steps per environment in Actor per unit time

𝑓𝑣 : The number of Q function updates in V-learner per unit time

𝑓𝑝 : The number of policy updates in P-learner per unit time

𝜷𝒂:𝒗 =
𝒇𝒂

𝒇𝒗
: Determines how many steps Actor rolls out the policy with N environments when one Q function update is performed in the V-learner

𝜷𝒑:𝒗 =
𝒇𝒑

𝒇𝒗
: Determines how many Q functions updates are performed in V-leaner when P-learner updates the policy once.

→ 𝜷𝒂:𝒗 = 1 : 8이면 Actor가 8 step을수행할때마다 V-Learner를 1번업데이트

→ 𝜷𝒑:𝒗 = 1 : 2면 V-Learner를 2번업데이트할때 P-Learner는 1번업데이트

이방식의장점

각 Learner와Actor의균형있는자원사용

자주업데이트하면학습이불안정하므로학습속도를조정 (안정성과수렴속도확보) 

Actor의 policy가일정주기로동기화되는구조라서별도의 target policy network를두지않아도동일한역할을수행
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PQL

Mixed Exploration

Ape-X의경우각 actor 마다 exploration의강도를조금씩다르게부여하여다양한경험을수집

PQL도이를반영하였으며고유의노이즈스케쥴방식을제안

** 3.3 Mixed Exploration
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PQL

Experiment

Mixed Exploration# of Envs + Update FrequencyBatch Size & Buffer Size & # of GPU
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FastTD3

FastTD3: Simple, Fast, and Capable Reinforcement Learning for Humanoid Control (ArXiv 2025)

FastTD3는 PQL + TD3를기반으로구성됨→ PQL을개선한연구

PQL의단점으로는 asynchronous parallel process로인한활용의복잡함이있음

→ Asynchronous parallel process 요소로인해방법론이확산되는데제약 (PQL의현재인용수는 15회)

→ FastTD3는이를 synchronous parallel process로변경하고최적화된세팅을소개

주요환경을HumanoidBenchmark로정한이유는아직강화학습방법론중에이를 48시간내로학습에성공한케이스가없어서인듯...? (추측)
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FastTD3

PQL vs. FastTD3

PQL FastTD3

Parallel Process
Asynchronous
→ 각 P/V-Learner가 동시에 업데이트

Synchronous
→ 하나의 Learner에서 policy/Q-network 순차적 업데이트

Replay Buffer
각 P/V-Learner에 Local Buffer
→ 1 million이 가장 좋은 성능 (1M, 5M, 10M, 20M 중)

Global Buffer (Size: N x envs)
→ N이 크면 클수록 성능이 향상

Large Batch Size 32,768일 때의 성능이 가장 좋음 32,768일 때의 성능이 가장 좋음

Exploration Noise Mixed Exploration (𝜎min: 0.2 / 𝜎m𝑎𝑥: 0.8) Mixed Exploration (𝜎min: 0.2 / 𝜎m𝑎𝑥: 0.4)

Distributional Critic Optional (PQL-D) Default

Asymmetric Actor-Critic X O

Update Frequency
V-Learner의 업데이트 1회에 따른 Actor (𝛽𝑎:𝑣) 및 P-Learner (𝛽𝑝:𝑣)

의 업데이트 횟수를 설정

1. Update-to-Data (UTD) ratio
2. Delayed update strategy in TD3

Advanced Usage of PyTorch No
1. torch.compile( ): 최대 35% 속도 개선
2. AMP(bfloat16): 최대 40% 속도 개선

Reward Tuning 
In Mujoco Playground

No
TD3에 알맞도록 reward 함수를 수정함 
(기존에는 PPO에 최적인 reward 함수였음)

https://github.com/younggyoseo/FastTD3/blob/main/fast_td3/training_notebook.ipynb 

최대 70% 속도 개선

https://github.com/younggyoseo/FastTD3/blob/main/fast_td3/training_notebook.ipynb
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FastTD3

Architecture

** Architecture of FastTD3

TD3 Learner

Environment
(GPU)

state

Policy

Actor

action

Policy Network

TD3 Loss

𝜋 𝑠; 𝜃Update

Q-network

store

(state, action, reward, next state)

TD3
𝑄 𝑠, 𝑎; 𝜙

https://github.com/younggyoseo/FastTD3/blob/main/fast_td3/training_notebook.ipynb 

https://github.com/younggyoseo/FastTD3/blob/main/fast_td3/training_notebook.ipynb
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FastTD3

Experiment
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FastTD3

Experiment

UTD 크기와 연산 시간 간의 trade-off 존재
→ 학습 시간 및 성능에 영향
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FastTD3

Experiment

** Mujoco Playground 환경의 baseline이 PPO

FastTD3에 알맞도록 일부 설정값을 수정

https://github.com/younggyoseo/FastTD3/blob/main/fast_td3/environments/mujoco_playground_env.py 
https://github.com/google-deepmind/mujoco_playground/blob/main/mujoco_playground/_src/locomotion/g1/joystick.py

https://github.com/younggyoseo/FastTD3/blob/main/fast_td3/environments/mujoco_playground_env.py
https://github.com/google-deepmind/mujoco_playground/blob/main/mujoco_playground/_src/locomotion/g1/joystick.py
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FastTD3

Experiment

https://younggyo.me/fast_td3/ 

https://younggyo.me/fast_td3/
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