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Forward KL vs Reverse KL Latent Noise in Generative Policies
Example: a VLA policy samples latent noise and conditions on
Target multimodal action distribution observation and language to generate multiple valid actions
A
: Multiple valid actions
Latent noise E
= — Target distribution ’ I .
‘» z ~p(z) ety Left grasp
3 === Gaussian polic i ; e SR
a poticy Observation + Instruction z~N(0,I) "0t
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. > ¥ Action distribution i Top grasp )
Action ? ,
Generative policy z v
1) Forward KL (mode-covering) 2) Reverse KL (mode-seeking) a= fo(z,0,1) 8 .)
I ins&uclion: pick up the mug Right ap
2z ) Action e
. E a Vision @ Language
! c o S
&
i @ samples different latent noise for @ Represents multiple valid action modes
' o different feasible actions o - i y
3 ! 3 = i i ti
Action i Action o Conditions on observation and language o
Covers all modes, Chooses one mode, Bingle Gavssionif unimodal policy
but averages across them i but misses others i A single Gaussian tends
'g // \-.\ to collapse diverse solutions
a g N " into one averaged mode
Gaussian policies face a trade-off: Action .
either cover all modes but average across them,
or focus on one mode and ignore the rest. o Generative policies can represent multimodal action distributions
more faithfully by producing multiple feasible action plans under the same condition.

Generative policies better capture multimodal action distributions.
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I Motivation

Training process of diffusion policy

ParN.C
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Collect state-action
pairs from demonstrations

N

Randomly sample (s, ag)
from the dataset

(o= VEao+ VI

Add noise to the action

e

Predict the noise from
noisy action, state, and

with true noise

Compare predicted noise

Minimize prediction error

N

J

(. N5 e W g - X . R
o Offline Dataset 9 Sample Training Pair 0 Forward Diffusion o Deng;?:glt;::tilu ” e Noise Prediction 0 Training Objective o Learned Policy
3 g R isy acti predicted noise €
state s noisy action a; : w(a | s)
/\—/\ ST
] ./',\'./. —» e&(a;, 8, t) ‘,f:" : 2 ‘
‘!'*State ey ﬂ ] noisy aftion a .\\:. R ‘ L= lE[ lle — €s(ar,s, t)l[g]J
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\ ‘; \'/‘\./ . state s ‘f/; . >
e g | clean action a, i ././.\‘\.j ‘\\ ™ ﬂ 5 (’2 X I'. » »>
Las i Bad T gle
= le ¢ ~ Uniform(1,T) = .\/ .\ true noise € \
-2 sample £ ~ Uniform(1, ‘ ,’:“ /i
/\_,/ /’.\\_/‘\ sample noise € ~ N(0,1) timestep t

Learn a conditional

just an average action

N

~

action distribution, not

/

j

timestep
N N st N t AN A
How to improve diffusion policy online? Backpropagation / Parameter Update
e Collect more expert demonstrations = ——> costly and time-consuming

e OnlineRL —89 ——

computationally heavy, unstable, and may destroy the pretrained behavior prior
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Standard Diffusion Policy Deployment
A
/
— NN(O,I) P Tdp 7 —P Environment _Sp

DSRL: Diffusion Steering via Reinforcement Learning

KR A v v

: /
w : —RVa™ :
Y3 P ) p 7l | nvironment _.p
4 Latent-Action Environment :
| |
| N I RL Training ------------
| ¥
a~ (s, w) w ~ N(0,1) wy ~ 7 (8¢)

Optimize the pre-trained policy by noise manipulation.
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DSRL-SAC DSRL-NA
w ~ ﬂ'gv('w|3) w' # w, T (s, w') = 7, (s, w)

= ﬂfi"p(s,w)

(s,w,r,s) Q4(s,a) ——> QY (s,w)

Q" (s,w) Critic distillation

Algorithm 1 Noise-Aliased Diffusion Steering via Reinforcement Learning (DSRL-NA)

1: input: pretrained diffusion policy 71’2{\;), offline data ® . and/or online ¢nvironment M

2: Initialize replay buffer 6 < g, A-critic Q**, latent-noise critic QV,|latent-noise actor 7
3: fort=1,...,Tdo B
4 Update Q*: minga E(g 4 1 o)~ armm¥ (s 7w (s7)) [(Q*(s,a) —1j—vQ*(s,a'))?]
5 [ Update Q": mingw Eg o3 w~n(0,1) [(QW(S w) — QA(S,W(‘;‘;)(S,w)))Q]]

6: Update 7"V: max, w Ego [QW s,‘w ))}
7
8
9

if access to online environment M then
Sample latent-noise action wy ~ 7" (s¢) and compute a; < T (8¢, wt)
Play a; in M, observe r; and next state s; 1, and add (s;, a;, r¢, S¢11) to B




I Experiments

Online adaptation

Success Rate
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I Experiments

Offline adaptation
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Task BCc(N) BcC(mg,) IQL  REBRAC IDQL SRPO  CAC FAwWAC FBRAC IFQL  FQL  DSRL
antmaze-large-navigate-singletask 0 +o 0 +o 48 +0 91 110 0 +o 00 4247 1+ 70 +20 24 17 80 xs 40 z20
antmaze-giant-navigate-singletask 0 +o 0 +o 0 +o 27 +22 0 +o0 0 +o 0 +o 0 +o 0 +1 0 +o 4 +5 0 +o
humanoidmaze-medium-navigate-singletask 1 +o 0 +o 32 +7 16 +o 141 00 3819 622 2548 69+ 19+12 34 +20
humanoidmaze-large-navigate-singletask 0 +o 0 +o 3 +1 2 +1 0 +o0 0 +o 1 +1 0 +o 0 +1 6 +2 7T+6 10 +12
antsoccer-arena-navigate-singletask 1 +o 0 +o 3 +2 0 +o 0+1 0 +o 0 +o 12 43 24 +4 16 +0 39 +6 28 40
cube-single-play-singletask 3 +1 3 £3 85 18 92 +4 96 +2 82116 80+30 8lio 8313 T3z 9T 12 93 114
cube-double-play-singletask 0 +o 0 +o 1+1 7 +3 16 +10 0 +o 2 +2 2 +1 22 412 9 +5 36 +6 53 +14
scene-play-singletask 1 +1 0 +o 1243 30 +13 33 +14 242  50+40 1848 46 +10 0 +o 76 +o 88 +9
puzzle-3x3-play-singletask L +1 0 +o 241 2+ 0 +o 0 +o 0 +o 141 2 +2 0 +o 16 +s5 0 +o
puzzle-4x4-play-singletask 0 +o 0 +o d +2 10 +3 26 +6 7 +4 1 +1 0 +o O +1 21 +11 1143 37 +13
Offline-to-online adaptation Single-task adaptation in real-world
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— DL g Tdp  RLPD | : DSRL

DSRE | & mterventions
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"0 0.5 o o i 2
. ‘J ot . . .
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o
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I Experiments
VLA adaptation
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Diffusion Model Flow Matching

Forward noising

Noise = Data

Reverse denoising Flow

Velocity field

Learning objective: reverse denoising process Learning objective:
continuous flow from noise to data (velocity field)
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Flow Matching

Intermediate distribution {P:(Z) }scpo.1]

dﬂ?t
Velocity field —— = ug(ax¢)

dt
Continuit diti Opi(z) —
y condition 5 T V- (p(x)uy(z)) =0
/ veloili?;vﬁeld Approximation Vo (t, ZB) ~ Ut(-’L')
2
\ Lon(0) = Bevio)ap, |[00(t,2) — wi(@)|]]
distribution at time Zo ~ Po Conditional flow matching \l/
2
» | — Loru(®) = Erayn, [lon(t,20) — we(arfan, o))
x(t
- = va(z(1),1) 1
l L = g+ / vg(t,xs) dt | Rectified flow
0 zy = (1 —t)xg + toy
velocity field

Lori(0) = Bt (00 (8, (1 =)o + 1) — (21 — 20)
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I Motivation PEIFNP_E

Problems in offline RL

* Limited expressiveness of Gaussian policies

!

Generative policies

Only imitate dataset actions but cannot further optimize task returns

> Directly training with RL leads to unstable optimization and high cost

Difficult to seamlessly integrate into existing algorithms

How to train an expressive policy that can be integrated with existing RL algorithms?



I Method

BC flow policy g (s, =)

Q)
O\

One-step policy fi,, (s, 2)

>

Distill {
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BC flow policy pg(s, 2)

One-step policy s, (5, 2)

po (s, 2)
Flow policy (ODE)
i
g I
H—— @

One-step policy

Use flow matching to model complex action distributions, and use Q-learning
to guide a one-step policy toward higher returns.



I Method

Algorithm 1 Flow Q-Learning (FQL)

function p(s, 2) > BC flow policy
fort=0,1,...,M — 1do
|z z+wve(t/M,s,2)/M

return 2

> Euler method

while not converged do
Sample batch {(s,a,r,s")} ~ D
> Train critic Q)
z ~ N(0, 1)
a' < pw(s',z)
Update ¢ to minimize E[(Q.(s,a) —r — yQ3(s",a’))?]

> Train vector field vg in BC flow policy g

il?o ~ N(O, Id)

zt—a
inmf 01]3
(1—1¢t)x + tzt

Update 0 to minimize E[||va (¢, s, ') — (' — 2°)||3]

> Train one-step policy 7.,

z ~ N(0, 1)

a™ <« . (s, z)

Update w to minimize E[—Q4 (s, a” )Hralla™ —po(s, z) ||%]}
return One-step policy 7,

> Lpistin(w) =E  sop.

ExUHAIS LT SitR7E

FAttern Recognition and NEuwral Computing

ParN.C

Nl (s, 2) = po (s, 2)|13]

ZNN(O,Id)
noise 2z~ N(0,1) state

iteration MLP net

BC flow policy /¢(s,2)  one-step policy tw(S, 2)

Lpistin(w) =E  sop,

s, 2) = a5, 2)|l5]
ZNN(O,Id)

> B, inf  E, o — |2
Z lLep )\EAI(I?}&,,W@) T,y )\[HI y||2]

= ESND [W2 (ﬂ-w) ’J‘Tg)2}
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Offline performance

Gaussian Policies Diffusion Policies Flow Policies

Task Category BC IQL ReBRAC IDQL SRPO CAC FAWAC FBRAC  IFQL FQL

0GBench antmaze-large-singletask (5 tasks) 1141 53 +3 8145 2145 11+4 3342 641 60+6 2845 7913
0GBench antmaze-giant-singletask (5 tasks) O+x0 4+ 26 <5 0+0  0=o 0 +o 0 +o 4 +4 3 +2 9 +e

0GBench humanoidmaze-medium-singletask (5 tasks) 2+1 3312 22 4s l+o 141 5348 1941 385 6014 5815
0GBench humanoidmaze-large-singletask (5 tasks) l+o 2+ 2 +1 l+o O=zo 0 +o 0 +o 2 o 11 42 4 +2

0GBench antsoccer-arena-singletask (5 tasks) 1+0 8+ 0 <o 12+4 140 224  12+0 161 3316 60 =+2
0GBench cube-single-singletask (5 tasks) 541 8343 9142 95+2 B04s 8d+9 8l+a T947r T2 96 41
0GBench cube-double-singletask (5 tasks) 241 T+ 12 +1 15+6 241 6 +2 D +2 1543 1443 29 42
0GBench scene-singletask (5 tasks) 541 28+1 4143 4643 20+1 4047 3043 4545 3043 56 42
0GBench puzzle-3x3-singletask (5 tasks) 240 941 21 +1 10+2 18 +1 1940 6 +2 14 +4a 191 301
0GBench puzzle-4x4-singletask (5 tasks) O+0 T+1 1441 29+3 10+3 1543 1 +o 13+1 255 17 22
D4RL antmaze (6 tasks) 1 57 78 79 74 3043 4443 6417 657 8443
DARL adroit (12 tasks) 48 Ha 59 H2 41 Hl +1 43 +2 48 +1 50 +2 e e H2 +1

Visual manipulation (5 tasks) - 42 +4 60 +2 - - - - 22 +2 50 +5 65 +2




I Experiments

Hyperparameter sensitivity
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