\
|1]C

Luzhe Sun’?, Jingtian Ji

GLOVES: Flow-based Policy Adaptation i
without Policy Updates

U Haoran Chen', Jiawei Zhou®, Matthew R. Walter!

o e g @ g
gl "ot
s 0
L) AL L
RV S
1,0 1
(R BYNRL! X R
- eeet o ‘4
o et 0504
I A e N
s
N A e
' el s ]
e . e
e e e
, d
.
.

S 0%, 1%
[ ]
@
r
(<! s
- ‘[T -
wn
'.

'Toyota Technological Institute at Chicago, *Stony Brook University

Imperfect

w E\putFm\ Fexp ([ Agent | _GRERER Ao Simulation
""""""" * Actions
Human \
D1T ‘

ResNet \
ondmon LN L IF, @l

E xpert Actiol FM Loss L_l’redl; pert Actions
2 A ~
a ... Guy ‘II V() - u(r)H‘ a; - Auy

Policy

€% ILorRL

VLA

Agent F low F,

Imag ¢ Observation 1gent :
R N 5
esNet \ DIT ‘ GLOVES Real Robot
0nd1t10n—> .\ /._> ‘f Edit -
' ______,'—>
lm_p_ rfect Age _n_tiA_t_ o FM Loss | ‘P_ ed Agent A _t'_ ns ' =
a,+,,l (o) - (x>|| { | | E (1) FPAS (2) FEEG (3) IFAE -'.‘
— Tra1n1ng > < Inference >
. . ) Good Intention, Bad Action
Why policy adaptation? Agent I'd like to... ’
. —J° Agent Action (J S8 U
Agents often contain useful task = S Jz 0 o \_» 4 i

intent but produce imperfect
executions; policy adaptation corrects

Misalignment Collision

> N

Human IL or RL

their proposed actions online without Vnn [:y = x$,‘
requiring policy updates, reward Blackbox date? / . a =
design, or access to dynamics. API J »

Jitter Misgrounding

What is flow matching?
Flow matching define a velocity field by ODE!!:
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¢,(x) : flow map, position of particle at time ¢
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Larger nonconformity score — smaller p-value — more OOD.

In distribution C, (X)) = {p-value(x,q) > a}

Gaussian

All we need for conformal prediction is expert flow.
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Preliminary: Flow Alignm Inversion-Free Action-chunk Editing

Experiments

(b) Can Transfer

(e) Real Robot Charger Insertion (f) Cup Serving with Fluid

Agent Design

IL Agent: A goal-conditioned imitation policy is trained from expert demonstrations and then perturbed
with noise, delay, slowing, or bias. This creates controlled imperfect agents with known failure modes.
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VLA Agent: A finetuned vision-language-action model(FLOWER!#)) proposes action chunks from
images and language instructions. GLOVES improves its execution online while keeping the VLA frozen.
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DDPM for shared autonomy!>! Consistency model for shared autonomy(CSA)!®!

Results
A
Task  Agent ¢ g€ pphPM CSA FPAS FEEG IFAE
ertormance w/o 00D w/ 00D w/o 00D w/OOD
lagey | 38.745.8 |15.3+2.2 43.64£5.0 | 41.0+7.6 31.7+3.8 31.04£3.7 39.4+5.4 39.345.3
noised | 40.047.1 |33.343.3 42.745.3 | 46.046.1 46.7+5.8 457458 53,7453 53.6+-5.4
Slalom slow | 55.745.1 |35.743.3 42.344.0 | 60.045.0 49.345.6 49.345.6 74.6+4.6 74.0+4.4
shift 28.042.8 |15.042.3 69.744.0 | 47.747.3 40.0+3.5 36.744.0 65.0+4.7 70.0+4.7
lagey | 48.14+8.2 |53.845.3 51.545.3 | 53.847.1 55.046.3 53.14£6.5 66.6+=5.1 81.9-4.4
noised | 50.945.6 | 1.641.4 60.345.0 | 48.443.2 52.545.7 50.645.8 559452 55.645.0
Can slow | 23.146.0 |62.245.0 70.944.8 | 29.444.6 62.843.5 60.9+4.8 72.24+4.7 71.6+4.7
shift 54.743.9 |80.344.2 52.545.5|57.243.2 93.443.3 922432 56.9+5.4 58.1+5.6
lagey | 54.0+8.1 |57.3+2.3 64.042.3 | 62.3+£5.3 61.346.3 62.346.6 82.0£1.7 81.7-1.7
noised | 34.745.6 | 47.742.3 25.7+1.7 | 36.046.1 51.3+7.8 50.746.9 46.042.7 44.842.4
Keypad slow | 52.746.2 |81.342.0 92.041.0 | 94.042.4 95.042.6 96.0+2.1 79.3+2.0 88.0+2.0
shift 52.745.6 | 66.042.0 68.042.0 | 68.34+5.1 82.043.5 80.744.0 61.4+1.7 57.3+2.0
laggy | 38.5£7.0 | 0.04£0.0 40.0+7.0 | 41.046.8 39.0+7.8 41.0+5.6 40.0+£7.0 44.5+7.0
Charger OiSed | 33.0£5.7 | 0.040.0 48.0+7.0 | 61.5+7.7 68.5+44 73.0+£53 65.5+6.5 66.4+6.9
8T dlow | 45.045.3 | 0.040.0 49.94+7.0 | 44.5+3.7 46.045.5 47.545.1 46.0+7.0 44.5+7.0
shift | 36.045.0 | 0.040.0 60.546.5 | 49.044.8 68.0+5.7 64.5+4.3 36.0+7.0 40.446.6
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