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Abstract: Open-world delivery requires mobile manipulators to follow free-form1

user instructions and manipulate potentially novel objects. Existing dual-system2

approaches use high-level grounding models to convert language into grounded3

visual prompts, but their low-level controllers can remain brittle under noisy per-4

ception, dynamic scenes, and contact-rich interactions. We instead use a pretrained5

flow-matching vision-language-action model as the low-level control interface,6

leveraging its reactivity and robustness to environmental changes while treating7

the grounding output as a spatial cue for policy steering. Our key insight is that8

the pretrained VLA already provides a strong manipulation prior, while the spatial9

cue supplies the missing target information needed to guide actions under novel10

language–object mappings. Concretely, we introduce a lightweight cue-conditioned11

adapter. The adapter is first trained with contrastive objectives to produce salient12

and spatially discriminative cue representations, and is then supervised to predict13

a diagonal affine transformation over the generated action chunk, aligning policy14

steering with the cued target. Across tabletop and mobile-base settings, our method15

improves instruction following and manipulation success on both in-domain and16

out-of-domain objects, achieving up to near 2× improvement in average task17

success rate with negligible inference overhead.18

Keywords: Policy Steering, Mobile Manipulation; Generalization19

1 Introduction20

Consider a delivery robot receiving the request: “Give me the takeout bag with the name Joseph21

on it.” We focus on the manipulation phase of this task, where the robot must turn an open-ended22

instruction into a physical action: parsing the language, grounding the referred object in a potentially23

cluttered scene, and executing a reliable trajectory toward it. While the underlying manipulation skill24

may be simple, such as pick-and-place, learning a practical policy for open-world delivery remains25

difficult. As shown in Figure 1(a), the core challenge is a substantial train–deployment mismatch:26

the policy is trained in fixed environments with a limited vocabulary of objects and instructions, yet27

deployed on a mobile robot in open-world settings with novel objects, unseen referring expressions,28

and variable scene configurations.29

Large-scale pretrained robot policies [1, 2, 3, 4] have substantially improved policy robustness30

under visual perturbations [5], reducing the brittleness caused by changes in scene appearance and31

environment layout. Yet a central challenge remains: how to extend a policy to novel language–object32

mappings while preserving its previously learned manipulation capability. One promising direction is33

a dual-system design that decouples explicit grounding from robot control [6, 7, 8, 9]. The high-level34

grounding module, or System 2, interprets the instruction and converts it into spatial abstractions,35

often represented as visual prompts [10, 11]. The low-level controller, or System 1, then conditions36

on these prompts to generate executable robot actions.37
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Figure 1: (a.1) The policy is trained on in-context demonstrations collected in a fixed environment.
(a.2) In real-world delivery, however, the robot must execute manipulation under changing environ-
ments and novel language–object mappings. (b) We focus on improving policy generalization to
these novel mappings. A grounding module converts the open-ended instruction into a spatial cue,
which conditions a contrastive adapter to predict affine transformations over the frozen flow-matching
policy’s action output, steering the generated action chunk toward the target object.

Paradigms VLA [3] Dual +
low-level [7]

Dual +
VLA (ours)

Learned control ✓ ✗ ✓
Precise perception ✓ ✗ ✓
Explicit grounding ✗ ✓ ✓
OOD generalization Limited Strong Strong

Table 1: Comparison of paradigm designs.

However, many existing dual-system methods38

still depend on optimization-based or geometric39

motion generation [12, 7, 13]. Such controllers40

can be fragile in open-world delivery settings:41

perception may be noisy, the target object may42

move during execution, and a fixed plan may43

not recover from grounding or localization errors. This motivates replacing the geometric low-44

level controller with a pretrained robot policy, especially a flow-matching vision-language-action45

model [14, 15, 16]. Since these models are trained on diverse robotic demonstrations, they provide46

learned priors for object interaction, contact-rich manipulation, and reactive correction. They therefore47

offer a practical low-level control interface for the dual-system design, while preserving the explicit48

grounding ability of the high-level module. Table 1 compares these paradigms.49

Yet integrating flow-matching VLAs into a dual-system design is not straightforward. The visual50

prompt produced by System 2 must be converted into a form that can reliably steer a policy trained to51

act from its own visual-language representations. Prior work [9, 17] explores full policy training with52

visual prompts as additional inputs. While effective in controlled settings, this strategy still depends53

on the VLA’s internal spatial reasoning ability, which is known to be limited [18, 19]. More critically,54

input-level prompting does not specify how the prompt should modulate the action generation process.55

After being encoded with the rest of the visual observation, the prompt is only implicitly represented,56

without a direct mechanism that encourages the generated trajectory to align with the System 257

guidance. The key challenge is therefore not merely how to provide a visual prompt to a VLA, but58

how to turn that grounded signal into actionable guidance during flow-based action generation.59

In this paper, we address this challenge by treating the grounding output as a spatial cue that directly60

guides action generation. Our key insight is that a pretrained flow-matching VLA already knows61

how to manipulate: it can generate feasible trajectories for objects in the workspace, but may not62

reliably determine which object to act on under unseen language–object mappings. Thus, the missing63

component is not a new manipulation policy, but a mechanism for specifying the intended target.64

We therefore keep the VLA frozen and introduce a lightweight cue-conditioned adapter that uses65

the System 2 generated spatial cue to steer the frozen policy’s action output. The adapter first66

learns to encode the explicit cue into a salient and spatially discriminative representation, using67

contrastive objectives to discourage reliance on scene-specific shortcuts. It then conditions on this cue68

representation to predict a diagonal affine transformation over the generated action chunk, shifting69

the frozen policy’s output toward the cued object while preserving its learned manipulation prior.70

Figure 1(b) provides an overview of the full pipeline.71

Our contributions are threefold. First, we analyze the policy-learning challenges posed by open-world72

delivery and propose a dual-system framework that combines explicit language–object grounding73

with learned low-level action generation. Second, we develop a lightweight cue-conditioned adapter74

for frozen flow-matching VLAs, which steers generated action chunks through a diagonal affine75
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transformation while avoiding full policy fine-tuning. Third, we validate the proposed method across76

three in-domain and out-of-domain object settings. Our method consistently outperforms all baselines,77

achieving relative gains of 86% and 44% over the best-performing baselines in average task success78

rate under tabletop and mobile-base settings, respectively.79

2 Related Work80

Flow-matching VLAs. A central goal in robot learning is to build generalist policies that can perform81

diverse tasks and transfer across environments, objects, and embodiments. Vision-language-action82

(VLA) models [1, 2, 15, 14] address this goal by mapping visual observations and language instruc-83

tions directly to robot actions, often after training on large-scale robot and human demonstration data.84

Recent flow-matching VLAs [15, 14, 16] further model action generation as a learned continuous flow85

conditioned on fused visual-language features, allowing them to represent complex and potentially86

multimodal action distributions [20]. Although flow-matching VLAs have begun to be used within87

dual-system architectures [21, 22], how to effectively steer their action generation toward novel88

language–object mappings remains underexplored.89

Policy steering. Policy steering improves pretrained generative policies by modifying their sampling90

or refinement process while keeping the base policy fixed [23]. Existing methods typically guide91

generated actions with external objectives or auxiliary models, steering outputs toward task, safety,92

or user-specified constraints. Model-predictive refinement methods [24, 25] use learned dynamics93

models to improve task performance or enforce safety, while human-in-the-loop approaches [26,94

27, 28] refine actions using user-provided subgoals, corrections, or preferences. Classifier- and95

dynamics-guided methods [29, 30] further leverage latent visual dynamics models [31, 32] to bias96

actions toward desired outcomes. Unlike prior steering methods that primarily use external signals to97

refine in-domain behavior, our method treats spatial cues as target-specification signals and learns98

cue-conditioned transformations over frozen VLA action chunks, enabling better generalization to99

out-of-domain language–object mappings.100

Visual prompting for robotic policies. Explicit visual representations provide a useful interface for101

guiding robotic manipulation. One line of work uses visual marks to connect a vision-language model102

(VLM) planner with a low-level controller [7, 6, 8], where the controller translates visual predictions103

into executable actions. However, such controllers can be brittle in open-world settings where104

perception is noisy and reactive control is needed. Another line of work treats actions as language [33,105

34], using the VLM to directly output executable robot actions, but these methods depend heavily on106

the grounding precision and reasoning reliability of the VLM. Other approaches [13, 9, 35] inject107

visual prompts into the VLA input stream, yet the prompt’s influence on action generation remains108

implicit. In contrast, our method uses a spatial cue separated from the input image as an explicit109

target-specification signal, steering a frozen VLA by directly modulating its generated action chunk.110

3 Method111

We present the problem setup and detail method design in this section. Section 3.1 formulates gener-112

alization to novel language–object mappings as a policy-steering problem. Section 3.2 introduces the113

overall dual-system framework. Section 3.3 describes the spatial-cue-conditioned adapter for steering114

the frozen policy. Section 3.4 provides the implementation details.115

3.1 Problem Definition116

Consider two deployments of the same frozen flow-matching policy. In the first, both the instruction117

and the referred object fall within the training distribution, and the policy can execute the task118

successfully. In the second, the target object is replaced by a novel object and the instruction is119

changed accordingly. The underlying motor behavior may remain the same, such as reaching,120

grasping, and placing, but the policy must now associate the instruction and visual scene with an121

unseen target. The central challenge is therefore not to acquire a new manipulation skill, but to122
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redirect an existing manipulation prior toward the intended object during action generation. We123

formulate this as a policy-steering problem: given a frozen flow-matching VLA and an explicit spatial124

cue produced by a grounding module, the goal is to modulate the generated action chunk so that it125

follows the cued target while preserving the base policy’s learned manipulation capability.126

3.2 Dual-System Design127

Flow-matching VLAs generate action chunks using an action expert conditioned on features from128

a vision-language backbone. While this end-to-end grounding is effective for in-distribution tasks,129

it can become brittle when the policy encounters novel instructions referring to unseen objects. To130

reduce this uncertainty, we adopt a dual-system design that separates language–object grounding131

from action generation. The high-level grounding module converts diverse free-form instructions132

into a unified spatial cue, allowing the downstream policy to be steered by explicit target information133

rather than relying solely on implicit language grounding.134

System 2: Grounding module. System 2 converts open-ended user instructions into a structured135

spatial cue for the downstream VLA, specifying the 2D target location in the workspace camera view.136

We first use a grounding model to predict spatial references for the target object, typically in the form137

of bounding boxes. An external segmentation model [36, 37] then converts these references into a138

pixel-level target mask. From this mask, we compute the object centroid and construct a Gaussian139

heatmap ht. This heatmap is not injected as an image-level visual prompt but used as an explicit140

spatial cue. All components in System 2 are frozen and used for zero-shot inference.141

System 1: VLA as controller interface. To preserve the pretrained manipulation capability of the142

VLA while enabling it to be steered by the spatial cue from System 2, we freeze the VLA policy and143

attach a lightweight adapter. The adapter predicts a cue-conditioned diagonal affine transformation144

that modulates the action chunk produced by the frozen policy during flow integration. Specifically,145

let Aτ
t denote the generated intermediate action chunk at integration time τ ∈ [0, 1]. The adapter146

predicts two diagonal modulation terms, γt and βt, and computes the steered action chunk as147

Ãτ
t = Aτ

t ⊙
(
1 + γt

)
+ βt, (1)

where ⊙ denotes element-wise multiplication. The scaling term γt reweights the frozen policy’s148

action output, while the shift term βt provides an additive correction. Together, they define a149

transformation that steers the generated action chunk toward the target object.150

3.3 Contrastive Adapter151
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Projection
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Positives

Correct 
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Correct 
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Figure 2: Illustration of adapter learning.

Learning an effective adapter is challenging be-152

cause the spatial cue is aligned with the target153

object in the observation. Without additional154

constraints, the adapter may exploit shortcut155

correlations from in-domain training scenes or156

memorize scene-specific visual patterns, rather157

than using the cue as the source of target spec-158

ification. To strengthen the correspondence be-159

tween cue location and action transformation,160

we design the adapter with two components: a161

cue encoder that learns salient and spatially dis-162

criminative features from the explicit cue, and a prediction head that maps these features to affine163

transformation parameters for steering the frozen policy output. Figure 2 illustrates the adapter164

architecture and training pipeline.165

Cue encoder learning. The spatial cue specifies the target location but does not by itself encode166

object semantics or task context. We therefore train a cue encoder E to transform the cue ht167

into a representation suitable for action steering. The learned representation is encouraged to168

satisfy two properties: spatial discrimination, preserving where the target lies relative to the action169

representation, and cue salience, emphasizing cue-relevant features over incidental visual patterns.170
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Let E denote the cue encoder. To make the cue representation spatially discriminative, we require171

the action representation to align more closely with its corresponding spatial cue than with spatially172

shifted versions of the same cue. We first encode the Gaussian heatmap and project it into a173

cue representation, zc = Pc(E(ht)), where Pc is a projection head. We also construct an action174

representation, za = Pa(at, E(ht)), where at denotes the action-expert feature and Pa is the175

corresponding projection head. For each positive cue representation zic, we construct a set of176

spatial-shift negatives {z−c,k}Kk=1 by perturbing the heatmap peak on the patch grid while keeping the177

underlying scene fixed. These negatives retain the same visual context but specify different target178

locations, forcing the cue representation to capture spatial position rather than appearance context.179

The spatial contrastive loss for sample i is180

Li
sp = − log

exp(zia · zic/τ)∑B
j=1 exp(z

i
a · z

j
c/τ) +

∑K
k=1 exp(z

i
a · z−c,k/τ)

, (2)

where B is the batch size and τ is the softmax temperature. This objective contrasts the correct cue181

location against both in-batch cues and spatially corrupted cues, encouraging the encoder to learn182

features that are sensitive to the target location rather than scene-level appearance.183

Since the adapter also conditions on action-related features, it may learn shortcuts that are not driven184

by the spatial cue itself. We therefore introduce a residual cue representation that isolates the effect185

of the cue. For each sample, we compute two encodings: one from the real heatmap, E(ht), and186

one from a zero heatmap, E(0). Their difference captures the cue-induced residual, which is then187

projected into the same representation space as the action feature: zres = Pδ

(
E(ht)− E(0)

)
, where188

Pδ is a projection head. This reinforce the adapter to learn cue-relevant action transformations.189

Therefore, for each sample i, we introduce the residual contrastive loss:190

Li
res = − log

exp(zia · zires/τ)∑B
j=1 exp(z

i
a · z

j
res/τ)

. (3)

Affine transformation learning. Given the encoded cue, a prediction head outputs the modulation191

terms γt and βt, which define the diagonal affine transformation in Eq. (1). We train this prediction192

head under the same flow-matching supervision as the base policy, so that the adapter learns to steer193

the frozen policy’s action chunks while preserving the pretrained action distribution. To discourage194

overly large corrections, we regularize the magnitude of the modulation terms:195

Lreg = ∥γt∥22 + ∥βt∥22. (4)

The full training objective is therefore196

L = Lflow + λsp Lsp + λres Lres + λreg Lreg, (5)

where Lflow trains the affine transformation under the base flow-matching supervision, while the197

auxiliary terms align the transformation with the spatial cue and regularize its magnitude to avoid198

corrupting the pretrained action distribution.199

3.4 Implementation Details200

Training. We train the adapter on the same demonstrations used to learn the flow-matching policy,201

supplemented with ground-truth spatial cues for target-location supervision. The adapter is imple-202

mented as a lightweight sidecar to the action expert, modulating generated action chunks while203

keeping the base policy frozen. We also evaluated LoRA [38] on the action expert as an alternative204

for learning cue-conditioned action transformations. In our low-data setting, LoRA tended to overfit205

to the training cue–action pairs, likely because its updates are directly coupled to the action-expert206

representations, and did not yield robust cue-steering behavior.207

Deployment. During deployment, the adapter uses the same residual cue formulation as in training:208

it takes both the System 2 heatmap ht and a zero heatmap 0, and predicts the modulation terms from209

their residual cue feature. For efficiency, the adapter adds about 0.02% parameters relative to the base210

policy and introduces negligible latency. System 2 is also invoked once at the beginning of each task211

rollout, unless substantial scene changes require the spatial cue to be recomputed.212
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Method Tabletop Mobile Base

Setting I Setting II Setting III Average Setting I Setting II Setting III Average

Base [14] 70.8 45.8 0.0 38.9 33.3 50.0 8.3 30.5
Base-L [14] 37.5 8.3 29.2 25.0 8.3 0.0 8.3 5.5
MOKA [7] 20.8 25.0 8.3 18.0 16.7 8.3 0.0 8.3
VP-VLA [9] 58.3 45.8 4.2 36.1 58.3 66.7 8.3 44.4

Ours 83.3 66.7 66.7 72.2 83.3 66.7 41.7 63.9

Table 2: Success rates (%) comparison under tabletop and mobile-base conditions across
three settings. (I) seen objects with paraphrased instructions, (II) unseen objects with in-domain
instructions, and (III) unseen objects with novel instructions. Best results in each column are bolded.

4 Experiments213

4.1 Experimental Setup214

Pipeline. For policy adaptation, we collect 80 demonstration trajectories using two training objects,215

a black bag and a plastic bag, without any label tags. We fine-tune π0.5 [14] on this dataset with216

a standard training recipe and use the resulting model as the base policy for our method. During217

deployment, we use Qwen3-VL-2B [39] and SAM2.1 [36, 37] as the grounding module. These218

model choices allow the full pipeline to run simultaneously on a single RTX 5080 GPU, with the219

VLA operating continuously at 15,Hz. Experiments are conducted with a 6-DoF robotic arm and a220

wheeled dog robot, which provides vibration robustness and flexible hardware integration.221

Evaluation. We evaluate under three settings. I. Seen objects with paraphrased language uses222

objects from the fine-tuning dataset with perturbed prompts. II. Unseen objects with in-domain223

language uses target objects absent from the collected trajectories, while keeping object names within224

the pretrained π0.5 vocabulary, such as “red bag”. III. Unseen objects with novel language further225

introduces novel referring expressions, such as “bag with order number 1”, representing the most226

challenging setting. For each task, we curate six prompts and two spatial configurations. Each prompt227

is generated from a compositional template, such as “<grasp-action> <target-object> and228

<place-action> into the box,” where the grasping action, target object, and placing action vary229

across trials. The placement location is fixed, since delivery tasks can use a deterministic handover or230

drop-off location. Because all training demonstrations are collected on tabletop, deployment on the231

mobile base introduces an additional shift in viewpoint and scene geometry. Task success is measured232

as a binary outcome indicating whether the robot correctly completes the user instruction. The full233

set of evaluation tasks, prompts, and spatial configurations is provided in the supplementary material.234

Baselines. We compare our method against the following baselines:235

• Base [14]. We fine-tune pretrained π0.5 on our demonstrations using one fixed language prompt236

per task, corresponding to a standard single-VLA setting.237

• Base-L. We fine-tune pretrained π0.5 with multiple language prompts per trajectory, using the238

same paraphrased prompts as in Setting I. This aligns the training prompt distribution more closely239

with the evaluation prompts and tests whether language augmentation improves generalization.240

• MOKA [7]. MOKA represents a dual-system approach with a high-level planner and a geometric241

low-level controller. It relies on the planner to produce accurate 2D keypoints and waypoints as242

affordance representations, which are then deprojected into 3D space for controller execution.243

• VP-VLA [9]. VP-VLA is also a dual-system approach that uses a VLA as the controller interface.244

Unlike our method, it injects the generated visual prompt as additional policy input and trains the245

VLA with an auxiliary grounding objective to focus on the prompted region.246

4.2 Results247

Quantitative results. Table 2 summarizes the quantitative results. Moving the robot arm from248

a stable tabletop setup to a mobile base degrades performance for all methods, due to changes249
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Order #1

Order #2

Base VP-VLA Ours

SuccessOscillation

Wrong target

Untargeted

Untargeted Success

Target cue

Figure 3: Qualitative rollouts under the unseen-object with novel-language setting (Setting III).
The leftmost column shows the System 2 spatial cue, where the red heatmap indicates the target
object. For each method, two temporal keyframes are shown. The Base policy produces untargeted
behavior, while VP-VLA either oscillates or reaches the wrong object. Our method follows the spatial
cue and successfully manipulates the specified target in both task examples.

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

Figure 4: Extension to a complete delivery pipeline. We show example rollouts that combine
manual navigation with autonomous manipulation. The red heatmap indicates the correctly grounded
target object. After the mobile base is manually navigated to the workspace, our policy performs
autonomous cue-conditioned manipulation to complete the task.

in viewpoint and base instability. resembling real-world delivery and often producing near-zero250

success for several baselines. The Base policy performs well on in-domain tasks and shows some251

generalization to object-level out-of-domain cases. We attribute this to the pretrained VLA prior,252

where the relevant visual-language patterns are likely represented in large-scale pretraining data.253

However, this prior is insufficient when both the target object and the referring expression are out of254

distribution. For Base-L, adding diverse language prompts during fine-tuning introduces a tradeoff: it255

reduces in-domain success but improves over Base on object-language-level out-of-domain tasks.256

Yet, we observe that this gain mainly comes from a biased motion trajectory that occasionally reaches257

the correct target, rather than from reliable language-conditioned grounding.258

For the dual-system baselines, MOKA fails when the System 2 planner produces inaccurate visual259

prompts. This reflects the difficulty of generating dense spatial guidance for the full execution260

trajectory from a high-level planner alone. In our setup, the challenge is further amplified by the261

camera configuration: the forward-facing camera observes a relatively large workspace with the robot262

also in view, increasing perspective variation and visual clutter, and making accurate localization263

more difficult. VP-VLA performs comparably to the Base policy in Settings I and II, but still struggles264

in Setting III. This suggests that auxiliary grounding supervision alone does not reliably align the265

generated action trajectory with the visual prompt under stronger distribution shifts. In contrast, our266

method achieves better performance across all settings. We attribute this improvement to two design267

choices: our framework requires only sparse spatial cues from System 2, which are easier to obtain268

than full trajectory-level reasoning; and the learned adapter uses these cues to steer the frozen policy269

output while preserving the pretrained VLA prior and fine-tuned manipulation skill.270

Qualitative results. Figure 3 compares qualitative rollouts in the unseen-object with novel-language271

setting on the mobile base. The Base policy produces untargeted trajectories, often reaching toward272

both bags on the shelf. VP-VLA shows stronger visual conditioning, but still lacks stable cue–action273

alignment, leading to oscillatory behavior or reaching toward the wrong object. This indicates that274

visual-prompt conditioning alone provides limited improvement under this stronger distribution shift275

and may also degrade manipulation stability. In contrast, our method consistently guides the frozen276

policy toward the specified target and enables successful manipulation. Figure 4 further demonstrates277
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Figure 6: Reactivity to dynamically moving objects.

that the cue-conditioned manipulation skill transfers across diverse scenes. The policy remains robust278

to environmental changes during execution and can be integrated with mobile-base navigation. Full279

video demonstrations and policy execution details are provided in the supplementary material.280

4.3 Analysis281

Component effectiveness. Figure 5 evaluates the effectiveness of the proposed learning components282

by comparing their performance under Setting III. Training the adapter only with the flow-matching283

loss and spatial cue features yields limited gains, indicating that cue conditioning alone is insufficient.284

Adding the spatial and residual contrastive losses consistently improves performance, confirming the285

importance of learning cue representations that are both spatially discriminative and salient.286

Effect of spatial cue format. We further study the effect of different spatial cue formats. In addition287

to the soft Gaussian heatmap, we evaluate a binary target mask, defined as a segmentation silhouette288

at patch resolution, and an axis-aligned bounding box, which captures coarse object extent. The289

Gaussian heatmap and binary mask yield similar behavior and performance, indicating that localized290

target cues are sufficient for effective steering. In contrast, the bounding box performs worse, likely291

because its coarse boundaries can direct the robot toward invalid or non-manipulable object regions.292

This suggests that fine-grained spatial cues are more effective than the coarse box-level one.293

Reactivity to dynamically changing environments. Figure 6 demonstrates the benefit of using a294

large-scale VLA as the System 1 controller by perturbing the target object’s position during execution.295

With the spatial cue grounded only once at the beginning of the rollout, our method still reacts to296

environmental changes without re-querying the high-level planner. This reactivity is inherited from297

the underlying VLA and preserved by our adapter, highlighting an advantage over conventional298

geometric controllers that rely on fixed trajectories or repeated replanning.299

5 Conclusion300

We introduced a spatial-cue-steered dual-system framework for open-world delivery manipulation.301

By replacing the geometric low-level controller with a pretrained flow-matching VLA, our framework302

improves robustness to visual perturbations and reactivity to dynamic environments. It converts303

System 2 outputs into action-steering signals via a lightweight adapter while keeping the VLA304

frozen, preserving its manipulation prior and improving generalization to novel language–object305

mappings. Across tabletop and mobile manipulation evaluations, our method improves in-domain306

and out-of-domain performance with negligible additional inference cost, showing that spatial-cue307

steering provides a practical interface between open-vocabulary grounding and reactive VLA control.308

6 Limitations309

Our method depends on the underlying flow-matching policy and remains sensitive to out-of-310

distribution affordance regions and object positions, constraining the mobile base’s stopping location311

and orientation relative to the target. Future work will address more complex delivery scenarios,312

including human interaction and handover, item selection from densely clustered bags, and tighter313

integration with navigation policies to improve manipulation reliability.314
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A Method Details446

A.1 MOKA447

MOKA was originally designed for tabletop manipulation with top-down observations and 2D planar448

affordance prediction, which does not directly match our third-person shelf-picking setting with449

deformable bag objects and non-planar interactions. Rather than fully re-engineering MOKA for450

this domain, we evaluate its high-level planning capability under an oracle execution assumption: a451

prediction is considered successful if the generated 2D affordance points correspond to semantically452

correct and physically feasible interaction locations.453

For consistency across methods, we standardize the perception stack with Qwen3-VL [39] and454

SAM2.1 [36], and adapt the prompting strategy to our shelf-manipulation tasks. We also evaluate455

MOKA under its 3-shot in-context configuration, corresponding to the strongest setting reported in the456

original work. Despite these adaptations and the oracle execution assumption, performance remains457

limited due to target misclassification, incorrect grasp-point prediction, and infeasible proposed458

motions. These results indicate that MOKA’s 2D affordance representation has limited transferability459

to our shelf-based delivery manipulation setting.460

A.2 VP-VLA461

The original VP-VLA method is designed for autoregressive VLAs and is not directly formulated for462

flow-matching policies. We adapt its visual-prompting mechanism by providing the generated visual463

prompt as an additional visual input to the VLA and training the policy with auxiliary grounding464

supervision. This baseline differs from our method primarily in how the System 2 visual signal is465

used: VP-VLA treats it as an input-level prompt, whereas our method converts the spatial cue into an466

action-steering signal that modulates the frozen policy output. For consistency across methods, we467

use the same perception stack with Qwen3-VL [39] and SAM2.1 [36].468

A.3 Ours469

We rewrite each user instruction into a standardized command format compatible with the VLA’s470

training distribution, removing task-irrelevant details while keeping the target specification. For471

demonstrations involving mobile navigation, we divide execution into three stages. First, the mobile472

base remains stationary while the robot arm performs autonomous manipulation. Once the gripper473

grasps the target object, policy inference is paused and a hard-coded arm motion moves the object to474

a predefined holding pose for stable transport. The grasping moment is detected when the gripper jaw475

width falls below a fixed threshold. Second, we manually teleoperate or use map-based autonomous476

navigation to guide the mobile base toward the target placement location. Third, policy inference is477

resumed to allow the robot to autonomously complete the placement stage. The demonstrations are478

recorded in both indoor and outdoor environments, with diverse backgrounds and lighting conditions.479

We observe that policy performance and steering effectiveness decrease under these out-of-domain480

conditions, but the model still shows a consistent steering trend and retains the ability to identify481

target objects and complete the tasks.482

B Experiment Details483

B.1 Hardware Setup484

Our experimental platform consists of a DEEP Robotics Lynx M20 Pro wheeled quadruped integrated485

with an AgileX Robotics PiPER robotic arm. We use a Stereolabs ZED 2 stereo camera for the486

third-person view and an Intel RealSense D435i depth camera as a wrist-mounted camera on the487

manipulator, although depth and stereo measurements are not used in this paper. A Jetson AGX488

Orin mounted on the robot coordinates communication between the robot hardware and a remote489

workstation running the policy on an RTX 5080 GPU. For outdoor experiments, network access is490
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provided by USB tethering the Jetson to a mobile phone, which serves as a 5G uplink. The final491

hardware layout is shown in Figure 7.

Wrist camera

Third-view
camera

LYNX M20

Jetson AGX Orin

Agilex PiPER

5G uplink

Figure 7: Robot hardware setup.
492

The Jetson AGX Orin serves as a lightweight communication bridge rather than an inference device.493

It captures both camera streams and transmits them to the remote workstation through local network494

communication. The workstation receives the video streams, runs the policy, and sends action495

commands back through the same network path to the Jetson, which forwards them to the robot arm.496

This setup incurs approximately 80ms round-trip latency, modestly higher than wired operation.497

B.2 Evaluation Setup498

To evaluate robustness to linguistic variation and compositional generalization, we construct a fixed499

set of prompt templates covering the three evaluation settings described in the main paper. Prompts are500

generated compositionally by varying grasp verbs, object descriptors, and placement phrasing while501

preserving the same underlying pick-and-place task semantics. Representative prompt templates are502

shown in Table 3.503

In addition to language variation, we evaluate robustness under diverse spatial configurations and504

object layouts. Figure 8 shows representative scenes from each evaluation setting. Across config-505

urations, we vary object placement, relative spacing, distractor positions, and camera viewpoints506

while preserving the same high-level pick-and-place objective. The seen-object setting reuses train-507

ing objects in novel arrangements, whereas the unseen-object settings introduce novel targets and508

increasingly challenging referring expressions. All configurations are held fixed across compared509

methods to ensure consistent evaluation conditions.510
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Evaluation Setting Prompt Templates

Setting I & II Pick the <descriptor> bag and put it into the box
Grab <descriptor> bag and place it in the box
Take the <descriptor> bag and drop it into the box
Move the <descriptor> bag into the box
Put <descriptor> bag into the box
Place the <descriptor> bag in the box

Setting III Put bag with order number <value> into the box
Grab bag with number <value> into the box
Pick order number <value> bag and place it into the box

Table 3: List of prompts used for evaluation. For seen-object evaluations, <descriptor> refers
to objects observed during training, i.e., “black” or “plastic.” For unseen-object evaluations, it refers
to novel descriptors such as “brown” or “red.” In the novel-language setting, <value> denotes
ordinal identifiers, i.e., 1, 2, or 3, used to evaluate compositional reference grounding under previously
unseen instruction patterns.

Config 0 Config 1 Config 2 Config 3

Se
tti

ng
 I

Se
tti

ng
 II

Se
tti

ng
 II

I

Figure 8: Representative evaluation configurations across the three experimental settings. Rows
correspond to the evaluation regimes described in the main paper: Setting I uses seen objects with
paraphrased language, Setting II uses unseen objects with known language, and Setting III uses
unseen objects with novel language. Columns show different spatial layouts used during evaluation,
varying object placement, distractor arrangement, and scene geometry. In Setting I, Configurations 0–
1 correspond to the black-bag task, while Configurations 2–3 correspond to the plastic-bag task. All
methods are evaluated on the same prompts and spatial configurations.

C Additional Results511

Figure 9 provides additional visual comparisons, where the red heatmap indicates the correctly512

grounded target object. Under the same spatial object layouts, our method consistently steers the513

policy toward the spatial cue across all three evaluation settings. We observe that the policy often514

produces similar actions in the early execution steps, but as the end-effector approaches the objects,515

the generated trajectory is progressively redirected toward the cued target.516
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Setting I

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6
Setting II

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

t=1 t=2 t=3 t=4 t=5 t=6

Setting III

Figure 9: Example demonstrations of policy steering across the three evaluation settings. The
red heatmap indicates the correctly grounded target object.

D Failure Cases517

Our method can fail in two scenarios. First, it cannot recover when the underlying manipulation prior518

is unreliable. Noisy rollouts, accumulated execution errors, or environmental changes can still cause519

the frozen policy to deviate from a feasible manipulation trajectory. Second, the steering strength is520

applied consistently throughout the rollout, which can over-modulate the policy output when precise521

actions are required. This may lead to manipulation errors such as overshooting or unstable grasping.522
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E Video Demonstrations523

The supplementary material includes a paper overview video and the corresponding full policy rollout524

demonstrations.525
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