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Introduction



O 1 Comp etition : Humans and robots improve in different ways. @

MuLILAB

|FIGURE 03 \

INTER

Who will be faster after repeated trials?
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https://www.youtube.com/shorts/GEJXsX_R9T0

O 1 Practice: Repeated experience can improve behavior @
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Human Robot

/ —— Human
--- Robot

Performance

v

Experience

Experience can change future behavior.



O 1 Variation : Real deployment includes unexpected conditions.
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E Same task: move the box ]

!

!

!

l

smaller

Unexpected situations often mean the same task under changed conditions.

wrapped

tilted

slippery




O 1 Challenge : Robots must adapt without starting over.
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Same task, changed conditions

Changed conditions

tilted

slippery

Fixed behavior

Same action — failure

same grasp

wider grasp

1 firmergrip |

| gentle approach J [ adjust angle }

[ @ The same action fails once the condition changes. ]




O 1 Challenge : Robots must adapt without starting over. @
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Conventional [ Adapt On The Go

— Collect Data
.
'

Adjust Behavior

Retrain

Redeploy

Slow and costly Adapt during deployment
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O 2 Imitation: Robots often begin by learning from human demonstrations
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Multimodal Lesrning & Inteligence

Time

N

p
[ Human Demonstration ]

N

Demo 1...DemoN

~

Learn from Demonstrations

collect
data
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Recorded Demonstrations

Robot
Policy

Predicted
action
sequence

—»[IUD

J

Robots often begin by learning from human demonstrations. e
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deploy
policy

( Robot Execution

Time




O 2 Interaction : The agent learns through action, feedback, and repeated updates.

Observation

Reward

)
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Environment
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O 2 Policy: A policy maps the current observation to an action @
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Observation J

A&

Camera observation

Action
Policy , \
(Actor)

m(a | o)

Robot state @ 4
Joint angles q 00000 :

End-effector pose = [J1JJ10]

Move arm
Azx, Ay, Az

Rotate wrist
Aroll, Apitch, Ayaw

“ ” .
Gripper open g O (1=open) What should | do now? Close gripper
\ Open/Close
— \_ =
fosllich. p Action distribution 7(a | 0) L : )
(2., 2] Frontal grasp Side grasp Top grasp
Orientation R
[roll, pitch, yaw] ’% oo

15%

® A policy maps the current observation to an action.
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O 2 Reward : Reward evaluated outcomes, not individual actions @
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Multimodal Lesrning & Inteligence

Immediate Reward Reward r;
Immediate feedback
e Grasp

|

o Approach

* M)
Return G,
Accumulated future rewards
Ge =T+ Vlew1 + ¥VTpun + ...
Collision (hits obstacle) \ i 7
il B
Value V(s;) _

Expected future return !
1

Predicts
St | —> — before
& future
N

rewards

LCritic predictionj) are known

{ @ Reward tells the robot what is desirable—not how to achieve it. J
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O 2 VL A: Reward evaluated outcomes, not individual actions
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Multimodal Lesrning & Inteligence

Vision

Language

What is on
the conveyor?

Understand and describe

VLM

Vision

Language

Text

VLM A plastic-

Move the
wrapped box

2!

wrapped box. to the tray.

0.52
-0.31

Robot State
0.78
0.36

q=
0.12

gripper: open

-1.05‘ e —

VLA

Action

7

—

S
—| VLA k

/1 move arm

(> rotate wrist

( S close gripper

Understand and act

From understanding the world to acting in it.

A VLA can serve as the robot's policy.
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O 2 Forgetting: Adapting to a new condition can damage an old capability. @
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Multimodal Lesrning & Inteligence

Normal Slippery

a 3 é R A\ ( N
Normal D Normal Normal Normal ™M@ | ____ ___ o ____ -
(
| |
Large (D Large Large | - ili |
| Plasticity ¢mmap Stability |
Wrapped (S Wrapped : Learn the new Preserve the old :
Nop L e s S e s e e e s S s

Slippery

\ X P 20X J

{ Can the robot learn the new without losing the old? J
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O 2 ACtOI‘-C ritic : The actor chooses, while the critic evaluates what to expect.

Current State s,

Actor

— 7r8( a, I St) Action a, s

Choose an action
\_ =/

Environment

N

| t l .
."
e

—) Reward 1,

— Next State s;, ¢

4

(" A
Critic "
| Vols) >
Predict future return How good
5 _/ is this state?

t

The Actor acts. The Critic evaluates.
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O 2 Advantage : A2C compares what happened with what the critic expected.
MuLILAB
) - ) B
n-step Rollout n-step Return Advantage
a | A= R - Vi) |
Wil Gn-1 Ry =rptyryg+ oty yng + Y V(St4n)
= % 2 . M e
@_}@_}@_’ 6@ \ i S B A >0 A <0 A ~0
Piad P Observed rewards Bootstrapped Better than Worse than About as
future value expected expected expected
t | ¥ ]
\, T A TS /)

O Advantage measures how surprising the outcome was.

It compares actual return with the Critic’s expectation.
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O 2 A2C Update: The same rollout updates both the policy and the value function.
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1. Collect Rollout

a; Qi At in-1

Voo |
D
. f

Tt Tts1 Ttin-1

2. Compute
n-step Returns

Ry =1+ v

- S A

® ® - @

3. Compute
Advantages

4. Update Networks

~N

Actor Update

i N

Critic Update

[Lac!or E log g (at I st)jt}

Increase good actions,
decrease bad ones

- T o (a|se)

—> § mo(als)
J

{Lcﬁtic = %(Rt = V¢(S¢))2}

Match value estimates
to return targets

1
(

- N
5. Repeat

C
N\

Use the updated policy
to collect a new rollout

On-policy learning

Current policy interacts Use observed rewards and Compare outcome with
with the environment bootstrapped value expectation Entropy Bonus
Encourage exploration
L 9
A Y ! rd

_O-

One rollout updates both the policy and the value function.
o A2C learns from fresh on-policy experience.
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O 3 Setting: The robot must adapt within one uninterrupted deployment @
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Prior Behaviors Single-Life Deployment Unseen and Changing Dynamics

b

Normal walking

'S i - 3 ™
|
\

3. ground
; s 1. normal 2. one joint . 4. heavy load
' One continuous trial friction
iy Qi D; @ walking becomes stuck is attached

becomes low

i @ No human reset @ =’-':‘- @ Task Goal
| » » - BN N
mi, Qi, Di ||

‘ <® No external supervision

i, Qs, D; L i

7; s policy @Q; :critic D; : experience [
N— > Moo ) 1} )

[ Which behavior should the robot use right now? J

Piqrger may change over time
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O 3 Rep ertoire : Diverse prior behaviors provide multiple starting points

Prior Behaviors

Normal Walk Front-Leg Limp

Tt

Policy | Vi Value | D; Prior Experience

Unseen Situation

Roller Skates

Which behavior is the
closest starting point?

Do not adapt from zero. Start from a useful behavior.
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O 3 Selection : Value functions estimate which behavior is useful now @
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Current State Evaluate Every Behavior Select and Execute
Vi(s) = Eqnr, [Qi(s,2)]
i | ( ) @ Normal Walk: 12%
S | Normal Walk ~ V(s;) p:&y C?tlic —>|  softmax CeR
. J over Values @ Front-Leg Limp: 21%
e ; Rear-Leg Limp: 5%
Front-legLimp V,(s,) mmmmmm (7 [@]| 4| p(i|s)= | @ Reriestime: X
— Lo softmax; (V;(s)) | @ Low-Friction Gait: 62%
o i ) . : J
Rear-Leg Limp V3 (St) = Poligy Crit?c =3 i
z a
) [‘ﬁr Low-Friction Gait |—> — E:ec."te
Low-Friction Gait V (s;) —— | | % | |— y ction
>
Unexpected Low Friction Higher bar = Higher estimated future return

Use the critics as an on-the-go behavior selector.
But can we trust a critic on an unfamiliar state?
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O 3 L. 0SS : Values should reflect both reward and familiarity.
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Uncalibrated Values

ROAM Fine

Unfamiliar State

Normal Walk
Front-Leg Limp

Low-Friction Gait

OOD Overestimation

Bellman Loss

Reward Next-State Predicted
Value Q-Value
N 2 1 ; 5 7’
(+}— (@
/
*\ ~ ”~ £
Correct toward

Predict expected return

N
Z E(sasyn; | (i — Qi(s,a))*]
P

-Tuning

7

J .

Cross-Entropy Loss

Prior Experience (State Clusters)

Normal Walk
States

Low-Friction
States

Limping
States

EAEAEZ

-
P

Example: Low-Friction State

Low-Friction Gait

Normal Walk ! Front-Leg Limp :

1}

Recognize familiar states
evj'(“')

log —Z_{- AT

_IE'J ~_’D_,-

(B)

N

Familiarity-Aware Values

s N
Unfamiliar State
Normal Walk
Front-Leg Limp
Low-Friction Gait
Familiar State  —¥  High Value
Unfamiliar State —% Lower Value
\ Y.

[ Bellman predicts usefulness. Cross-entropy calibrates familiarity. ]

More reliable values enable better behavior selection.
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O 3 Evaluation: Can RAOM adapt efficiently to unseen dynamics?
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Simulation

Real-World Go1

- . 7 ™
@ Dynamic Stiffness @ Dynamic Friction @ Heavy Luggage 1 @ Dynamic Load ©® Roller Skates
B — M
e Weight changes
‘ during movement
s
@ Joint change every 100 steps Fr'ictic;n cl:lang'e ev'ery '50 s;:epsl
m Walk 10 m p Walk 10 m
; -/l\l/i Metric: Steps to Completion | Completion Time | h Falls / Readjustments |
N et e = —
Why Does ROAM Work?
( N
@ Behavior Selection Accuracy ( ©® ID vs OOD Values
Before Calibration After Calibration
@ ® Familiar State Unfamiliar State Familiar State Unfamiliar State
(&) Relevant behaviors (%) Irrelevant behaviors (ID) (oop) (ID) (OO0D)
- S J
[ ﬁf? The experiments test both performance and mechanism. ’
L RLPD RMA HLC - ROAM-NoCE - ROAM }
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O 3 Simulation : ROAM completes the task with fewer interactions {g

ultimods! Lesrning & Inteligence.

Dynamic Stiffness Dynamic Friction

10000 10000 RLPD
. BODD . BODOD RMA
8 o HLC
E_; 6000 E G000 ROAM-noCE
o e ROAM
£ 4000 £ 4000
= o
= =

2000 2000
Average [ 1) Median { 1 ) 0 Average [ 1) Median ( 1 )

Figure 3: Results on the simulated Gol robot. In both evaluation settings, ROAM is over 2x as efficient as all comparisons in
terms of both average and median number of steps taken to complete the task.
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O 3 Analysis: Cross-entropy improves relevant behavior selection. @

ultimods! Lesrning & Inteligence.

Single-Life Behavior Selection Accuracy

Before FT After FT
T0 m ﬂ
= 60 g_} & Avg 1D Values
&' 50 5T
g ﬁ i | Avg OOD Values
i 40
%% EF
ak
& 5 6 Avg 1D Values
G 20 S G
<0 ﬁ & | Avg OOD Values|  1217.6 1192.8
0 HLC ROAM-noCE ROAM [ours)
Method

Figure 5: Effect of the Cross-Entropy Loss on ID and OOD
values. The average values of the different behaviors in states
Figure 4: Single-life Behavior Selection Accuracy. The percent  visited by that behavior (ID) vs states visited by other behaviors
of steps where different methods select a relevant behavior for  (QQOD), before and after fine-tuning with the additional cross-
the current situation. ROAM is able to choose a relevant behavior  entropy term for ROAM. ROAM is able to maintain high values

significantly more often on average when adapting to test-time  of the behavior in ID states, while decreasing the value of the
situations than HLC and ROAM-noCE. behavior in OOD states.
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O 3 Real-World: roam adapts to loads and roller skates on a real robot. @

Dynamic Load Roller Skates

® Walking

Figure 6: Real-world single-life tasks. We evaluate on: (1) pulling a load of heavy luggage 6.2 kg (13.6 Ib). (2) pulling luggage
where the weight dynamically changes between 2.36 kg (5.2 Ib) and 4.2 kg (9.2 1b), and (3) moving forward with roller skates on the

robot’s front two feet. For each trial, for each method, we also show the locations of the robot before its first fall or readjustment
(Red is Walking, Blue is HLC, and Purple is ROAM).

| Heavy Luggage Dynamic Luggage Load Roller Skates

| Avg. Time (s) | Falls | | Avg. Time(s) | Falls | | Avg. Time (s)| Falls ]
Walking 453 2.3 32 1 NC NC
HLC 42.7 3 28.3 13 62.3 2.7
ROAM (ours) 25.7 0.7 24.3 0.3 27.3 1

Table 1: Results on the real Gol robot on 3 different tasks: On all 3 tasks, across 3 trials for each method, ROAM significantly
outperforms both comparisons in terms of both average wall clock time (s) and number of falls or readjustments needed to complete
the task in a single life. NC (no complete) indicates that the task was not able to be successfully completed with the given method.
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04 Reasoning : From value-based selection to semantic replanning {‘3
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VLM Reasoning Egocentric View VLM-PC Trajectory Overhead View Egocentric View VLM Reasoning

- i e A
\ e ST L (t: ; 3 “\
There is a The immediate

cushion in the ocbstacle
path but it appears to be

seems low a pigce of
enough to furniture with

kfliﬂb over. encugh space

\3.10- it )
(o )

The view is
obstructed by
an object ..
This suggests

J

(;;rn the robot
slightly away
from the wall
and realign it

towards the = / that the robot
t"ﬂ" z A ; Go Backward Cith be "‘“""J
(;ﬁe robot haa<‘\ Turn the robc;‘\

successfully slightly to

turned left the left and

and now has a potentially

clear path find a clearer
Ch‘-"’d' J Turn Left Cu‘ J

VLM-PC (ours) No History, No Multi-Step
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04 Forgetting : Fast adaptation does not guarantee long-term retention @
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Episode Reward

]

0 1 I
000 025 050 075 100
Environment Steps 1e6
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04 Continual VLA Large pretrained VLAs may forget less than expected

Simple Sequential Fine-Tuning

Pre-trained
VLA Model

Param-Efficient
Adaptation

On-Policy RL

Continual
Strearm of Tasks

Little Catastrophic
PastTasks  _Forgetting

F
3 & 1
1 1
A o
L X F w @

Task 1 Task n-1
High Plastici
Current Task J mlr
i i
Task n Task n
High Zero-Shot
Unsees mﬁﬁenerallmt ion
A _+ BN
e 00t toe
Task n+1 Task n+k
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Conclusion



O 5 Conclusion : RoaM adapts on the go — but lifelong adaptation remains open
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1. Diverse Prior Behaviors

2. Calibrated Value Selection

7

Normal walking
on stable ground

Current state s;

A
—

- [Normal waking  m  Q(s,) HEE
N

Limping gait Ty Qy(s) NN

[Low-friction gait 3 Qs(s,) NN 0.62

Robust pulling gait m; Q4(s,) N 0.17

>
>

Higher value = Higher expected return

7; : policy

Q; : value

3. Online Adaptation

Selected policy: Low-friction gait (73)

Interact on deployment

t t+1 t+N

Value update &
policy refinement

@ Start from the right behavior, then adapt.

34

4. Single-Life Success

- e

Efficient forward motion
on low-friction deployment

—————— 7\‘

>2X Interaction Efficiency

\© Y

-

Pretrained
VLA-enabled

&

Continual
Environmental
Adaptation

Growing behavior library over time

Normal Limping | | Low-friction Robust Payload | | Damaged
walking gait gait | pulling gait | | carrying | | joint gait
(m) (m) || (@ (m) (ms) (me)
< e : — >
Earlier | Newer

p :
| A Forgetting? JE

Can a pretrained VLA keep adapting as
the world changes without forgetting?
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