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° Global update bottlenecked by slowest actor

Q Batched gradient computation - GPU scalable

Q Better bandwidth utilization - Transfer trajectories

Q Stable - No Policy Lag

D — * + 8,V ,V(s)
91* < 9* + 5tV6’10g ﬂ@(at ‘ Sr) qbl, (91

45; < qb1*+5tV¢V¢

Global update for A1

0y — 0F +6,Vylogmya, | s,)
Global update for A2

2,0, Gradients computed for ¢*, 6*

But update applied to ¢, 0}



IMPALA | V-Trace

0 Sample an action with current policy for S,
a, ~ my( - | s,)
9 Get trajectory for sampled action d,
Siy Uy S,y 1, T1 < €nv . step(a,, s,)
€ Compute TD-Error O,
0p = I'yp +¥Viy(s1) = V(s
@ Value Gradient V., V(s

@ Policy Gradient Vylog my(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
H <« 9 -+ 0595t V@log ﬂe(at ‘ St)




IMPALA | V-Trace

0 Sample an action with current policy for S,

a, ~ 779( ' ‘St)

O

00 .— ©O
Al Increasing A2
0, ¢ rollout time , ¢

Siy Uy S,y 1, T1 < €nv . step(a,, s,) Learner

D
NI

9 Get trajectory for sampled action a,

e Compute TD-Error 9,
0y = Fy1 FYVy(s51) — Viy(sy)

112
@ Value Gradient V., V(s

@ rolicy Gradient Vylog zy(a, | s,)

67

\oe
A3

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + 0695t V@log ﬂe(at ‘ St)




IMPALA | V-Trace

0 Sample an action with current policy for S,

a, ~ 779( ' ‘St)

O

00 .— ©O
Al Increasing A2
0, ¢ rollout time , ¢

D
NI

906/ Looks similar to

Learner A2C but.....
0, % 0% ¢ #P*

9 Get trajectory for sampled action a,

e Compute TD-Error 9,

67

\oe
A3

0 = I'yp T 7Vy(si1) — Viy(sy) 00
@ Value Gradient V., V(s

@ rolicy Gradient Vylog zy(a, | s,)

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + 0695t V@log ﬂe(at ‘ St)




IMPALA | V-Trace

0 Sample an action with current policy for S,

a, ~ 71'9( ' ‘St)

O

00 ——

Al Increasing A2
0, ¢ rollout time 0, ¢,

906/ Looks similar to

9 Get trajectory for sampled action a,
Siy Uy S,y 1, T1 < €nv . step(a,, s,)

Qi;éé’* ¢ﬁé¢*

e Compute TD-Error 9,

0y = Fy1 FYVy(s51) — Viy(sy)
G Value Gradient V¢V¢(St)

Learner A2C but.....

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + 0695t V@log ﬂe(at ‘ St)

We have trajectory from @, but we need to update 9>




IMPALA | V-Trace

0 Sample an action with current policy for S,

a, ~ 71'9( ' ‘St)

O

00 ——

Al Increasing A2
0, ¢ rollout time 0, ¢,

906/ Looks similar to

9 Get trajectory for sampled action a,
Siy Uy S,y 1, T1 < €nv . step(a,, s,)

Qi;éé’* ¢ﬁé¢*

e Compute TD-Error 9,

Learner A2C but.....

0y = Fy1 FYVy(s51) — Viy(sy)
G Value Gradient V¢V¢(St)

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
0 — 0+ a,0,Vylogma,| s, How do we do this?

We have trajectory from @, but we need to update 9>




CHANGE OF VARIABLE - IMPORTANCE SAMPLING

Given two densities p and q:

— CC J -M T -
:crvp ] Z p Z q £B r~q _Q(fB) f( )_

reX reX

Example: Single transition following mgy, but sampled from my:

i o aI ) i o (:]$)
J(WH’) — 4‘(.s,a,r)r\nr@ Z 71'9 a‘ Z o a| ( ) = I (s,a,r)rvmg[ . r

5) —
M@,\ r =r(a, s)
s @ Lecture 16 - Slide 24




CHANGE OF VARIABLE - IMPORTANCE SAMPLING

Given two densities p and q: We can borrow
Importance Sampling
eyl f(@)] = 2 Pl _ | | from TRPO and PPO

reX

(Kahn et al., 1953)

Tor al ) o (-]3)
J(mo:) = E(s,a,r)~mpy [T =Y mo(als)r =) m(als) r(a,s) = Bmam~mll —7 757 8)[s]

5) —
M@,\ r =r(a, s)
s @ Lecture 16 - Slide 24




IMPALA | V-Trace | TD(0)

0 Sample an action with current policy for S,
a, ~ my( - |5,)
9 Get trajectory for sampled action d,
Siy Uy S,y 1, T1 < €nv . step(a,, s,)
e Compute TD-Error 9,
0y = Fy1 FYVy(s51) — Viy(sy)
@ Value Gradient V., V(s

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)
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IMPALA | V-Trace | TD(0) 00 —. 00

A1l Increasing A2
0, ¢ rollout time b, ¢
0 Sample an action with current policy for S, \
Learner

6* d*
(6 ] 7
| | oe/ \oe
9 Get trajectory for sampled action d;

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

§

Bellman update

€ Compute TD-Error 6, V(8 < Vipu(s) + @pe X (g +7Vipu(Si1) — Viga(s))
0y = Fy1 FYVy(s51) — Viy(sy)

@ Value Gradient V., V(s

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(0) 00 —. 00

A1l Increasing A2
0, ¢ rollout time b, ¢
0 Sample an action with current policy for S, \
Learner

6* d*
(6 ] 7
| | oe/ \oe
9 Get trajectory for sampled action d;

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

§

Bellman update
e Compute TD-Error 5I ng*(Sl‘) <« V¢*(Sl‘) + a¢* X (V‘H_l + }/V¢*(Sl‘+1) — V¢*(Sl‘))
O, =1+ 7V¢(St 1) — V¢(St) Trajectory obtained from 6,

G Value Gradient V¢V¢(St)

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(0) 00 —. 00

A1l Increasing A2
0, ¢ rollout time b, ¢
0 Sample an action with current policy for S, \
Learner

6* d*
(6 ] 7
| | oe/ \oe
9 Get trajectory for sampled action d;

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

§

Bellman update

e Compute TD-Error 5I ng*(Sl‘) <« V¢*(Sl‘) —+ a¢* X (FH_I + }/V¢*(Sl‘+1) — V¢*(Sl‘))
O, =1+ 7V¢(St 1) — V¢(St) Trajectory obtained from 6,
' TTns\d, | S
G Value Gradient V¢V¢(St) ), A min(l, o+(a; | t))
@ Policy Gradient Vylog my(a, | s,) ACEN

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(0) 00 —. 00

A1l Increasing A2
0, ¢ rollout time b, ¢
0 Sample an action with current policy for S, \
Learner

6* d*
(6 ] 7
| | oe/ \oe
9 Get trajectory for sampled action a4,

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

§

Bellman update

e Compute TD-Error 5I ng*(Sl‘) <« V¢*(Sl‘) + a¢* X (FH_I + }/V¢*(Sl‘+1) — V¢*(Sl‘))
O, =1+ 7V(/5(St 1) — V¢(St) Trajectory obtained from 6,
. Tlns\d \)
G Value Gradient V¢V¢(St) ), A min(l, o+(a; | t))

e Policy Gradient Vlog my(a, | s,) ”el(ar | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)

V¢*(St) «— V¢*(St) —+ a¢* X P X (rt+1 + ]/V¢*(SH_1) — V¢*(St))




IMPALA | V-Trace | TD(0) 00 —. 00

A1l Increasing A2
0, ¢ rollout time b, ¢
0 Sample an action with current policy for S, \
Learner

6* d*

(6 ] 7
0 | | oe/ \oe
Get trajectory for sampled action d,

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

§

Bellman update

e Compute TD-Error 5I ng*(Sl‘) <« V¢*(Sl‘) + a¢* X (FH_I + }/V¢*(Sl‘+1) — V¢*(Sl‘))
O, =1+ 7V(/5(St 1) — V¢(St) Trajectory obtained from 6,
. Tlns\d \)
G Value Gradient V¢V¢(St) ), A min(l, o+(a; | t))

e Policy Gradient Vlog my(a, | s,) ”el(ar | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

€ Update Policy parameters & O; = Py X (g +7Viyu(s41) = Vigulsy)
9 <« 9 -+ aeét V@log ﬂe(at ‘ St)

V¢*(St) «— V¢*(St) —+ a¢* X P X (rt+1 + ]/V¢*(SH_1) — V¢*(St))

V-Trace correction for TD(0)



IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,
a, ~ my( - | s,)
9 Get trajectory for sampled action d,
Siy Uy S,y 1, T1 < €nv . step(a,, s,)
€ Compute TD-Error O,
0p = I'yp +¥Viy(s1) = V(s
@ Value Gradient V., V(s

@ Policy Gradient Vylog my(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 -+ 0595t V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,

a; ~ 71'9( ' ‘St) t+n

Viu(s) < Vyul(s) + e X Z Y X pp X (g + YV (Si1) — Vipe(Sp)

9 Get trajectory for sampled action a, =

Sp> Qps Sy15 Ty < env . step(ay, s,) Naive V-Trace Bellman update for TD(n)

e Compute TD-Error 9,
0y = Fy1 FYVy(s51) — Viy(sy)
@ Value Gradient V., V(s

@ Policy Gradient Vylog my(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
H <« 9 -+ 0595t V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,

a; ~ 71'9( ' ‘St) t+n

Vipu(s) < Viyu(s,) + e X Z YT X X (g + 7Vg(S41) = Vgul(0)

9 Get trajectory for sampled action a, =

Sp> Qps Sy15 Ty < env . step(ay, s,) Naive V-Trace Bellman update for TD(n)

e Compute TD-Error 9,
51‘ — rl‘—l—l + }/V¢(Sl‘+1) T V¢(St) V¢*(SO) <« V¢*(S0) + a¢* X (,00(7'1 + YV¢*(S1) — V¢*(SQ))
@ Value Gradient V s Vp(S) +p1(ry + 7 Vya(s2) = Viyul(s))))

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,V(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




Example

50 t=2
Bellman: V(50) = | pOx(r0 + (plxrl 4 p2xr2))
= p0x7r0 + pOxplxrl 4+ pOxp2*xr2 37{0"0 =1
Trajectories: V(S0) = | p0spls(r0+r1) + pOsp2s(r0+r2) pLrl o z 2 20
= pOxplxr0 4 pOxplxrl 4+ pOxp2xr0 + pOxp2*xr2 S2 00 = 1 S3
= p0xr0% (p14+p2) +p0xpl*rl + pOxp2*r2 pl+p2 =1

N—_——
=1

= p0x7r0 + pOxpl*xrl 4+ pOxp2*xr2

Unrolled MDP for H = 2, policy nt

Lecture 7 - Slide 24
Intuition: rooted DAG — set of paths starting at root
Contribution of each edge to expected reward at SO is distributed over trajectories that contain it



Example

S0 t=2
Bellman: V(50) = | p0x(r0 + (plsrl + p2*r2))
: p0,ro _

= pO0*xr0 +H pOxpl*xrl|+ pOxp2xr2 37‘ =1
Trajectories: V(S0 p0*xp 1k (r0+1r1) + pOkp2%(r0+1r2) pLrl o, P22 t=0

= pOxplxr0 4 pOxplxrl 4+ pOxp2xr0 + pOxp2*xr2 S2 00 = 1 S3

= p0xr0% (p14+p2) +p0xpl*rl + pOxp2*r2 pl+p2 =1

w_/
=1 Unrolled MDP forH =2, policy &

= p0x7r0 + pOxpl*xrl 4+ pOxp2*xr2

Reward contribution proportional to probabillity of its *Path”

We need to weight future samples (t + n) from t L ecture 7 - Slide 24

Intuition: rooted DAG — set of paths starting at root
Contribution of each edge to expected reward at SO is distributed over trajectories that contain it



IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,
a, ~ my( - | s,)
9 Get trajectory for sampled action d,
Siy Uy S,y 1, T1 < €nv . step(a,, s,)
€ Compute TD-Error O,
0p = I'yp +¥Viy(s1) = V(s
@ Value Gradient V., V(s

@ Policy Gradient Vylog my(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,Vu(s)

0 Update Policy parameters @
9 <« 9 -+ 0595t V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,
a; ~ 71-9( ) ‘St)
V¢*(SO) <« V¢*(SO) + a¢* X (,00(1’1 + YV¢*(S1) — V¢*(SO))

9 Get trajectory for sampled action a,
+ P11y + ¥ Vipu(sy) = Viyu(s))))

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

e Compute TD-Error 9,
0y = Fy1 FYVy(s51) — Viy(sy)
@ Value Gradient V., V(s

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,Vu(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,
a; ~ 71-9( ) ‘St)
V¢*(SO) <« V¢*(SO) + a¢* X (,00(1’1 + YV¢*(S1) — V¢*(SO))

9 Get trajectory for sampled action d; + 0o p1(ry + ¥V, u(55) — V(1))
0PI\ P*\2 p*\71

Siy Uy S,y 1, T1 < €nv . step(a,, s,)

e Compute TD-Error 9,
0y = Fy1 FYVy(s51) — Viy(sy)
@ Value Gradient V., V(s

@ rolicy Gradient Vylog zy(a, | s,)

0O Update Value parameters ¢
¢ — ¢+ a5,V ,Vu(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




IMPALA | V-Trace | TD(n)

0 Sample an action with current policy for S,
a; ~ 71-9( ) ‘St)
V¢*(SO) <« V¢*(SO) + a¢* X (,00(1’1 + YV¢*(S1) — V¢*(SO))

9 Get trajectory for sampled action d; + 0o p1(ry + ¥V, u(55) — V(1))
0PI\ P*\2 p*\71

Sp> Qps Sy15 Ty < env . step(ay, s,)

e Compute TD-Error 9,
0y = Fy1 FYVy(s51) — Viy(sy)

Q Value Gradient V y ng(sz) . -

ng*(st) — V¢*(St) + ad)* X 2 yk_t X (H’Dl) X pk X (rk+1 + }’V¢*(Sk+1) — V¢*(Sk))
@ rolicy Gradient Vylog my(a, | s,) = e

G Update Value parameters ¢ Final V-Trace correction for TD(n)

¢ — ¢+ a5,V ,Vu(s)

0 Update Policy parameters @
9 <« 9 + aeét V@log ﬂe(at ‘ St)




IMPALA | Evaluation

Architecture CPUs GPUs! FPS?
Single-Machine Task 1 Task 2
A3C 32 workers 64 0 6.5K 9K
Batched A2C (sync step) 48 0 9K 5K
Batched A2C (sync step) 48 1 13K 5.5K
Batched A2C (sync traj.) 48 0 16K 17.5K
Batched A2C (dyn. batch) 48 1 16K 13K
IMPALA 48 actors 48 0 17K 20.5K
IMPALA (dyn. batch) 48 actors® 48 1 21K 24K
Distributed

A3C 200 0 46K 50K
IMPALA 150 1 80K
IMPALA (optimised) 375 1 200K
IMPALA (optimised) batch 128 500 1 250K

1 Nvidia P100 2 In frames/sec (4 times the agent steps due to action repeat). 3 Limited by
amount of rendering possible on a single machine.

Table 1. Throughput on seekavoid_arena_01 (task 1) and
rooms_keys_doors_puzzle (task 2) with the shallow model

in Figure 3. The latter has variable length episodes and slow
restarts. Batched A2C and IMPALA use batch size 32 if not other-
wise mentioned.

Throughput Evaluation

Task 1 Task2 Task3 Task4 Task5

Without Replay
V-trace 46.8 329 31.3 229.2 438
1-Step 51.8 359 254 215.8 43.7

g-correction 442 273 4.3 107.7 41.5
No-correction 40.3 29.1 5.0 949 16.1

With Replay
V-trace 47.1 35.8 34.5 250.8 46.9
1-Step 547 344 264 204.8 41.6

g-correction 304 30.2 3.9 101.5 37.6
No-correction 350 21.1 2.8 850 11.2

Tasks: rooms_watermaze, rooms_keys-doors-puzzle,
lasertag-three_opponents_small,
explore_goal_locations_small, seekavoid-arena-01l

Table 2. Average final return over 3 best hyperparameters for differ-
ent off-policy correction methods on 5 DeepMind Lab tasks. When
the lag in policy is negligible both V-trace and 1-step importance
sampling perform similarly well and better than e-correction/No-
correction. However, when the lag increases due to use of expe-
rience replay, V-trace performs better than all other methods in 4
out 5 tasks.

Policy Lag Correction Evaluation



IMPALA | Evaluation

—— [IMPALA - 1 GPU - 200 actors Batched A2C - Single Machine - 32 workers —— A3C - Single Machine - 32 workers

rooms_watermaze rooms_keys doors _puzzle lasertag three opponents small explore_goal locations _small

— A3C - Distributed - 200 workers

seekavoid_arena 01

55 30 35 250 45 -

50 25 30 300 40 =
- 45 25 35
= ‘;g 20 20 150 30
230 15 15 25
o 25 10 10 100 20

20 5 5 50 15

15 0 10
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Environment Frames 1e9 Environment Frames 1e9 Environment Frames 1e9 Environment Frames 1e9 Environment Frames 1e9
rooms watermaze rooms_keys doors puzzle lasertag three opponents small explore _goal locations small seekavoid arena 01
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Hyperparameter Combination Hyperparameter Combination Hyperparameter Combination Hyperparameter Combination

Hyperparameter Combination

Figure 4. Top Row: Single task training on 5 DeepMind Lab tasks. Each curve is the mean of the best 3 runs based on final return.
IMPALA achieves better performance than A3C. Bottom Row: Stability across hyperparameter combinations sorted by the final
performance across different hyperparameter combinations. IMPALA 1is consistently more stable than A3C.

Stability Evaluation



