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S1 aq Sy a,
o [ ]

Y I A
S1 a; S2 a; S3
Trajectory 7 = {s,,a,,S,,a,,***,S7,ar}

7o(T) = m(s1)me(a1 | s1)me(s2 | s1,a1)mg(az | s2)---

R(T) = Zri ﬂ-* — arg maXETNﬂ-[R(’T)] T = 81,Q1,82,09 * *
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' Background-Policy gradient b mimeadh

J(0) =) me(T)R(7) J(8) = E,[log mo(ay | s;)(R() — base)]

— Z (1) Vg log mo(7)R(T)

= E[Vjlogmy(T)R(7)]
= E;[Vglogmg(a; | s¢)R(7)]

Policy Gradient Methods for Reinforcement Learning with Function Approximation



https://proceedings.neurips.cc/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
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' Background-Actor-Critic _aterias| g

Advantage function: A; = Q(s¢,a:) — V(sy)

|:> J(g) = Et[ﬂ'f)(a,t | St)At]
Importance sampling: E.-[f(z)] = ff(w)p(w)dw = /f(w)

Trpo: max E(s,.0,)~m

. ESG‘,N’R’[ . (1 31_ a]- -‘Zﬂ' 9 9 Zﬂ' y )]
Ppo: AKX I (s1,00) ~r | T clip(p; e, 1 +¢e)Ar(st,at), prAn(st, ar)
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Existing deep RL methods to be brittle, hard to reproduce, unreliable across runs,
and sometimes outperformed by simple baseline.

4

how do the multitude of mechanisms used in deep RL training algorithms impact
agent behavior?

Maybe code-level optimizations fundamentally change algorithms’ operation.
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F Analysis code-level optimizations SHE P

* Value function clipping.

Originally suggest: LY = (Vi, — Viarg)®

|mp|ementati0n: LV — min {(Vb’t — ‘/ta.rg)Q : (Chp (Vgt: Vﬁt—l — &, Vf)t_l —+ 5) — I/ta'rg)Ql
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* Reward scaling.

Algorithm 1 PPO scaling optimization.
1: procedure INITIALIZE-SCALING()

2: B-D +— 0

3: RS = RUNNINGSTATISTICS() > New running stats class that tracks mean, standard
deviation

4. procedure SCALE-OBSERVATION(7y) > Input: a reward r;

5: Ry «—~yRi_1 4+ 1y >~y is the reward discount

6: ADD(RS, Ry)
7 return 7, /STANDARD-DEVIATION(R.S) > Returns scaled reward




F Analysis code-level optimizations i)

 Orthogonal initialization and layer scaling:

Instead of using the default weight initialization scheme for networks, the
implementation uses an orthogonal initialization scheme with scaling that varies
from layer to layer.

e Adam learning rate annealing:

the implementation sometimes anneals the learning rate of for optimization.
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Table 1:List of algorithms studied in this work, with their crucial properties.

Algorithm Section Step method Uses PPO clipping? Uses PPO optimizations?

PPO — PPO v As in (Dhariwal et al.| 2017)
PPO-M Sec. |3 PPO v X
PPO-NOCLIP  Sec.[4 PPO X Found via grid search
TRPO — TRPO — X

TRPO+ Sec. |5 TRPO — Found via grid search
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' Experiment
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Figure 1:An ablation study on the first four optimizations (value clipping, reward scaling,
network initialization, and learning rate annealing).
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' Experiment = i i
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Figure 2:Per step mean reward, maximum ratio (c.f. (2)), mean KL, and mean KL for agents
trained to solve the MuJoCo Humanoid-v2 task.
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Table 2:Full ablation of step choices (PPO or TRPO) and presence of code-level optimizations
measuring agent performance on benchmark tasks.

MulJoCo TASK
STEP WALKER2D-V2 HOPPER-V2 HUMANOID-V2

PPO 3292 [3157.3426] 2513 [2391, 2632] 806 [785, 827]
PPO-M 27352602, 2866] 2142 [2008, 2279] 674 [656, 695]
TRPO 2791 [2709, 2873] 2043 [1948, 2136] 586 [576, 596]
TRPO+ 3050 [2976,3126] 2466 [2381, 2549] 1030 [979, 1083]
AAI 242 99 224

ACLI 557 421 444

AAI = max{|PPO — TRPO+|,|PPO-M — TRPO|},
ACLI = max{|PPO — PPO-M|, [TRPO+ — TRPO|}.
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Table 3:Comparison of PPO performance to PPO without clipping.

WALKER2D-V?2 HOPPER-V?2 HUMANOID-V?2
PPO 3292 [3157, 3426] 2513 [2391, 2632] 806 [785, 827]
PPO (BASELINES) 3424 2316 —
PPO-M 27352602, 2866] 21422008, 2279] 674 [656, 695]
PPO-NoCLIP 2867 [2701, 3024] 2371 [2316,2424] 831 [798, 869]
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