
GLOVES: Flow-based Policy Adaptation  
without Policy Updates

Luzhe Sun , Jingtian Ji , Haoran Chen , Jiawei Zhou , Matthew R. Walter  
Toyota Technological Institute at Chicago, Stony Brook University

*1 *1 1 2 1

1 2

Why policy adaptation?

Agents often contain useful task 
in tent but produce imperfect 
executions; policy adaptation corrects 
their proposed actions online without 
requiring policy updates, reward 
design, or access to dynamics.

What is flow matching?
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Update?

Flow matching define a velocity field by ODE : 

 

 flow map, position of particle at time                velocity field, how particle moves 

[1]
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GLOVES: Policy Adaptation without Policy Updates

Given a trained flow  and    
a non-conformity score function  and  
a calibration set  

 

Larger nonconformity score  →  smaller p-value  →  more OOD. 

In distribution  

All we need for conformal prediction is expert flow.

Fθ( ⋅ )
score = ̂z = F−1

θ (x) [2]
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(a) FPAS 
Flow-Prior Action Sampling

(b) FEEG 
Flow Editing with Energy Guidance

(c) IFAE 
Inversion-Free Action-chunk EditingPreliminary: Flow Align[3]
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(a) Slalom (b) Can Transfer (c) Charger Insertion (d) Key Pad

(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.

(a) Slalom (b) CAN (c) Keypad (d) Charger Plug (e) Real Charger (f) Serve Cup

Figure 4: Experimental tasks. (a) Slalom navigation with 24 corridor configurations; (b) can placement with
four target regions; (c) three-button code entry on a 3→ 3 keypad; (d) simulated charger insertion with a 1mm-
clearance receptacle; (e) real-robot charger insertion; (f) real-robot cup serving with three coaster targets.
Table 1: GLOVES success rate comparison with baselines(DDPM and CSA) on stochastic-wrapper agents
where best score marked with blue , second best score marked with green .

Task Agent
Agent

Performance DDPM CSA FPAS FEEG IFAE

w/o OOD w/ OOD w/o OOD w/ OOD

Slalom

laggy 38.7±5.8 15.3±2.2 43.6±5.0 41.0±7.6 31.7±3.8 31.0±3.7 39.4±5.4 39.3±5.3
noised 40.0±7.1 33.3±3.3 42.7±5.3 46.0±6.1 46.7±5.8 45.7±5.8 53.7±5.3 53.6±5.4
slow 55.7±5.1 35.7±3.3 42.3±4.0 60.0±5.0 49.3±5.6 49.3±5.6 74.6±4.6 74.0±4.4
shift 28.0±2.8 15.0±2.3 69.7±4.0 47.7±7.3 40.0±3.5 36.7±4.0 65.0±4.7 70.0±4.7

Can

laggy 48.1±8.2 53.8±5.3 51.5±5.3 53.8±7.1 55.0±6.3 53.1±6.5 66.6±5.1 81.9±4.4
noised 50.9±5.6 1.6±1.4 60.3±5.0 48.4±3.2 52.5±5.7 50.6±5.8 55.9±5.2 55.6±5.0
slow 23.1±6.0 62.2±5.0 70.9±4.8 29.4±4.6 62.8±3.5 60.9±4.8 72.2±4.7 71.6±4.7
shift 54.7±3.9 80.3±4.2 52.5±5.5 57.2±3.2 93.4±3.3 92.2±3.2 56.9±5.4 58.1±5.6

Keypad

laggy 54.0±8.1 57.3±2.3 64.0±2.3 62.3±5.3 61.3±6.3 62.3±6.6 82.0±1.7 81.7±1.7
noised 34.7±5.6 47.7±2.3 25.7±1.7 36.0±6.1 51.3±7.8 50.7±6.9 46.0±2.7 44.8±2.4
slow 52.7±6.2 81.3±2.0 92.0±1.0 94.0±2.4 95.0±2.6 96.0±2.1 79.3±2.0 88.0±2.0
shift 52.7±5.6 66.0±2.0 68.0±2.0 68.3±5.1 82.0±3.5 80.7±4.0 61.4±1.7 57.3±2.0

Charger

laggy 38.5±7.0 0.0±0.0 40.0±7.0 41.0±6.8 39.0±7.8 41.0±5.6 40.0±7.0 44.5±7.0
noised 33.0±5.7 0.0±0.0 48.0±7.0 61.5±7.7 68.5±4.4 73.0±5.3 65.5±6.5 66.4±6.9
slow 45.0±5.3 0.0±0.0 49.9±7.0 44.5±3.7 46.0±5.5 47.5±5.1 46.0±7.0 44.5±7.0
shift 36.0±5.0 0.0±0.0 60.5±6.5 49.0±4.8 68.0±5.7 64.5±4.3 36.0±7.0 40.4±6.6

5 Experiments220

5.1 Experimental Setup221

Environments. We evaluate GLOVES on four simulation tasks and two real-world robotic tasks222

(Figure 4), spanning diverse task settings and control modalities. For each task, we evaluate 10 ran-223

dom seeds, using a task-dependent number of evaluation episodes per seed, and report the mean and224

standard deviation of the success rate across seeds. Details of the environment setup and evaluation225

protocol are provided in Appendix B.226

Agent policy. We consider two types of imperfect agentic policies. I. Stochastic-Wrapper227

agents For the four simulation tasks, we create stochastic-wrapper agents, we first train a goal-228

conditioned IL policy with collected demonstrations until it reaches near-expert performance. Dur-229

ing inference we inject structured perturbations, including noised, laggy, slow, and shifted to cor-230

rupt the IL policy as our wrapper agents, GLOVES then try to improve its performance. II. VLAs231

agent For the Slalom, CAN tasks, and the two real-world robotic tasks, we use FLOWER [51]232

VLA policies as instruction-conditioned agents, which finetuned on these tasks but not reach a good233

performance. Details of agent construction, VLA finetuning and data collection are provided in234

Appendix B.6.1 and Appendix B.6.2.235

Baselines. We compare against two prior generative shared-autonomy methods, To the Noise and236

Back [12] and FlashBack CSA [13] considering the goal-excluded setting. Both are extended from237

their original state-based single-action formulation to our image-conditioned action-chunk setting.238

5.2 Result analysis239

Table 1 reports results on simulation tasks using stochastic-wrapper IL agents. Overall, GLOVES240

provides robust improvements across agents and environments. Among the 16 task-wrapper settings,241
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(a) Slalom
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(b) CAN
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(c) Real Charger

��
 ��
 ��
� ���� ��
��




��

�


��

�


�"
��

� 
 ��

�"
�!

�
	

��

��

��

��
�����  � !�����
�� �����

������

(d) Cup Serve

Figure 5: Success rates of VLA agents before and after policy adaptation on two simulation tasks and two
real-world robotic tasks GLOVES consistently outperforms against baselines.

our variants achieve the best success rate in 13 cases and remain competitive in the others, showing242

that action-level adaptation is effective across delayed, noisy, slow, and biased agent behaviors.243

Specifically, FPAS alone already provides substantial gains over the source agents in most settings244

and remains competitive with strong baselines, highlighting the effectiveness of the flow-based OOD245

detection itself: even without additional generative correction, it provides a useful signal for iden-246

tifying and refining problematic actions. Compared with FPAS, FEEG provides additional gains247

in several challenging settings, especially on high-dimensional manipulation tasks such as Can and248

Charger, with the largest improvement exceeding 2→ performance. These results suggest that flow-249

guided action editing can produce more effective corrections than local sampling when successful250

adaptation requires coordinated changes across the action chunk.251

IFAE shows the clearest advantage when the agent actions form a source distribution that can be252

modeled reliably. In the stochastic-wrapper experiments, IFAE achieves the best or near-best per-253

formance in several settings. These gains suggest that source-to-expert flow editing is effective when254

the wrapped agent still preserves a coherent action manifold and the required correction can be ex-255

pressed as a distribution-level transport. However, IFAE is less reliable under some settings that256

the agent’s action is less likely captured by the learned source flow. In these cases, FEEG is often257

stronger because it relies primarily on the expert flow and a proximity term, rather than requiring an258

accurate model of the corrupted source distribution.259

We show similar policy-adaptation results for VLA agents across simulation and real-robot tasks in260

Figure 5. In simulation, GLOVES improve the finetuned VLA by up to 29.03%. On real-world robot261

tasks, GLOVES consistently improve over the finetuned VLA and outperform the baseline.262

Additionally, the OOD detection provides an efficient mechanism for selective intervention. Instead263

of refining every proposed chunk, GLOVES apply correction only when the OOD score indicates264

that the chunk is outside the expert distribution. This reduces inference cost and avoids perturbing265

already valid actions while using the same expert flow for both OOD detection and correction.266

6 Conclusion267

We presented GLOVES, a flow-based framework for adapting imperfect agent actions without updat-268

ing the underlying agent (policy). By learning expert action-chunk flows from limited demonstra-269

tions, GLOVES supports action correction for both policy adaptation and shared autonomy. Across270

simulated and real-robot tasks, GLOVES improves stochastic-wrapper and VLA agents, while the271

flow-based OOD gate enables selective intervention without training a separate detector.272

7 Limitations273

Our experiments show that FEEG and IFAE provide complementary adaptation behaviors, but the274

factors that determine which variant is best for a given task remain to be studied more systematically.275

Future work should further analyze the effect of editing hyperparameters and task properties such as276

contact richness, precision requirements, and compositional structure. More extensive ablations and277

automatic variant selection may further improve the robustness of flow-based action adaptation.278
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Baselines

PF ODE Trajectory

Expert Data NoiseTeacher Model
g(an, n) ↦ ̂an−1

Student Model 
f(an, n) ↦ ̂a0

(at, t)

( ̂at−1, t − 1)

( ̂at−1 → ̂a0,0)

(at → ̂a0,0)

min ℒ( ̂at−1 → ̂a0, at → ̂a0)

au ∼ a0 + k ⋅ 𝒩(0,I)
au ≈ ak

ak
f(au, k) ↦ a0

DDPM for shared autonomy[5] Consistency model for shared autonomy(CSA)[6]

ãlaggy
k = {

ãk−1, with probability plag,
ak, otherwise .

ãslow
k = {αak, with probability pslow, 0 < α < 1

ak, otherwise,

ãshift
k = {ak + 1T(δej)⊤, with probability pshift,

ak, otherwise .

ãnoised
k = ak + ϵk, ϵk ∼ 𝒩(0,σ2I ) .

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.

[4]

Results


