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Abstract—Developing generalizable robotic policies that bal-
ance inference efficiency, manipulation accuracy, and robustness
remains a formidable challenge. Existing vision-language-action
models demand prohibitive data scales, while keyframe-based
approaches struggle to reconcile the expressivity of generative
models with the latency of iterative sampling. To address this
trilemma, we present Flow2Act, a unified framework that inte-
grates agglomerative perception with a deterministic one-step
generative policy. Unlike prior methods relying on separate
semantic encoders or iterative diffusion processes, our approach
introduces three key innovations. First, we employ an agglomer-
ative multi-teacher visual backbone that distills complementary
strengths from diverse foundation models, capturing semantics,
spatial structure, and segmentation to yield robust representa-
tions without task-specific pretraining. Second, we propose a
conditional MeanFlow policy that parameterizes the interval-
averaged velocity field. This formulation enables genuine single-
step action generation, eliminating the discretization errors and
computational overhead inherent in ODE-based flow matching.
Third, we devise a curriculum region-aware mechanism via
a Spatial-Grounded State Space Model, which progressively
shifts attention from global flow stability to fine-grained con-
tact precision. We evaluate Flow2Act on challenging simulation
benchmarks and real-world robotic tasks, demonstrating signifi-
cant gains in policy performance, robustness to environmental
perturbations, and cross-task real-world applicability. Videos,
code and more details are available at project page.

Index Terms—Generalizable Robot Manipulation, Average Ve-
locity Field, Region-Aware Perception.

I. INTRODUCTION

OBOTIC manipulation demands agents that generalize
across objects and scenes while generating low-latency
and accurate actions under realistic visual variability [1]-[5].
Developing such agents remains challenging, as it requires
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reasoning over multimodal observations, including visual per-
ception, 3D spatial structure, and language instructions [6],
[7]. These must be integrated into high-dimensional, physically
plausible control outputs, often under limited supervision and
in the presence of environmental variability.

Language-conditioned visuomotor policy learning has two
dominant paradigms. The first paradigm is the end-to-end
vision-language-action (VLA) model [8]-[14], which directly
maps raw observations and instructions to low-level robot ac-
tions via a unified network. These VLA models are conceptu-
ally simple and demonstrate strong adaptability across diverse
tasks and modalities by jointly learning the entire perception-
to-action mapping. However, their primary limitation lies in
the heavy reliance on large-scale training data, which typically
requires tens of thousands of human demonstrations or robot
interactions across hundreds of tasks [15], [16]. Collecting
such large-scale datasets is costly and time-consuming, posing
a significant barrier to real-world deployment.

The second paradigm adopts a keyframe-based strategy,
predicting high-level end-effector poses for execution via a
motion planner [17]. This strategy drastically reduces data
requirements, while enabling complex manipulation behav-
iors [18]-[20]. Despite this progress, existing keyframe meth-
ods face a persistent, critical limitation: Robotic policies strug-
gle to balance generalization, efficiency, and accuracy within
a single unified framework, as improving one aspect often
compromises the others. In response, we propose Flow2Act, a
unified framework to tackle these trade-offs.

Generalization to Novel Scenes. A prevalent strategy for
enhancing model generalization involves scaling training data.
Recent research has expanded demonstration datasets through
simulation, domain randomization, or large scale pretraining
across diverse environments, yielding improved in distribution
robustness [9], [21]-[24]. Nevertheless, robot data collection
remains inherently time consuming and expensive. Even with
extensive augmentation strategies, comprehensively covering
the long tail distribution of variations in geometry, materials,
lighting conditions, and occlusion patterns remains practically
infeasible. An alternative approach leverages representation
learning, utilizing pretrained visual models to extract transfer-
able features before adapting them to manipulation tasks [19],
[25], [26]. However, conventional 2D pretraining objectives,
such as contrastive learning and masked image modeling,
often lack sensitivity to contact scale geometry and occlusion
dynamics critical for robotic manipulation. Guided by these
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Fig. 1. Architectural comparison of perceptual encoders and policy networks. Left: 2D-only perception lacks critical 3D reasoning for manipulation,
while 3D-enhanced methods (e.g., RGB-D, point cloud and voxel) are constrained to global scene understanding; our region-aware schedule enables fine-
grained, adaptive spatial perception. Right: Discrete action policies lack precision for manipulation, while diffusion and flow-based methods both learn
invertible transformations to map prior Gaussian noise samples into the target action distribution. Diffusion-based approaches require iterative denoising steps
to gradually refine noise into valid actions, whereas our MeanFlow framework directly learns a single-step mapping from noise to continuous actions. This
unified policy network achieves higher computational efficiency and improved manipulation accuracy.

observations, our methodology avoids additional task specific
pretraining of the visual backbone. Instead, we adopt a multi
teacher agglomerative vision architecture as a unified encoder,
effectively distilling complementary strengths from foundation
models in semantic understanding, spatial reasoning, and
scene segmentation [27]. This integration yields visual fea-
tures exhibiting enhanced robustness under distribution shift
while preserving contact level spatial detail. The architecture
maintains computational efficiency during inference, providing
a stronger foundation for our keyframe policy representation
and one step action generation framework.

From Iterative Sampling to One-step Action Genera-
tion. A fundamental challenge in robotic policy design lies
in balancing expressiveness with computational efficiency.
Explicit methods discretize the action space into grids or
value maps [28]—-[31], enabling fast one-step prediction but
suffering from quantization errors and poor scalability. In con-
trast, implicit generative models learn continuous, observation
conditioned action distributions. In particular, diffusion models
have become prominent in robotics due to their ability to
represent complex, multimodal action distributions through
iterative denoising [32]-[38]. However, diffusion models are
inherently slow, each action requires tens or even hundreds of
iterative denoising steps, making inference orders of magni-
tude slower than an explicit one-step prediction [39], [40]. To
overcome the inefficiency of diffusion-based policies, recent
approaches have proposed flow-based policies that perform
deterministic action generation by integrating an ordinary
differential equation (ODE) guided by a learned velocity
field that continuously transports the noise distribution to the
target action distribution [41]-[46]. Concretely, flow-based
policies generate keyframes by transporting noise along prob-
ability flow paths, where the learned vector field captures
multimodal action distributions. However, they often rely on
explicit consistency constraints or numerical ODE solvers,
which introduce structural limitations and can accumulate
discretization error—especially under coarse integration steps.
In this work, we reparameterize policy dynamics using the

average velocity field over a time interval, making consistency
an inherent property of the true field and eliminating the need
for explicit constraints. This enables a closed-form, single-step
update: a single forward pass maps a noise input directly to
the target action keyframe, preserving accuracy while avoiding
numerical errors from iterative ODE integration.

Curriculum Region-Aware Learning. Implicit policies op-
erate in a latent space only loosely anchored to perception; the
mapping from scene evidence to precise, contact-scale motions
must be inferred from data, prolonging training. Without an
explicit mechanism to localize task-relevant regions, capacity
is dispersed over the full scene and fine details (e.g., peg—hole
alignment) are under-emphasized [18], [34], [47]. To address
this gap, we design a region-aware flow policy with a simple
curriculum learning. The model first learns a stable global flow.
Once the velocity field is reliable, region awareness is activated
to concentrate capacity on likely contact neighborhoods. This
global-to-local schedule allows the generative flow to surface
task-relevant areas and to recondition inference on high-
resolution evidence while preserving single-step generation.
The result is a tighter alignment between perception and action
at the point of contact, which improves orientation control and
accuracy under clutter and occlusion without extra model size
or inference cost.

To this end, we introduce Flow2Act, a keyframe policy that
co-designs perception and action by coupling an agglomerative
multi-teacher visual backbone [27] with a single-step genera-
tive keyframe model in continuous, spatially grounded in the
scene feature field. This pairing retains the spatial grounding
of explicit maps and the expressivity of implicit models
while removing their main bottlenecks, namely exponential
discretization and multi-step sampling. Flow2Act delivers
fixed-budget, real-time inference and contact-level precision,
and exhibits strong transfer to unseen objects and scenes.
Extensive experiments on RLBench [48] and Colosseum [49]
show that the proposed method improves performance in
both in-distribution and out-of-distribution settings. The model
demonstrates better generalization, superior sample efficiency,
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and faster inference compared to prior works.

In summary, our work presents three contributions:

o We introduce Flow2Act, a novel framework that couples an
agglomerative visual backbone with a one-step generative
model in continuous SE(3), yielding spatially grounded ac-
tion prediction without discretization or iterative sampling.

« We reparameterize pose generation via interval-based trans-
port, learning an average velocity field over a finite time
horizon. This formulation intrinsically enforces consistency,
enabling one-step inference while retaining the expressivity
of implicit generative models.

« We propose a curriculum region-aware scheduling that first
learns a stable average velocity field and then concentrates
capacity on likely contact neighborhoods, improving orien-
tation control and robustness under clutter and occlusion.

This paper extends our previous conference paper [41], and
the new major contributions include:

o The incorporation of a vision foundation model [27] in
place of CLIP, leading to improved robustness in realistic
manipulation benchmarks with severe domain shifts.

o The introduction of a one-step action generation mechanism
that improves inference efficiency and eliminates the need
for ODE-based integration.

o The replacement of the region-aware fusion backbone with
a stronger Mamba-2 [50] module that improves sequence
modeling and multimodal alignment.

e A curriculum-guided region-aware learning strategy that
progressively shifts attention from global scene understand-
ing to contact-critical regions, stabilizing training and en-
hancing fine-grained manipulation accuracy.

« Additional experiments on the Colosseum benchmark [49]
and new ablation studies are conducted to validate the
effectiveness of each component.

The rest of the paper is organized as follows. Section II
briefly reviews related work on robotic manipulation. Sub-
sequently, we present the technical details of the proposed
method in Section III. The experimental results are presented
in Section IV. Finally, we conclude this paper in Section V.

II. RELATED WORK
A. Visual Representations for Robotic Manipulation

Visual representation quality fundamentally determines the
generalization capability of robotic manipulation policies.
Early visuomotor approaches employed end-to-end convolu-
tional architectures that processed raw RGB inputs directly
[51]-[53]. While effective in constrained settings, such rep-
resentations exhibit high sensitivity to texture variations, illu-
mination changes, and background clutter, resulting in poor
generalization to novel objects and unseen environments. The
emergence of large vision-language models, particularly CLIP
[54], marked a significant advancement. Works [18], [20], [55]
demonstrated that integrating CLIP’s semantic features with
policy learning enables zero-shot generalization to previously
unobserved objects. This capability allows robots to execute
open-vocabulary instructions by grounding language in visual
percepts. Nevertheless, CLIP and its successors [54], [56]
prioritize image-level semantic alignment at the expense of

spatial precision. These models lack sensitivity to contact-
scale geometry and fine-grained structural details, which are
crucial for high-accuracy manipulation tasks involving object
parts such as handles, edges, or apertures. Subsequent re-
search addressed this limitation through two complementary
pathways. Self-supervised models [57], [58] provide dense
spatial correspondences and implicit 3D shape priors, while
segmentation foundation models [59] deliver pixel-accurate
object masks essential for grasp localization. Contemporary
Vision-Language-Action model consequently adopts multi-
encoder architectures that concurrently process features from
semantic, structural, and segmentation models [60], [61]. This
strategy captures complementary visual signals but introduces
substantial computational overhead during inference, impeding
real-time deployment on robotic platforms.

Our approach leverages an agglomerative vision foundation
model [27], a unified framework distilled from multiple pre-
trained teacher models, including CLIP for semantic under-
standing, DINO [57] for dense spatial features, and SAM [59]
for precise segmentation, enabling high-quality, multi-aspect
visual representations in a single, efficient forward pass.

B. Flow Matching for Policy Learning

Diffusion-based visuomotor policies model action distri-
bution through iterative denoising and have achieved strong
performance across manipulation benchmarks [62]-[66]. Dif-
fusion Policy [34] established that action diffusion enables
flexible multi-modal prediction from visual observations, in-
spiring several extensions that emphasize spatial reasoning,
including DP3 [67], HDP [35], ChainedDiffuser [37], and 3D
Diffuser Actor [47]. Despite their effectiveness, diffusion mod-
els inevitably require multiple denoising steps at inference,
which introduces latency and limits their applicability for real-
time closed-loop control.

Flow-based approaches provide a more efficient alternative
by learning deterministic transport mappings from noise to
actions. Flow Matching and Rectified Flow [65], [68]-[70]
regress velocity fields associated with straight-line probabil-
ity paths and enable simpler training objectives than diffu-
sion. Their conditional variants have shown promising re-
sults in imitation and reinforcement learning [43], [46], [71].
In robotic control, methods such as AdaFlow [43], mo [9]
and FlowRAM [41] reduce sampling steps by solving state-
conditioned flows, yet still rely on numerical ODE integration
or require explicit consistency constraints to approximate one-
step sampling. Consequently, their efficiency and stability
remain tied to discretization quality.

The recently proposed MeanFlow paradigm [72] advances
this line of research by replacing instantaneous velocity re-
gression with the learning of interval-averaged velocities, en-
abling deterministic generation in a single network evaluation
without ODE solvers or architectural constraints. MeanFlow
has demonstrated high sample quality while providing gen-
uine one-step inference, making it particularly suitable for
time-critical control. Building on this insight, we adopt a
conditional MeanFlow objective to realize one-step keyframe
action generation directly from rich visuomotor observations,
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achieving real-time inference while preserving the expressivity
of continuous generative modeling.

C. Coordinating Perception and Policy

A longstanding challenge in visuomotor learning is the
tight coupling between perception and action generation. High-
level semantic understanding is essential for identifying task-
relevant objects and affordances, while fine-grained spatial
cues are required for accurate contact interactions and pose
alignment. Prior works often address these two dimensions
separately, leading to mismatches between what the percep-
tion module extracts and what the policy actually requires
for precise control [8], [11], [60]. Several perception-driven
frameworks improve visuomotor policies by enhancing vi-
sual representations. Vision foundation models such as CLIP-
based encoders, DINO-style features, and language-grounded
visual backbones have been shown to provide strong semantic
priors that improve generalization across unseen objects and
scenes [18], [35]. Meanwhile, 3D-centric architectures, such
as voxel-based systems [18], point-based transformers [20],
[73], and Gaussian-based spatial models [74], provide the
high spatial fidelity needed for precise placement, grasping,
and tool use. However, enhanced perception alone is insuffi-
cient when the policy module exhibits temporal instability or
generates trajectories sensitive to local uncertainties. On the
policy side, generative visuomotor models such as diffusion
policies [34], [67] and flow-based formulations [41], [43]
attempt to integrate perception by conditioning visual features
into the denoising or flow transport process. While effective,
these methods often assume that perceptual features are stable
throughout training. In practice, unstable vector fields in early
training stages may amplify irrelevant visual cues, leading
to inaccurate keyframe proposals or degraded convergence.
Recent works on region-aware or coarse-to-fine perception
strategies [41], [75], [76] show that spatial selectivity is
essential for bridging semantic context and spatial precision,
but they require careful synchronization with the underlying
policy dynamics. These studies collectively highlight that
perception and policy cannot be optimized in isolation: visual
features must evolve in tandem with the generative dynamics
of the action model, and spatial selectivity must align with the
stability of the underlying flow or diffusion process.

In this work, we build upon these insights and develop
a coordinated framework that couples a task-aware visual
encoder with a MeanFlow-based policy and a curriculum
region-aware mechanism, ensuring that perceptual refinement
and policy stabilization progress in a mutually consistent
manner.

III. METHODOLOGY
A. Preliminaries: Rectified Flow

Rectified Flow [32], [68] is a family of generative models
that learn a continuous-time velocity field to transport a
source distribution 7 to a target distribution 7;. Formally, a
latent variable z; evolves according to an ordinary differential
equation (ODE):

dzy = vg(z,t)dt, t€[0,1], (1)

where vy (z¢,t) denotes the instantaneous velocity field param-
eterized by a neural network. Given paired samples (x, 1)
with g ~ my and 1 ~ 71, the intermediate latent is typically
constructed via linear interpolation, z; = (1 — t)xo + tx1,
and the corresponding ground-truth instantaneous velocity is
defined as:

dz;
dt
The training objective minimizes the MSE between the pre-
dicted velocity field and the ground-truth velocity:

v(zy,t) = =x; — xg. 2)

argmvienIEt’(moyml) [||v9(zt,t) — 'u(zt,t)Hz} , 3)

where ¢ ~ Uniform([0, 1]). This regression objective encour-
ages the model to approximate the underlying instantaneous
velocity field along rectified flow paths. Once trained, samples
are generated using the Euler method [65] with step size
At = 1/N, where N is the number of time discretization
steps from¢t =0tot = 1:

Z?t—‘,-At = ,?t't —+ 'Ug(ﬁt, t)At (4)

With the optimized vy serving as a velocity field that drives
the flow along nearly straight paths, Rectified Flow connects
two distributions efficiently, allowing for high-quality genera-
tion with few discretization steps. In summary, the Rectified
Flow framework provides an elegant formulation that closely
approximates optimal transport.

B. Problem Definition

We consider the problem of multi-task robotic control,
where a robot interprets visual observations and natural lan-
guage instructions to generate executable actions. At each
discrete time step t, the robot receives a visual input o; and
an instruction [, and produces an action:

ag :‘F(Ot7l;9)7 (5)

where F denotes the policy mapping multimodal inputs to
executable actions. The goal is to learn a generalizable policy
that can perform diverse manipulation tasks across different
scenes and linguistic conditions. Following previous arts [18],
[20], [47], the training data consist of expert demonstra-
tions D = (Q,li)ij\g, where each trajectory {oi,ai}ﬁ\gl is
represented as a sequence of keyframes capturing critical
intermediate poses of end-effector. Each keyframe action is
formatted as:

a = {apos S ]Rga Aot € SO(S); Qopen S {07 1}}7 (6)

where apos and ay, denote the position and rotation of the
end-effector, and aope, indicates the binary gripper state. A
continuous 6D rotation representation is adopted to avoid
quaternion discontinuities [41], [47]. During execution, the
policy operates iteratively: (1) predicting the next action a;
conditioned on (oy,1); (2) executing the motion toward the
target keyframe pose 7} using a sampling-based planner; and
(3) updating the observation until task completion or reaching
a maximum step Spax. This formulation unifies imitation
learning and keyframe-based control, enabling scalable policy
learning across diverse manipulation tasks.
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Fig. 2. Overview of the Flow2Act framework. The architecture unifies a multi-view perception module, a Spatial-Grounded State Space Duality, and a one-
step policy head. Processing language instruction [ and multiview RGB-D observations, the framework derives dense semantic encodings via an agglomerative
vision foundation model alongside spatial tokens from a point encoder using curriculum region aware learning with a dynamic radius schedule. Stacked
parallel Mamba blocks fuse these multimodal tokens to capture spatiotemporal dependencies. Subsequently, the one-step policy employs average velocity flow

matching to synthesize precise robot actions a; from initial noise €q.

C. Agglomerative Visual Perception

Robust robotic manipulation necessitates the synergistic
integration of high-level semantic understanding and pre-
cise low-level spatial grounding. Formally, we denote the
extracted semantic and spatial representations as F'i,, and
F,,, respectively. Existing frameworks typically adhere to a
modality-decoupled paradigm, utilizing independent encoders,
such as CLIP [54] for F's,, and point cloud encoder [77]
for Fp,. However, this separation often incurs substantial
computational overhead and results in feature misalignment.

A pivotal challenge in generalizable robotic manipulation
lies in the effective fusion of high-level semantic intent with
low-level spatial constraints. Prevalent vision modules typi-
cally adhere to a modality-decoupled paradigm [60], [61], [78],
employing an ensemble of specialized vision transformers
processed in parallel, such as DINOv2 [57] for capturing dense
spatial correspondences and SigLIP [56] for extracting rich
semantic features. While effective in retrieving complemen-
tary information, this approach incurs substantial computa-
tional overhead due to the concurrent execution of multiple
heavy backbones. Furthermore, it results in fragmented feature
spaces that complicate downstream multimodal fusion.

To address these limitations, we integrate an agglomerative
vision foundation model into our framework. Specifically, we
leverage the RADIO architecture [27], which is engineered to
distill the distinct capabilities of multiple pretrained teacher
models, including CLIP [54], DINOv2, and SAM [59] into a
unified student network. This unified formulation enables the
extraction of state-of-the-art feature representations in a single

forward pass, significantly enhancing inference efficiency.
Crucially, the model inherits versatile capabilities from its
teachers, such as zero-shot classification and open-set instance
segmentation, with negligible architectural overhead [79], [80].

We empirically analyze the quality of these representations
in Fig. 7. As illustrated by the PCA visualizations, standard
semantic encoders like CLIP exhibit significant inconsistency
across varying camera viewpoints, which is detrimental to
spatial reasoning. Conversely, while DINOv3 [58] captures
geometry, it often fails to cleanly separate task-relevant fore-
grounds from background clutter. In contrast, the employed
agglomerative model demonstrates superior cross-view con-
sistency and precise foreground grounding. This robustness
against viewpoint shifts and background noise provides a criti-
cal perceptual foundation for precise manipulation in cluttered,
unstructured environments.

Formally, within our Flow2Act framework, we instantiate
the semantic and spatial representations as follows:

Semantic Features (F'sepn). We obtain F'y,, by projecting
the dense feature maps from the agglomerative backbone ®,g,.
Given input RGB images I, F'g, is defined as:

Fsem = (I)agg(I)a (7)

where F'ip, inherently encodes implicit 3D structural priors
distilled from the teacher models providing a spatially consis-
tent semantic anchor for the policy.

Spatial Features (Fsq¢). Simultaneously, the spatial repre-
sentation F'y, is derived from the point cloud P. Crucially,
rather than employing a static encoding, the acquisition of



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

F,, is modulated by a Dynamic Radius Schedule (detailed
in Sec. III-F). This curriculum-driven mechanism adaptively
regulates the perceptual scope of the point encoder [77],
transitioning from global structural capture to fine-grained
contact-aware features [20], [41], [76]. This ensures that Fyy,
encodes the most task-relevant spatial constraints adaptive to
the policy’s learning phase.

D. Spatial-Grounded State Space Duality

For robotic manipulation requiring high precision, merely
concatenating multimodal features is insufficient; the policy
must effectively reason about the structural alignment between
the high-level semantic intent, the low-level geometric fea-
tures, and the robot’s physical state. We introduce the Spatial-
Grounded State Space Duality (SG-SSD), a sequence model-
ing backbone designed to fuse these heterogeneous modalities
while explicitly enforcing 3D spatial consistency.

Multimodal Sequence Construction. We first serialize the
multi-source observations into a unified token sequence. The
input sequence Fiypu € REXP is constructed by concatenating
the representations derived in Sec. III-C with other context
features:

Finpul = Concat(Fsema Fgeo» Fey, Fopen)a ®)

where Fep, and Fg, are the agglomerative semantic features
and adaptive geometric features, respectively. Crucially, each
geometric token f,, ; is intrinsically linked to a physical 3D
coordinate p, € R” in the robot’s workspace. F'ey and Fopen
denote linguistic and noise perturbed pose embeddings.

The Role of Spatial-Grounded Dynamics. Standard State
Space Models (SSMs) [81], particularly the recent Mamba-
2 architecture, introduce the Structured State Space Duality
(SSD) framework [50]. This paradigm enables efficient train-
ing via matrix transformations while retaining linear recurrent
inference. However, treating the input as a purely temporal
signal inherently discards the critical 3D spatial relationships
defining the manipulation environment. The objective of our
Spatial-Grounded design is to explicitly inject geometric struc-
ture into the state dynamics without breaking the hardware-
efficient attributes of the SSD algorithm. We leverage the
parallel block design of Mamba-2, where parameters are
projected at the start of the block. We modulate the input
stream x; by introducing a learnable spatial positional operator
®(p,). The discrete state update equation is reformulated as:

h;=Ah;,_ 1+ B;(x; + X - ®(p;)), &)

where A; and B; denote the discretized state transition and in-
put parameters, respectively. a; is the semantic feature of the ¢-
th token from F'i,py, and A is a learnable scalar that adaptively
weighs the influence of the spatial prior. This formulation
forces the latent state h; to evolve based on both sequence con-
tent and the physical location of the geometric feature. Even
when the sequence is arbitrarily ordered, this Spatial-Grounded
Injection ensures that the model’s dynamics maintain aware-
ness of the geometric context, thereby achieving robust cross-
modal alignment between the semantic, textual, and geometric
inputs. Crucially, by injecting spatial information directly into
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the input token @, rather than altering the recursive structure
of A;, our formulation remains mathematically compatible
with the efficient SSD matrix multiplication algorithm during
training.

Adaptive Cross-Modal Gating. To further enhance fusion
quality, we adopt the gated architecture inherent to Mamba-2
blocks. We leverage the parallel gating branch to dynamically
control information flow:

F o = Norm (SiLU(Finpu W) © y,) , (10)

where W, projects the input into the gating subspace, SiLU
is the activation function, and y, is the output of the spatial-
grounded SSD described in Eq. 9. The final Norm layer (e.g.,
RMSNorm) ensures training stability. This mechanism allows
the model to suppress noise from non-relevant modalities
while amplifying task-critical geometric details.

E. One-step Policy Learning

Policy Formulation as Conditional MeanFlow. In the
context of robotic policy learning, the objective is to learn a
conditional mapping from multimodal observations to future
actions. We formulate the policy as a conditional MeanFlow
model, which parameterizes an average velocity field to deter-
ministically transport a simple prior action distribution toward
the expert action distribution. Let a; ~ m; denote expert
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Algorithm 1 MeanFlow Policy Training in Euclidean Space

Require: D = {(0,!,a)}: Expert demonstrations
repeat
ag,o0,l ~D
ay ~ N(O, I)
r,t ~ Uniform[0, 1] with » < ¢
zt— (1—t)-ap+t-aq
V< a1 —ag

Ug v —(t—7) U
Ly < [[u — sg(ug)|?
00— HVQEMF

until Converged

Algorithm 2 One-step Action Generation
Require: o: observation, [: instruction
ap ~ N (0, I )
t+—1,r+0
o <+ wug(ay,rt,o,l)

ag+—a1—(t—r) -
return ag

actions and ag ~ my = N(0, I) denote actions drawn from a
standard Gaussian prior. A latent action z; is constructed via
linear interpolation: z; = (1 — t)ag + ta; where t € [0, 1].
This defines a continuous trajectory in the action space RY,
describing the transformation from the noisy prior to the expert
action distribution. The neural architecture implementing this
conditional mapping is illustrated in Fig. 3.

Average Velocity Field Modeling. Unlike conventional
Flow Matching which models instantaneous velocity, Mean-
Flow [72] learns the average velocity field ug(z¢,7,t, |c). The
ground-truth average velocity wu is defined as:

1 t
/ v(z,, 7)dT,

QY

U(Zt, r, t) = t—r
where v represents the instantaneous velocity field. Differen-
tiating over time yields the local relationship between them:

w(z 1) = vlzt) - (= 1) Gl )
This identity relates the average velocity to the instantaneous
velocity and its total time derivative, providing a principled
supervision signal without requiring numerical integration
during training.
During training, the network wg(z,7,t | ¢) is optimized to
satisfy Eq. 12. The loss function is defined as:

12)

Lur(0) = B rag.ar |[[wo(2ze, 7t | €) —sg(ug)l3], (13)

where sg(-) denotes the stop-gradient operator, which is es-
sential to avoid optimizing through the target’s Jacobian. The
target velocity g is computed as:

Uy = Uy — (t — 1) (V¢ - Vg + Orug) , (14)

where v; = a1 —ay, the term (v;-V  ug+0;up) represents the
total time derivative %u, efficiently computed via Jacobian-
Vector Products (JVP). The complete training procedure is
formalized in Algorithm 1.

Simultaneously, to govern the prediction of the discrete end-
effector state, we employ a binary cross-entropy objective,
parameterized by a separate MLP head:

£0pen(9) =-E [aopen log(dopen) + (1 - aopen) 10g(1 - CALopen)} ,

15)
where Ggpen and Gopen denote the ground-truth and predicted
probabilities of the gripper state, respectively. The total train-
ing objective is defined as the weighted sum of the meanflow
loss Lyir(6) and the gripper 1oss Lopen(6).

One-Step Deterministic Mapping. To generate an action
in the inference phase, we sample ag ~ my from the prior
and deterministically map it to the target expert action a;. By
setting the interval from r = 0 to ¢ = 1, the model performs
a single-step update:

a; = ag + uy(ag,0,1] c). (16)

This formulation enables the generation of high-fidelity
keyframe actions in a single forward pass, strictly adhering
to the physics of the learned average velocity field while
eliminating the latency of iterative ODE solvers. The inference
procedure is summarized in Algorithm 2.

FE. Curriculum Region-Aware Learning

While the Dynamic Radius Schedule (DRS) proposed in
FlowRAM [41] effectively balances global and local per-
ception during inference, directly applying it from the on-
set of training introduces a critical instability. In the early
training stages, the predicted velocity field wg is randomly
initialized, causing the noise-perturbed position p; to drift
far from the task-relevant region. Consequently, the region-
aware encoder is forced to attend to irrelevant spatial noise,
extracting misleading geometric features that further degrade
policy optimization.

To mitigate this perception-action misalignment, we pro-
pose a Curriculum Region-Aware Learning strategy. Unlike
FlowRAM, which couples region cropping with policy learn-
ing throughout the entire training process, we decouple this
dependency into a coarse-to-fine schedule consisting of two
distinct phases:

Phase I: Global Trajectory Stabilization (Coarse Stage).
In the initial phase, we disable the region-aware mechanism.
The perception module inputs the full-resolution global point
cloud and semantic features extracted by the agglomerative
backbone [27], utilizing a fixed, infinite radius » — oo. The
objective in this stage is to stabilize the MeanFlow policy,
encouraging the network to capture the global topology of
the manipulation trajectory (e.g., the reaching motion) without
being distracted by fine-grained local geometric noise. This
ensures that the predicted intermediate position p, converges
to a reliable neighborhood of the ground truth.

Phase II: Geometric Refinement (Fine Stage). Once the
velocity field wg stabilizes, we activate the Dynamic Radius
Schedule. With a reliable trajectory prior, p, now accurately
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Fig. 4. Overview of evaluated tasks. The left three columns show a subset of standard RLBench tasks. The right two columns illustrate four distinct visual

variants of the Place Wine task as defined in the COLOSSEUM benchmark.

indicates the region of interest. The model transitions to
processing local geometric details using the variable radius
r;, defined as:

Ty = (1 - Z) : (7"() - rmin) + Tmin; (17)

where ¢ represents the normalized time step. This curriculum
allows the policy to progressively shift its focus from global
flow consistency to contact-rich geometric alignment, signifi-
cantly enhancing manipulation precision.

This staged optimization strategy effectively breaks the
vicious cycle of noisy perception and unstable control, lead-
ing to faster convergence and superior robustness com-
pared to the original simultaneous training paradigm used in
FlowRAM [41].

IV. EXPERIMENTS AND ANALYSIS

We conduct comprehensive evaluations in both simulation
and the real-world to assess the performance of the proposed
method. These experiments are designed to investigate the
following four questions systematically:

QI: How effective is Flow2Act in learning robotic manipula-
tion compared to state-of-the-art baselines?

Q2: How robust is Flow2Act to visual disturbances, such as
distractors, backgrounds, and lighting variations?

Q3: How do different design choices contribute to the overall
performance of Flow2Act?

Q4: How well does Flow2Act generalize to real-world robotic
manipulation tasks?

A. Effectiveness on Robotic Manipulation

Environmental Setup. We conduct all simulation exper-
iments on RLBench [48], a widely adopted robotic ma-
nipulation benchmark built upon the CoppelaSim simulator.
We employ a 7-DoF Franka Emika Panda robot equipped
with a parallel gripper to execute a diverse set of language-
conditioned manipulation tasks. Visual observation configura-
tions vary depending on the evaluation protocol. For multi-
task [20], [73] and high-precision [41] evaluations, we utilize
four calibrated RGB-D cameras positioned at the front, left

shoulder, right shoulder, and wrist viewpoints. Conversely, for
the few-shot setting [19], we use only the front-view camera
to adhere to the GNFactor protocol. All input images are
downsampled to a uniform resolution of 128 x 128. Figure 4
provides a visualization of the task.

We evaluate our method under three distinct experimen-
tal protocols: (1) Multi-Task setting: We adopt the stan-
dard 18-task subset from RLBench, a widely used bench-
mark for controlled multi-task evaluation. For each task,
we collect 100 expert demonstrations using BiRRT-generated
trajectories with hand-crafted waypoints. (2) High-Precision
setting: To specifically evaluate fine-grained spatial under-
standing and precise manipulation capabilities, we select 7
high-precision tasks from RLBench that require accurate
alignment of small objects (e.g., Insert USB, Screw
Nail, Insert onto Square Peg). We collect 100 ex-
pert demonstrations per task, as in the multi-task setting. (3)
Few-Shot setting: We evaluate on 10 language-conditioned
manipulation tasks from RLBench under extreme data lim-
itations. Each task contains only 20 expert demonstrations.
The dataset includes at least two variations in object attributes
per task (shape, color, or spatial configuration), resulting in a
total of 166 distinct task instances. This minimal-data setting
provides a rigorous benchmark for evaluating generalization
capabilities with limited supervision. For all three protocols,
each policy is evaluated over 25 rollout episodes per task
variant, and we report the average task success rate across
all variants.

Comparisons and Baselines. All methods compared on
RLBench utilize 3D information. We contrast Flow2Act with
the previous state-of-the-art: C2F-ARM-BC [53] predicts the
next keyframe action in the voxel space with a coarse-to-
fine strategy. PerAct [18] also voxelizes the 3D workspace
and employs a perceiver transformer. 3D-MVP [25] leverages
3D multiview masked autoencoding for pretraining, enhancing
generalization via large-scale 3D-aware representation learn-
ing. Act3D [76] applies adaptive resolution 3D point sampling
to generate hierarchical resolution 3D action maps. 3D Dif-
fuser Actor (3DDA) [47] unifies diffusion policies and 3D
scene representations, leveraging a 3D denoising transformer
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TABLE I
EVALUATION RESULTS OF MULTI-TASK ON RLBENCH. EACH TASK IS EVALUATED WITH 25 ROLLOUTS UNDER 3 DIFFERENT SEEDS. WE REPORT THE
AVERAGE SUCCESS RATE AND STANDARD DEVIATION FOR ALL TASKS. VARIANCES ARE INCLUDED WHEN AVAILABLE. THE “AVG. RANK” COLUMN
REPORTS THE AVERAGE RANK OF EACH METHOD ACROSS ALL PERTURBATIONS, WHERE LOWER VALUES INDICATE BETTER OVERALL PERFORMANCE.

Avg. Avg. Push Slide Sweep to  Meat off Turn Put in Close Drag
Method / Task SuccessT Rank| Buttons Block Dustpan Grill Tap Drawer Jar Stick
C2F-ARM-BC [53] 20.1 8.7 72.0 16.0 0.0 20.0 68.0 4.0 24.0 24.0
PerAct [18] 49.4 6.3 92.8 £3.0 740 £13.0 530 £0.0 704 £2.0 ggo +44 512 F4T 55 £4.7 g9 +41
3D-MVP [25] 67.5 35 100.0 48.0 80.0 96.0 96.0 100.0 76.0 100.0
Act3D [76] 65.0 43 99.0 93.0 92.0 94.0 94.0 90.0 92.0 92.0
3DDA [47] 81.3 25 984 2.0 976 +3.2 g4 44 968 £1.6 99 £1.6 960 3.6 960 25 1000 £0-0
RVT-2 [20] 81.4 25 100.0 £0-0 920 *2:8  100.0 £00 99,0 £1.7 990 £1.7 96,0 £0-0 100.0 OO 990 1.7
FlowRAM [41] 84.9 22 100.0 £0-0  100.0 £0-0 920 £2.0 940 £2.0 100.0 £0-0 920 0.0 960 £2.0 100.0 £0-0
Flow2Act (ours) | 87.1 L7 1000 ¥90 100.0 £0-0 100.0 ¥20 97.7 £2.0 100,0 +00 933 £2.7 980 *2.0 100.0 £0-0
Method Put in Place Screw Open Stack Stack Put in Insert Sort Place

Safe Wine Bulb Drawer Blocks Cups Cupboard Peg Shape Cups
C2F-ARM-BC [53] 12.0 8.0 8.0 20.0 0.0 0.0 0.0 4.0 8.0 0.0
PerAct [18] 86.0 T32 448 £7-8 176 £2.0  gg 5.7 264 £3.9 4 £22 g E44 56 F41 168 F4T 94 £3.2
3D-MVP [25] 92.0 100.0 60.0 84.0 40.0 36.0 60.0 20.0 28.0 4.0
Act3D [76] 95.0 80.0 47.0 93.0 12.0 9.0 51.0 27.0 8.0 3.0
3DDA [47] 97.6 20 936 £48 g4 £2.0 g9 T4l g3 £33 47 £85 g56 F41 56 41 440 F44 40 £76
RVT-2 [20] 96.0 ¥28 950 £3.3 88,0 49 740 F11.8 oo *28 9,0 T59 660 45 400 00 350 E71 380 F45
FlowRAM [41] 96.0 0.0 960 £0-0 g4 £2:3 92 £0.0 773 £38 10 £20 g 40 720 £27 480 F40 420 £23
Flow2Act (ours) | 98.0 £00 977 £2.0 863 +2.7 960 +4.0 80,0 £20 640 £3-3 88,0 £00 747 £3.7 513 £20 44,0 £33

to predict action sequences. RVT-2 [20] employs a multi-stage TABLE 11

inference pipeline and leverages virtual viewpoint rendering
to capture detailed 3D scene information. FlowRAM [41]
learns region-aware flow fields for manipulation by integrating
spatial token grounding with temporal correspondence, en-
abling precise and robust keyframe prediction. GNFactor [19]
jointly optimizes a generalizable neural field to enhance 3D
understanding.

Implementation Details. We employ the AdamW [82]
optimizer with a base learning rate of le~%, linear warmup
over the first SK steps, and cosine annealing scheduling.
Our training protocol spans 300K total steps with a batch
size of 320, applying EMA to model weights for stability.
Following our curriculum region-aware strategy, the first 200K
steps focus exclusively on learning the global mean velocity
field, while the final 100K steps gradually integrate region-
aware perception to refine contact-scale accuracy. For fair
comparison against prior state-of-the-art methods [20], [41],
all models, including reproduced baselines, are trained and
evaluated on identical hardware configurations (8 NVIDIA
RTX 3090 GPUs), with inference speed measurements per-
formed on a single RTX 3090 using identical input data.

Results on Multi-Task setting. In the multi-task setting,
which evaluates performance across 18 diverse RLBench
tasks, Flow2Act demonstrates superior effectiveness compared
to all state-of-the-art baselines. As shown in Table I, our
method achieves a new state-of-the-art average success rate
of 87.1%, significantly outperforming previous top performers
like RVT-2 [20] (81.4%) and FlowRAM [41] (84.9%). This
high average success rate indicates that Flow2Act can learn
robust policies capable of handling a wide variety of manip-
ulation tasks. Furthermore, Flow2Act excels in specific chal-

EVALUATION RESULTS ON HIGH-PRECISION TASK ON RLBENCH.

Avg. Screw  Insert onto Plug
Method / Task SuccessT Nail Square Peg Charger
Act3D [76] 202  28.0%33  67E37 15.3%2:3
3DDA [47] 40.0  48.0%16  459%+26 30.7%£5-3
RVT-2 [20] 394  50.7%85  53,1%6.0 34.7£7-1
FlowRAM [41] 520  547%19  693E75 52.018-6
Flow2Act (ours) | 552 57.3%19  720%37  54,0%33

Setup Insert Unplug Put umbrella
Method / Task Checkers USB Charger in Stand
Act3D [76] 37.3%6-8  103%5.7  373%5.3 6.7%47
3DDA [47] 46.7%3-3  477F16  44.7%5.3 16.0£3-3
RVT-2 [20] 62.715-3 213%9.2  453%6.1 8.0%0.0
FlowRAM [41] | 66.7%6-1 573%3.2  467+1.9 17.3%9-4
Flow2Act (ours) | 69.7547 597+47 497427 24,0+4.0

lenging tasks. For instance, it achieves perfect success rates
(100.0%) on tasks such as Push Buttons, Slide Block,
Sweep to Dustpan, Turn Tap, and Drag Stick. No-
tably, it also shows strong performance on tasks requiring
precise interaction, such as Insert Peg (74.7%) and Sort
Shape (51.3%), where many prior methods struggle. The
consistently high scores across nearly all 18 tasks highlight
Flow2Act’s ability to generalize effectively across different
task categories, establishing it as a highly effective solution
for multi-task robotic manipulation.

Results on High-precision setting. For high-precision
tasks, which demand fine-grained spatial understanding and
accurate alignment, Flow2Act proves to be exceptionally ef-
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TABLE III
EVALUATION RESULTS OF FEW-SHOT SETTING ON RLBENCH.

Method / Task Avg. Close Open Sweep to  Meat off Turn Slide Put in Drag Put Stack
SuccessT Jar Drawer Dustpan Grill Tap Bolck Drawer Stick Buttons Blocks
PerAct [18] 20.4 18.7t13.6 54 7%+18.6 0.0£0.-0 40.0£17.0 3g7+6.8 g 7£13.6 9 7%3.3 5.3%13.5 18,7124  g7£1.9
GNFactor [19] 31.7 253%6-8 760157 0280%15.0 573%18.9 50 7E8.2 90 t15.0 (g E0.0 373+13.2 g 7£10.0 4 E3.3
Act3D [76] 65.3 52.0%5-7 840186  80.0%98  66.7FL9  64.0%5-7 100.0£0-0 547E3-8  ge7EL9  4.0%19  (,0%0-0
3DDA [47] 78.4 827119 893E7-5  9q7+1.9 88057  g0.0t86 920%0.0 773E38 9g7El.9  93E50 1 3.7
RVT-2 [20] 76.2 79.3%5-3  787%27  g73%6.7 g 7E6.7  g53+2.9  767%95 g 7E6.T 96000  g73EL1 p77E40
FlowRAM [41] 82.3 85.0%3-7  90.0%3-3 880156  820tl9 863E7TT 933+19  ggE56 100000 go3E37  313%28
Flow2Act (ours) | 850  88.0%00  933+1L.7 907+7:5 86 0+0.0 947438 g93+1.9 900+20 100.0+00 823+23 360%2.0
TABLE IV

EVALUATION RESULTS ON COLOSSEUM. THE TABLE SHOWS THE SUCCESS RATES ACROSS 14 GENERALIZATION SETTINGS. THE “AVG. RANK”
COLUMN REPORTS THE AVERAGE RANK OF EACH METHOD ACROSS ALL PERTURBATIONS, WHERE LOWER VALUES INDICATE BETTER PERFORMANCE.

Method / Task ‘ Avg. SuccessT Avg. Rank| All Perturbations MO-COLOR RO-COLOR MO-TEXTURE RO-TEXTURE  MO-SIZE
R3M-MLP [83] 0.8 5.71 0.6 0.4 0.0 0.0 0.0 1.8
MVP-MLP [84] 1.6 5.0 0.8 12 0.0 0.4 0.0 4.44
PerAct [18] 279 3.71 7.2 24.0 29.2 28.8 17.71 35.3
RVT-2 [20] 56.7 1.92 15.6 £0-8 53.0 £0-9 54,6 0.6 59.7 £0.7 56.7 £1-4 60.9 +0-9
FlowRAM [41] 55.2 1.78 13.5 £1.0 51.0 £1.0 55.3 £0.8 55.0 0.9 53,0 +1-2 62.7 1.0
Flow2Act (ours) | 58.4 1.51 17.5 +2.0 543 #1.1 567 1.0 57.3 £2.0 57.3 £1.0 64.3 +1.0
Method / Task ‘ RO-SIZE Light Color Table Color Table Texture  Distractor ~ Background Texture RLBench Camera Pose
R3M-MLP [83] 0.0 1.0 1.4 0.2 1.6 1.2 2.0 0.8
MVP-MLP [84] 0.0 1.6 1.6 1.0 3.8 22 2.0 2.6
PerAct [18] 293 29.1 30.4 23.2 27.1 33.5 39.4 36.3
RVT-2 [20] 53.4 1.5 58.0 £1.1 62.6 £0-9 56.6 £0-9 60.8 £0-5 68.7 £1-1 68.8 £1:3 64.4 05
FlowRAM [41] 55.0 1.3 61.3 £1.0 59.0 +0-8 53,0 0.7 58,0 0.6 70,0 £1.0 66.0 £1-2 60.0 0.7
Flow2Act (ours) | 583 £1.7  63.3 12 61.7 £0-9 58.0 07 62,0 *1.5 74.3 +1.0 70.3 £0-8 623 £0-8

fective, achieving the best performance among all evaluated
methods. The results Table II demonstrate that Flow2Act
achieves the highest average success rate of 55.2% and out-
performs all previous methods by a wide margin across all
tasks. These results clearly show that Flow2Act’s design is
particularly well-suited for high-precision scenarios, where
even minor errors can lead to failure. Its ability to consistently
outperform other SOTA methods in these demanding tasks
underscores its effectiveness in learning the intricate spatial
reasoning required for precise robotic control.

Results on Few-Shot setting. In the few-shot setting,
which evaluates generalization under extremely limited super-
vision (only 20 demonstrations per task), Flow2Act exhibits
remarkable effectiveness, setting a new benchmark for data-
efficient learning. As detailed in Table III, Flow2Act achieves
an impressive average success rate of 85.0%, significantly
outperforming all previous methods. This result is particularly
noteworthy because it demonstrates that Flow2Act can learn
highly effective policies with minimal expert data. It not
only maintains high performance on standard tasks but also
excels in tasks that are typically difficult to learn from few
examples. This improvement is not limited to easy tasks; for
instance, on the challenging Insert onto Square Peg
task, Flow2Act achieves 72.0% success, notably higher than
both FlowRAM [41] (69.3%) and RVT-2 [20] (53.1%). The
consistent outperformance across all 10 tasks in this low-

data regime highlights Flow2Act’s powerful generalization
capabilities. It can extract meaningful patterns and build
robust policies from very sparse demonstrations, making it a
highly effective framework for real-world applications where
collecting large amounts of expert data is often impractical.

These results collectively prove that Q1: Flow2Act is highly
effective in learning robotic manipulation compared to state-
of-the-art baselines, delivering superior performance, robust-
ness, and data efficiency across diverse task complexities and
data regimes.

B. Robustness to Visual Disturbances

Environmental Setup. To evaluate Flow2Act’s robustness
to visual disturbances such as distractor objects, background
variations, and lighting changes, we conduct tests on the
COLOSSEUM benchmark [49], an extension of RLBench
designed to assess generalization under unseen visual condi-
tions. The model is trained solely on clean RLBench data,
with 100 demonstrations per task across 20 tasks and no
exposure to visual perturbations. During evaluation, it is tested
on 12 distinct perturbation types that were never seen during
training, including altered object textures and colors, complex
or changing backgrounds, variable illumination levels, the
addition of distractor objects, and modified camera viewpoints.
These perturbations collectively form 20,371 unique visual
scenarios, enabling a comprehensive assessment of the model’s
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TABLE V
COMPARISON OF ARCHITECTURES AND MODULES. WE REPORT THE AVERAGE SUCCESS RATE (%) AND INFERENCE TIME (MS) ACROSS ALL
EPISODES. “DISTURBANCES” REFER TO “ALL PERTURBATIONS” IN THE COLOSSEUM BENCHMARK.

Type Ablation Multi-Task High-Precision Few-Shot Disturbances Infer

Our Complete Architecture Flow2Act 87.1 55.2 85.0 17.5 35.3
Agglomerative Visual Perception (Sec III-C) w/o. Vision Foundation Model  85.4 (-1.7) 524 (-2.8) 82.7(-23) 142 (33) 307
Spatial-Grounded State Space Duality (Sec III-D) w/o. State Space Duality 86.4 (-0.7) 54.0 (-1.2) 84.0 (-1.0) 17.1 (-0.4) 115.3
One-step Policy Learning (Sec III-E) w/o. MeanFlow 85.8 (-1.3) 53.7 (-1.5) 83.2 (-1.8) 16.6 (-0.9) 865.7
Curriculum Region-Aware Learning (Sec III-F) w/o. Course Learning 86.2 (-0.9) 53.1 (-2.1) 83.5(-1.5) 17.1(-04) 353
w/o. Dynamic Radius Scheduling 85.6 (-1.5) 51.3 (-3.9) 829 (-2.1) 16.8 (-0.7) 32.7

ability to generalize under real-world visual variability. For
each task—perturbation combination, we perform 25 indepen-
dent trials and compute the mean success rate across all tasks
for each disturbance type. We also report performance on the
standard RLBench setting without perturbations (denoted as
“RLBench” in Table IV) and under the most challenging con-
dition where all 12 perturbations are applied simultaneously
(denoted as “All Perturbations” in Table 1V).

Comparisons and Baselines. Our evaluation includes
five comparative approaches across different architectural
paradigms. Two 2D-based techniques employ pre-trained vi-
sion backbones for observation processing: R3M-MLP [84]
leverages R3M, a model trained on extensive egocentric
video datasets, while MVP-MLP utilizes MVP [83], which
has been pretrained on diverse real-world visual data. These
vision encoders have demonstrated robust performance across
multiple robotic scenarios in both simulated and physical
environments. Additionally, we evaluate against three 3D-
aware methods detailed in Section IV-A: PerAct [18], RVT-
2 [20] and FlowRAM [41], which represent state-of-the-art
approaches in spatially-aware robotic learning.

Results on COLOSSEUM. To evaluate the robustness of
Flow2Act to visual disturbances, we conduct comprehensive
experiments on the COLOSSEUM benchmark, which assesses
generalization capabilities under 14 diverse environmental
perturbations across 20 tasks. These perturbations include
variations in object color (MO-COLOR, RO-COLOR), object
texture (MO-TEXTURE, RO-TEXTURE), object size (MO-
SIZE, RO-SIZE), lighting conditions, table color and tex-
ture, distractors, background texture, RLBench variations, and
camera pose changes [49]. As show in Table IV, Flow2Act
demonstrates superior robustness across all perturbation cat-
egories, achieving an average success rate of 58.4% with an
average rank of 1.51 across all 14 settings. This represents
a significant improvement over the previous state-of-the-art
method, FlowRAM (55.2% average success rate). Notably,
Flow2Act excels in challenging scenarios involving distractors
(62.0% success) and background texture variations (74.3%
success), where even minor visual disturbances typically cause
substantial performance degradation in other methods. The
model also shows remarkable resilience to object size varia-
tions, achieving the highest success rate of 64.3% in the MO-
SIZE category.

These results confirm that Flow2Act’s representation learn-

ing framework effectively captures spatial and physical pri-
ors that enable robust performance under diverse visual dis-
turbances, without requiring explicit domain randomization
during training. The consistent outperformance across all
perturbation types demonstrates Flow2Act’s strong capability
to generalize to unseen environmental variations, addressing
Q2 affirmatively.

C. Ablation Study & Design Analysis

Analysis of Architecture and Module. To meticulously
evaluate the contribution of each component within the
Flow2Act framework, we conducted extensive ablation stud-
ies. Table V presents the quantitative results, which detail
the success rates across varying benchmarks and the aver-
age inference latency. (1) Removing the vision foundation
model results in a performance attenuation across all metrics.
Notably, the success rate in the Disturbances setting drops
significantly by 3.3% to 14.2%. This empirical evidence
substantiates that distilling knowledge from multiple teacher
models is essential for maintaining robustness against severe
environmental variations and visual perturbations. (2) The
ablation of the State Space Duality module leads to a marginal
decrease in success rates but precipitates a dramatic increase
in inference latency from 35.3 ms to 115.3 ms. This finding
validates the architectural superiority of our design. It confirms
that the Mamba-based backbone efficiently fuses heteroge-
neous modalities with linear complexity while avoiding the
high computational overhead typical of traditional attention
mechanisms. (3) Substituting the MeanFlow objective with
standard flow matching methodologies results in a prohibitive
increase in inference time to 865.7 ms. Furthermore, the
Multi-Task success rate declines by 1.3%. This comparison
demonstrates that our reparameterized average velocity field
not only enables real-time responsiveness through genuine
one-step generation but also preserves the expressivity re-
quired for high-fidelity action prediction. (4) The exclusion of
the Dynamic Radius Scheduling mechanism causes the most
severe performance degradation in the High-Precision setting
with a 3.9% drop. This sharp decline proves that the coarse-
to-fine perceptual schedule is vital for resolving contact-
rich manipulation tasks. Additionally, removing the Course
Learning strategy leads to a 2.1% drop in high-precision tasks,
indicating that stabilizing the global trajectory before refining
local details is crucial for optimal policy convergence.
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Fig. 6. Comparison of success rate and efficiency. We compare Flow2Act
with FlowRAM across a few-shot setting. Flow2Act achieves superior accu-
racy in a single inference step, consistently outperforming FlowRAM at all
timesteps. Bubble area indicates the inference time of the model.

One-step Inference vs. Multi-step Generation. A critical
advantage of Flow2Act is its ability to achieve superior
performance with single-step inference, which fundamentally
differs from conventional diffusion-based policies that require
multiple denoising steps [34], [47]. As demonstrated in Fig. 6,
Flow2Act achieves 85.0% average success rate with only one
inference step, consistently outperforming FlowRAM across
all time steps. In contrast, FlowRAM requires approximately
32 inference steps to reach a comparable success rate, demon-
strating the substantial computational overhead of multi-step
generation methods. This single-step capability is made pos-
sible by our MeanFlow objective, which reparameterizes the
policy dynamics as the mean velocity field defined over a
time interval. Unlike traditional flow matching methods that
require numerical ODE solvers, our approach enables direct
mapping from noise to the target action through a closed-
form update, eliminating the need for iterative integration.
The result is a method that simultaneously achieves high
computational efficiency and superior manipulation accuracy,
demonstrating that the trade-off between inference speed and
performance can be overcome when the training objective is
properly aligned with the requirements of robotic control.

Sort Shape. To assess generalization, we introduce six types of disturbances in the basic
Spatial Location,

Object Appearance, Camera View, Lighting.

3
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Fig. 7. PCA feature visualizations of CLIP, DINOV3-B, and RADIOV2.5-
B models under multi-view settings.

PCA Visualization of Feature Representations. The PCA
visualization in Fig. 7 reveals critical differences in fea-
ture representations across vision models. CLIP [54] fea-
tures exhibit significant multi-view inconsistency, with the
same object (e.g., rack) represented differently across camera
perspectives. This semantic inconsistency limits cross-view
correspondence for precise manipulation. DINO [58] fails
to effectively separate background regions from task-critical
foreground elements, with feature responses spreading indis-
criminately across both object and background areas. This lack
of spatial selectivity compromises contact-scale accuracy. In
contrast, RADIOv2.5 [27] demonstrates superior representa-
tion capabilities, featuring cross-view consistency and precise
foreground-background separation. Its feature maps exhibit
sharp boundaries that enable pixel-level spatial reasoning.
The core advantage resides in its ability to balance semantic
consistency with fine-grained spatial perception, overcoming
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Fig. 8. Trajectory generation via flow matching under two velocity formulations. Blue arrows represent trajectories generated using instantaneous

velocity flow matching;

correspond to those generated using average velocity flow matching. Each panel illustrates the robot’s end-effector

motion in distinct manipulation scenarios, with trajectories visualized as directed segments from initial to goal poses.

fundamental limitations of prior approaches and ensuring
robust manipulation performance under visual variations.

D. Real-Robot Experiments

Environmental Setup. As illustrated in Fig. 5, we evaluate
our method on six distinct physical manipulation tasks and
compare it against the previous state-of-the-art approach. All
experiments are conducted using a Franka Research 3 robotic
arm equipped with a Robotiq 2F-85 gripper, mounted on a
fixed tabletop setup. For visual perception, we employ two
calibrated Intel RealSense D435 RGB-D cameras, positioned
to the left and right of the robot, to provide stereoscopic
coverage of the workspace. Each task involves 20 expert
demonstrations. Object configurations are randomized across
demonstrations to enhance the diversity of training data and
prevent overfitting to specific arrangements. Task variants
include multiple object types and instruction formulations to
evaluate the system’s adaptability. For inference, we apply the
BiRRT planner integrated with Movelt! ROS package [85] to
reach the predicted action poses.

We design two distinct evaluation settings to comprehen-
sively assess the system’s capabilities: Basic Setting: This
evaluation protocol assesses the fundamental performance of
the system without any environmental perturbations. In this
setting, we maintain consistent background, lighting condi-
tions, object appearance, and camera viewpoints to establish
a baseline for the method’s core functionality. Generalization
Setting: To evaluate the system’s robustness and adaptabil-
ity, we introduce six types of environmental perturbations
during evaluation: (1) Background variations: Chang-
ing the scene background while keeping the task objects
consistent; (2) Distractor objects: Adding irrelevant
objects to the workspace to test the system’s ability to
focus on task-relevant elements; (3) Spatial location
variations: Randomizing the starting positions of ob-
jects within the workspace; (4) Object appearance
changes: Using objects with different colors, textures, or
slight shape variations; (5) Camera view adjustments:
Modifying the camera angles and positions within reasonable
limits; (6) Lighting conditions: Altering the intensity
and direction of lighting to simulate different environmental
conditions. Training proceeds for 30k steps on the collected
real-world dataset with visual augmentation, followed by an

TABLE VI
REAL-WORLD PERFORMANCE IN BASIC AND GENERALIZATION
SETTING.

Basic Setting Generalization Setting

Task / Method FlowRAM Flow2Act FlowRAM Flow2Act

Stack Blocks 8/10 10/10 32/60 51/60
Hanging Cup 5/10 7/10 24/60 37/60
Put Mustard 7/10 8/10 33/60 42/60
Stack cups 6/10 8/10 30/60 42/60
Put in Drawer 10/10 10/10 46/60 53/60
Sort Shape 7/10 8/10 34/60 40/60
Average 43/60 51/60 199/360 265/360

additional 10k steps of fine-tuning. All hyperparameters are
kept consistent with the simulation experiments to demonstrate
direct transferability of our approach.

Quantitative Results. In Table VI, we report the average
success rates across six real-world manipulation tasks under
both basic and generalization settings. The results demonstrate
that Flow2Act consistently outperforms FlowRAM across all
evaluated tasks and settings. Notably, Flow2Act achieves an
average success rate of 51/60 in the basic setting, signif-
icantly surpassing FlowRAM’s 43/60. The most substantial
improvements are observed in the generalization setting, where
Flow2Act attains an impressive success rate of 265/360 com-
pared to FlowRAM’s 199/360. On tasks involving distractor
objects, FlowRAM struggles to distinguish between different
unseen items, leading to frequent failure cases. In contrast,
Flow2Act maintains robust performance, benefiting from the
pretrained spatially grounded and semantically coherent rep-
resentations that enable effective object differentiation under
cluttered conditions. Additionally, in long-horizon tasks such
as Stack Cups, Flow2Act achieves sizable performance gains,
which we attribute to the joint learning of 3D geometry
and future dynamics during the pretraining stage, facilitating
effective reasoning and manipulation in physically complex
scenarios. The consistent outperformance across all tasks
confirms the effectiveness of Flow2Act’s integrated approach
to agglomerative perception and one-step action generation for
real-world robotic manipulation.
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E. Action Generation process

As illustrated in Fig. 8, when limited to only four time
steps, flow matching based on instantaneous velocity fails to
produce accurate keyframe poses. In contrast, our approach,
which employs flow matching over average velocity fields,
yields significantly more precise and geometrically consistent
pose predictions. This improvement stems from the fact that
average velocity encodes smoother, more temporally coher-
ent motion priors, thereby reducing oscillatory artifacts and
promoting stable convergence. Our results demonstrate that
modeling motion dynamics through averaged velocity fields
better aligns with the underlying physical constraints of robotic
manipulation, leading to more reliable trajectory generation
under sparse sampling regimes.

V. CONCLUSION AND DISCUSSION

In this work, we introduced Flow2Act, a unified visuo-
motor policy framework designed to resolve the tripartite
conflict between generalization, inference latency, and ma-
nipulation precision. By synergizing an agglomerative multi-
teacher vision backbone with a reparameterized mean-velocity
flow generator, Flow2Act establishes a new paradigm for
efficient, geometry-aware robotic control. Our extensive em-
pirical evaluations on RLBench and Colosseum benchmarks
demonstrate that removing task-specific visual pretraining in
favor of distilled foundation models significantly enhances
robustness against severe visual disturbances. Furthermore,
the proposed Conditional MeanFlow objective successfully
reduces the inference cost of generative policies to a single
function evaluation without compromising the expressivity
required for multimodal action distributions. The integration of
a curriculum-based region-aware mechanism further ensures
that this efficiency does not come at the cost of contact-
level accuracy, effectively bridging the gap between semantic
understanding and fine-grained physical interaction.
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