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Distilling Actionable Neural Functions from Videos
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Fig. 1: Actron3D is a framework distilling actionable cues from diverse monocular video sources—casual recordings, HOI datasets, or
generated contents—into continuous neural representations, enabling zero-shot transfer manipulation skills to novel objects and scenes.

Project website: https://dipan-zhang.github.io/Actron3D-project/

Abstract— We present ACTRON3D, a framework that en-
ables robots to acquire transferable 6-DoF manipulation skills
from monocular, uncalibrated, RGB-only human demonstration
videos. Our key idea is to represent manipulation knowledge
within a video as a continuous neural function over object space.
At the core of ACTRON3D lies the Neural Affordance Function,
which distills geometry, visual features, contact priors, and
action flows from diverse demonstration videos into a compact
3D neural representation. During deployment, we adopt a hier-
archical pipeline that retrieves the matched affordance function
and transfers encoded manipulation knowledge to novel objects
through coarse-to-fine differentiable optimization. Leveraging
the continuous nature of Neural Affordance Function, the
framework performs spatial queries over multimodal features
to align demonstrations with observations and generates precise
6-DoF manipulation policy. Experiments in both simulation
and the real-world demonstrate that ACTRON3D significantly
outperforms prior methods, achieving a 14.9 percentage point
improvement in the average success rate across 13 tasks while
requiring only 2-3 demonstration videos per task.

I. INTRODUCTION

Building a generalist robot remains challenging. Such an
agent must acquire interaction skills and transfer them to
unseen objects and environments across embodiments. In
stark contrast to contemporary data-hungry robotics systems,
humans provide a powerful example of efficient learning:
Infants, for example, can learn tasks such as opening a
cabinet by observing only a few demonstrations and readily
transfer this knowledge to similar instances [].

979-8-3315-8160-2/26/$31.00 ©2026 IEEE

Recent approaches [2—4] follow this direction by lever-
aging scalable human videos to predict or transfer affor-
dance trajectories in pixel space. Although they improve
sample efficiency and reduce the need for expensive robot
demonstrations, the absence of explicit 3D reasoning leads
to ambiguity when lifting pixel predictions into physically
meaningful actions. To overcome this, another line of work
extracts explicit 3D actionable cues from human videos,
such as point flows [5, 6] or 3D waypoints [/, 8]. How-
ever, these representations are often sparse, task-specific, or
require manually specified contact points or goal images.
Moreover, large viewpoint discrepancies between human
demonstrations and robot observations introduce significant
domain shifts, which lead to substantial performance drops.
These limitations highlight a key challenge: how to represent
actionable knowledge from videos in a form that is spatially
grounded, transferable across viewpoints and objects, and
directly usable for robotic manipulation.

In this work, we address this challenge by represent-
ing manipulation knowledge as a continuous neural func-
tion defined over object space. Based on this idea, we
propose ACTRON3D, a distill-then-transfer framework that
distills monocular demonstration video into compact neu-
ral representation called Neural Affordance Function (NAF)
and transfers them to novel objects and scenes, achiev-
ing zero-shot robotic manipulation with high sample ef-
ficiency. In the distillation phase, ACTRON3D learns
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Neural Affordance Function that jointly encodes multiple
modalities, including geometry, visual appearance, dense
visual descriptors, contact priors, and object-centric action
flows. This representation enables continuous spatial queries
over geometry and affordance cues at arbitrary 3D loca-
tions, allowing manipulation trajectories to be transferred
through differentiable alignment between demonstrations and
observations. In the transfer phase, ACTRON3D retrieves
the most relevant neural representation from a memory bank
and aligns it with the target object through a coarse-to-fine
differentiable affordance optimization process. In contrast to
prior work that transfers manipulation skills through one-
step feature matching in image space [3, 4, 9], our method
performs iterative alignment between multimodal features in
3D space. This enables the system to naturally handle scale
and viewpoint discrepancies and generate spatially grounded
6-DoF manipulation trajectories.

We evaluate ACTRON3D through extensive simulation
and real-world experiments to assess its ability to transfer
manipulation skills across objects and viewpoints. With only
2-3 demonstration videos per task, it outperforms several
data-hungry baselines [4, 7, 10—12] by a 14.9 percentage
point (pp) improvement in the average success rate across
13 tasks.

In summary, our main contributions are: (1) A continu-
ous object-centric action representation (Neural Affordance
Function) that jointly encodes geometry, visual features,
contact priors, and object-centric point flows distilled from
monocular video. (2) A differentiable affordance transfer
mechanism that aligns neural affordance function with novel
scenes to generate executable 6-DoF manipulation trajecto-
ries. (3) Comprehensive experiments and downstream appli-
cations in both simulation and real-robot settings that validate
the effectiveness and versatility of ACTRON3D.

II. RELATED WORK

Robotic Affordance Grounding. Affordance refers to the
actionable properties of objects, indicating where and how
an agent should interact with them. Early works [13-15]
focused on learning 2D affordance from human-annotated
datasets via end-to-end training. However, their dependence
on manual annotation limits scalability and hinders gener-
alization to unseen environments. To overcome this, recent
approaches [3, 4] leverage out-of-domain human videos
to transfer affordance knowledge. However, these methods
operate solely in the 2D image plane and lack 3D spatial
grounding. Moreover, they typically rely on large, manually
curated memory banks, increasing system complexity. An-
other direction [12, 16, 17] explores 3D affordance learning
in simulation. Although more spatially expressive, these
methods require extensive synthetic assets and suffer from
sim-to-real transfer challenges. In contrast, our method infers
spatially grounded affordance using a compact memory bank
of casually captured or generated videos, enabling zero-shot
transfer without extensive annotations or simulation.

Visual Features for Robotic Manipulation. Recent ad-
vances have employed visual descriptors from foundation

models to enable language-guided and context-aware robotic
manipulation. A prominent line of work uses these descrip-
tors for keypoint-based object correspondence [3, 4, 18],
supporting generalization from in-the-wild human demon-
strations. However, the lack of 3D spatial grounding makes
these methods sensitive to viewpoint changes. To improve
robustness, several approaches [19-23] lift 2D features into
3D fields via differentiable rendering across multi-view
captures. These 3D-grounded features serve as spatially
consistent intermediates for policy learning or as matching
costs for action planning. Yet, the reliance on controlled
multi-view setups limits their scalability to unconstrained
environments. In contrast, leveraging recent advances in
novel view synthesis [24, 25], our approach reconstructs
coherent 3D fields from monocular videos. These fields
jointly encode multimodal action-related features, enabling
robust affordance transfer to novel objects and viewpoints
without requiring complex capture setups.

Robot Learning from Videos. Previous work has explored
various video sources to guide robot learning of manipulation
skills. One line of research uses human videos to learn visual
representations [5, , 27] or reward functions [!1, 28],
thus facilitating the learning of visuomotor policies. Another
line utilizes MoCap systems to re-target human motions
into the robot’s action space [8, 29-31]. However, these
approaches are often limited to controlled lab settings due
to infrastructure requirements. More recent methods attempt
to infer affordance directly from large-scale human videos
on the web [6, 7, 10, 32], but they face several limitations:
they often require manual specification of contact points or
goal images, or reduce interactions to sequences of 3D way-
points. Such simplifications make it difficult to perform more
dexterous tasks, such as pouring water. Recent advances
in generative video models have enabled robots to visually
imagine actions, thereby expanding the types of video data
that can be used for policy learning. For example, works
like [33—35] infer robot policies conditioned on synthesized
videos of human interactions. However, video generation at
test time can be highly computationally expensive. In con-
trast, we propose a scalable framework to distill manipulation
skills from diverse videos into several object-centric repre-
sentations, enabling the robot to efficiently retrieve 6-DoF
interaction trajectories from these representations without
extensive demonstration or generation.

III. METHOD
A. Problem Formulation

To learn robot manipulation policies from monocular
videos and transfer them to unseen environments, our
method consists of two modules: (1) an affordance func-
tion distillation module Gg;s; and (2) an affordance trans-
fer module Gipans. In the distillation stage, Ggist con-
verts each language-narrated demonstration video (‘A/},Zi)
into Neural Affordance Function (NAF) F; = Qdist(f/i,lAZ—),
which encodes geometry, visual features, contact priors and
actionable motion (Sect. III-C). These functions are stored
in a function bank M = {F;}™V,. At inference time, given
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Fig. 2: Overview of ACTRON3D framework. In the distillation phase, multimodal knowledge from RGB videos is encoded into
Neural Affordance Functions, and forming a sparse function bank M. At inference time, Girans retrieves the best matched NAF, aligns
it to the target object using a coarse-to-fine optimization module and produces 6-DoF EEF actions (Sect. III-D), in a zero-shot manner.

a task described by an RGB-D observation and language
instruction (I'; D', 1'), Girans retrieves the most relevant
affordance function from M, aligns it with the target scene
with affordance optimization, and yields a manipulation
policy: T = Girans(I', D', 1Y, M) (Sect. 111-D), where the
output policy 7 is a sequence of 6-DoF EEF actions over a
planning horizon H.

B. Preliminaries

Neural Signed Distance Function (NeuS). We build our
NAF based on NeuS [36] and adopt an SDF-based geo-
metric representation instead of 3D Gaussian Splats [37] for
more accurate geometry reconstruction [38], which serves
as the geometric backbone of NAF. Formally, a signed
distance function (SDF) 0 : R® — R maps a 3D point
x to its signed distance from the object surface: S =
{x € R? | Q(x) =0}, enabling realistic object modeling.
NeusS uses standard volume rendering to render any attribute
along a ray r(s), using the weight w(s) derived from the
opaque density p(s) and the accumulated transmittance 7'(s)
between the near plane s,, and s.

wls) = T(5) (o), T(6) =exp (- [ plujau).

Point Flows as Action Representation. Instead of directly
modeling robot end-effector (EEF) actions, we adopt object-
centric 3D point flows as action representation, making this
representation embodiment-agnostic, informative and trans-
ferable [5, 6]. The point flows encode the rigid displacement
of the manipulated object over time, from which the under-
lying rigid EEF actions can be estimated. We denote point
flows in the object frame as P € RV *H*3 where N; stands
for the number of points, H represents the horizon of flow.
6-DoF Manipulation Policy from Flows. 6-DoF Manipu-
lation Policy from Flows. Given object-centric point flows
P ¢ RNixHX3 "we derive the corresponding EEF trajectory

by estimating the motion of the rigid object over time. Let
Pt € R? denote the displacement of the surface point n of
timestep t. For each timestep ¢, we form the set of object
k : — Ny RNsx3

eypoints p; = {Pnt}, 1 € .

The transformation between consecutive timesteps is ob-

. . . . Ny
tained by solving T = arg mingcsg(3) Y _nl1 WnllPn,t+1—
Tp,..||?, where w, = ﬁ weights points based on their
distance d,, from the initial EEF position. The weighted SVD
algorithm [39] yields a sequence of relative transformations
Tt = {T7}271. The absolute EEF trajectory 7 is obtained
by composing T starting from the initial EEF pose.

C. Neural Affordance Functions Distillation from Videos

Formulation. We propose a 3D object-centric action repre-
sentation called Neural Affordance Function, which jointly
encodes geometry, color, dense visual features, and affor-
dance cues within a unified continuous function. Formally,
F is defined in a canonical object frame and parameterized
by the following components with multiple MLPs:

FiR® 5 R xR x RY x 2 x (RT3 x R,
F(@)= (f(fene(@), @) | fEF), TER®, ()
F= {fgeoafcolaffeav 7fact}~

For a 3D point x, the encoder head f.,. produces a latent
feature z € R?, which serves as the shared geometry
backbone for other heads. Conditioned on z, the geometry
head f,.. predicts the signed distance s € R, and the color
head f... outputs the RGB radiance ¢ € R3. Although
less critical for manipulation, color helps enforce geometry
supervision during reconstruction. The feature head f:..
generates d-dimensional visual descriptors g € R? [40] for
robust affordance knowledge retrieval and alignment, while
the contact head estimates the probability » € R that
x lies in a feasible contact region. Notably, both f:.. and

take = in addition to z as input. The action head
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fact, defined on the object surface S, maps each surface
point &’ € S, augmented with its queried geometric feature
2z = fone(x') and visual feature g’ = fr..(a'), to H-step
flows p € RH*3 with visibility scores v € R¥. Hence,
we rewrite the f... defined in Eq. 2 as: (p(z),v(z)) =
facr (2,9, @"). Restricting f... to the surface avoids volu-
metric redundancy and ensures a compact representation of
the motion knowledge. Conditioning action flows on both
geometric and visual features increases distinctiveness and
mitigates collapse under imbalanced supervision, since valid
flows occur on a small subset of the space. Unlike previous
2D affordance representations without spatial awareness [2—
], NAF operates directly in 3D, eliminating image-space
ambiguity and enabling differentiable affordance optimiza-
tion via continuous queries of F'.
Multimodal Differentiable Rendering. NAF enables ren-
dering any modality defined in volumetric space at arbitrary
viewpoint using volume rendering:

En
Qmu = / w(s) fm(r(s))ds. 3)
Sn
where r(s) = o + sd and w(s) is the volumetric weight
at depth s along the ray. Q.. is the 2D rendering of
modality m, where m indexes the rendered modality, i.e.,
m € {geo,col,fea, } For a pixel u, we cast a
ray r(s) sampling modality field f,,(7(s)) from near to far
planes s, and s¢. Such a unified rendering scheme makes it
possible to compare different modalities consistently across
viewpoints, a key to bridging instance and viewpoint gaps.

Multimodal Knowledge Extraction. Given a narrated
demonstration video V, we first capture the geometry and
appearance of the object. The first hands-free frame I' is
processed with an image-to-3D model [24] to generate six
multi-view 1mages {I 1}6 , and corresponding foreground
masks { M }_, [41]. Dense features {G1,, ;}9_; extracted
using a pretralned DINO model [40].

To extract affordance cues, i.e., contact regions and point
flows, we process the video 1% through a SfM pipeline [47]
and a metric depth estimator [43], producing per-frame
camera extrinsics and dense depth maps. Following prior
work [2, 3], we identify the first contact frame k. > 1 and
its contact regions. The contact regions are warped to the
first frame using recovered camera parameters and depth
maps, yielding contact masks aligned with the first view
and its synthesized novel views { M} 4 -:1. We track Nt
keypoints sampled within the object’s foreground mask using
a 3D point tracker [44]. This yields 3D point flows expressed
in the coordinate frame of the first camera view, along with
the corresponding visibility: (P € RN Hx3 'y ¢ RNixH

To transform the extracted flows °P into the frame
of NAF, we estimate a similarity transformation T,. €
SIM(3) via optimization. The optimal pose is obtained
by minimizing SDF values over the transformed object
points: Ty, = arg ming, ZEGLX (| foco (forne(Toe), Toc) |-
Finally, the extracted flow in the ob]ect s space is denoted as:
P = T*.P. To obtain supervision over the surface of the

oc¢
object, we further sample points € .S and assign flows from

Valid Point Flows

I

Visual Features Robot Actions

Fig. 3: Multimodal information and robot actions synthesized from
novel views of NAFs fit to diverse videos.
nearby tracked points using nearest-neighbor interpolation,
producing dense surveillance signals p(x) and v (x).
Neural Function Fitting. The fitting process is split into two
phases: first, we obtain geometric and visual understanding
(static phase); then, we extract the object’s surface to con-
strain action flows within a bounded space (dynamic phase).
Static Phase. All heads except the action are fitted with:

Lstatic = Eneus + )\3£fea + )\4£cnta (4)

where Lieus = Lol + M Lreg + A2Lmsk follows NeuS [30].
We render Q¢cq v, Qont,w Via Eq. 3 and compare them with
the labels Gteaw, Ment o for each pixel u sampled from
the image plane U. L., is computed with the binary cross-
entropy (BCE) loss.

Efea = Z Héfea,u - Qfea,u”Za (5)
uel

Lent = Y BCE (Mo u, Qent u)- ©6)
ueU

Dynamic Phase. With the other heads frozen, the action
head is fitted using:

= |Ip(=)

xeS

£dynamic - p(m)”Q + H’l_)(ﬂl) - ’U($)”27 (7
where P, ¥ are the flows and visibility of ground-truth, and

p, v are the predictions of the action head f....

D. Affordance Transfer via Neural Functions

Each fitted neural affordance function F' is paired with
a language narration [ and stored in the function bank M.
At inference time, given a new task specified by an RGB-
D observation and a natural-language instruction (I', D', 1'),
we retrieve the most relevant affordance function F'* from
M and transfer its encoded action knowledge to the target
scene, as shown in Fig 2 G, Transfer is performed by
affordance optimization, estimating a SIM(3) transformation
T that jointly accounts for scale and pose while aligning F™*
with the task observation geometrically and semantically by
querying foeo, fre. and . Once aligned, and ...
of F'* can be directly queried and converted into executable
actions 7. We demonstrate several distilled NAFs in Fig. 3.
Affordance Knowledge Retrieval. We use a Multimodal
Large Language Model (MLLM) [45] to retrieve the best-
matched NAF F*, comparing task observation and instruc-
tion with NAFS in the function bank. Unlike the CLIP-based
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retrieval used in previous work [4] which computes visual
and textual similarities in separate embedding spaces, MLLM
performs joint reasoning over paired multimodal inputs. For
each stored NAF F;, we construct a descriptor O; = {I}, I; }
consisting of each video’s first hand-free frame and its associ-
ated narration. We batch all descriptors {O; } X", as candidate
and prompt the MLLM to select the one most consistent with
the give task query. This formulation allows for exploiting
both fine-grained visual appearance (e.g., shape) and high-
level linguistic context (e.g., "open the top drawer" versus
"open the bottom drawer"), enabling more precise retrieval
across object instances and affordance types.
Contact-Guided Hypothesis Sampling and Ranking. From
the selected NAF F*, we sample and rank coarse view
hypotheses to initiate the optimization process. Around the
origin of the canonical object frame associated with F™,
we sampled N; evenly spaced viewpoints at a fixed radius
and elevation. Viewpoints with occluded contact regions are
discarded. The remaining feasible candidates are ranked by
visual feature consistency with the target observation. For
each viewpoint, we render its feature map Q:., encoded
in f:., using Eq. 3 and establish dense correspondences
with the target feature map G, extracted from I' with
same DINO model, using best-buddy matching [40]. We
then compute the average squared correspondence distances
as the geometric consistency metric. The top-k hypotheses
with the lowest distances are selected for the subsequent pose
optimization stage.

Affordance Optimization. This coarse-to-fine affordance
optimization first achieves global alignment before refining
task-specific contact regions, ensuring alignment between ob-
servation and demonstration. Direct optimization of contacts
often leads to local minima; therefore, we initially perform
coarse alignment on the top-k candidates with Leoarse =
Ltea + 51 Lsurt + B2£’depth:

Lia= Y (1—cos (Gl yr Qreans) ) (®)
ueU

%urf Z ﬁhuber f;s (fenc( otm) TOtCC),O), (9)
xE X

Laeptn = Y, Lnuver (D}, D) - (10)
uel

The feature term Ly, is defined as the cosine similarity loss
between the feature map Q¢c, ., rendered by f:.. and the
target feature map Gfea «- The surface term Lg,,r queries
feo for the SDF values of the transformed point cloud
T,ix obtained from the RGB-D observation. The depth term
Lgeptnh measures the discrepancy between the rendered depth
map D,, and the observed depth DY}, at the same pixel u.
The coarse pose Ty, is obtained by minimizing the following
energy function: T, = argming,, Leoarse-

Then, in the fine stage, we inject extra contact refinement
while preserving the feature-metric and geometric alignment:
Léne = Ltea + B3Lent + BaLsurt, Where Leyg is defined as:

Low =3 min g~ Toqll- an
qeQ! ‘

Q. denotes the set of contact points extracted using
above the contact probability threshold dy, and QF C ;X
represents the matches based on the cosine similarity of the
visual features. The final alignment initialized with T, is
given by T = argmingy Lne. Notably, the formulation
is modular and allows additional constraints (e.g., collision
avoidance) to be incorporated into the energy.

With the final alignment T7; established, we query the
action head f... on the transformed target point cloud
T, +X. For each surface point x, the network predicts a flow
and visibility (p(x),v(x)) = fac: (x). Points with positive
visibility are selected and their predicted flows p(x) are
aggregated to estimate a sequence of relative end-effector
poses T as described in Sect. I1I-B. For robot execution,
we sample the contact points in Q' and employ a grasp
detector [47] to detect a 6-DoF grasp pose around them.
The absolute end-effector poses 7 = {T; } /L, are composed
of T and the detected grasp pose for execution.

E. Implementation Details

Network Architecture. Heads f..c, fyeo, and f..; share
identical architectures as [30], with d, = 256. The feature
head f:.. has an additional 12-level hash-grid encoding [4&]
and a 6-band positional encoding, followed by a 2-layer
MLP for decoding. The contact head uses the same
positional encoding as f:.., followed by a 3-layer MLP
for decoding. Finally, the action head f... takes surface
points with a 10-band positional encoding, fuses them with
g and z (compressed to dimension 96 by a 2-layer MLP),
and processes the concatenated representation with a 3-layer
MLP. All MLP modules have hidden dimension 128.
Fitting Protocol. In the static phase, we jointly optimize
geometry, color, features, and contact heads using Adam [49]
with the learning rate 5 x 10~%4. The loss weights are \; =
A3 = 0.1, Ay = 1.0, Ay = 0.5. This stage takes 3k iterations
and roughly 5 minutes. In the dynamic phase, the action
head is trained while freezing the static components for an
additional 1k steps (~ 3 minutes) with the learning rate
1 x 1073, For each manipulation task, we require only 2-3
demonstration videos.

Inference Protocol. We select the top & = 3 poses and
use an Adam optimizer with learning rate 1 x 10~2 and
weights 1 = B4 = 1000, 82 = B3 = 100 for affordance
optimization. The coarse and refinement stages run for 100
and 50 iterations each (~ 25 seconds in total).

IV. EXPERIMENTS

Here, we demonstrate the following aspects of our method:
1) It outperforms several strong baseline models across
various household tasks in both simulator and real-world
settings. 2) Representing actionable knowledge as a contin-
uous function provides a more feasible and intuitive robot
motion, leading to better performance. 3) Compared with 2D
methods, the representation of 3D neural functions achieves
a performance gain by a large margin. 4) It can be seamlessly
deployed for several downstream applications.

21015



‘ TO1l T02 TO3 T04 TO5 T06 TO7 TO8 TO9 T10 Tl1 T12 T13 ‘ Avg.

Where2Act [ ] 60.0 40.0 333 533 100.0 100.0 40.0 6.7 333 40.0 26.7 100.0 100.0 56.4
VRBT [2] 60.0 60.0 40.0 40.0 133 100.0 0.0 0.0 53.3 10.0 533 933 100.0 42.6
RAM [4] 46.7 60.0 333 533 133 933 333 93.3* 66.7" 33.3" 53.3" 80.0 80.0 58.5
GFlow [10] 6.7 133 20.0 333 20.0 100.0 933 0.0 13.3 0.0 20.0 100.0 933 39.6
VidBot [7] 46.7 100.0 733 100.0 26.7 100.0 333 86.7 733 93.3 46.7 100.0 100.0 75.9
Ours 73.3 100.0 80.0 100.0 80.0 933 100.0 93.3 86.7 93.3 73.3 100.0 100.0 90.8

TABLE I: Quantitative results on tasks evaluated in simulators on success rate (%). T01: Open drawer T02: Close drawer, T03: Open
microwave, T04: Close microwave, T05: Open hinge cabinet, T06: Close hinge cabinet, TO7: Open dishwasher, T08: Open slide cabinet,

T09: Close slide cabinet, T10: Close laptop lid, T11 Put down toilet seat: T12: Pick up cup, T13: Pick up bottle. *
T uses strategy from [4] to lift affordance to 3D.

data for novel tasks.

| RTO1 RT02 RTO3 RT04 RTO5 | Avg.

RAM 40.0 20.0 60.0 0.0" 40.0* 32.0
VidBot 60.0 40.0 100.0 0.0 50.0 50.0
Ours 70.0 70.0 90.0 80.0 70.0 76.0

TABLE II: Real-world experiment results on selected tasks. RTO1:
Open drawer, RT02: Open microwave, RT03: Close mlcrowave
RTO04: Pour water, RT05: Wiping table with sponge. : Use self-
collected data for retrieval.

A. Experiment Setup

Simulator Setup. We use RLBench [50] as a simulation
environment, deploying a Franka-Emika Panda to interact
with target objects. Our evaluation covers 13 RLBench
tasks that involve manipulating both articulated and portable
objects. For each task, we assess the performance under
three different viewpoints, generating five trajectories per
viewpoint, resulting in a total of 15 trials per method.
Following previous work [4, 7, 10], we report the success rate
% (SR) as the primary evaluation metric. A trial is considered
successful if the robot’s end-effector manipulates the target
object along the intended DoF beyond a predefined threshold.
Real Robot Setup. We conduct real-world manipulation ex-
periments in previously unseen human-suited environments.
The test platform is a Hello Robot Stretch 3 equipped with
an on-board RGB-D camera for perception.

Baseline Models. We compare against five representative
baselines for 2D/3D affordance prediction. Where2Act [12]
learns 3D actionable affordance from simulated articulated
objects, while VRB [2] trains on large-scale human videos to
predict 2D affordance on the image plane. RAM [4], similar
to our method, follows a retrieve-and-transfer scheme. How-
ever, it retrieves 2D affordances from a significantly larger
demonstration bank and requires lifting pixel-wise 2D affor-
dance to 3D using local geometric priors. GFlow [10] and
VidBot [7] both learn 3D affordance from egocentric videos;
GFlow outputs full 6-DoF poses but requires manual input
of contact regions, while VidBot removes this dependency
but produces only 3D waypoints. In contrast, our method
predicts dense 6-DoF end-effector poses without requiring
any human intervention.

B. Results and Discussions

Simulator Benchmark. As shown in Tab. I, our method
achieves the highest overall success rate of 90.8%, repre-
senting a 14.9 percentage point (pp) improvement over the
runner-up [7]. Among the baselines, Where2Act performs
well on tasks involving hinge-articulated and portable ob-
jects, but exhibits limited generalization to novel objects.

uses self-collected

Task Inputs

“Open the microw% l‘
| \

VidBot

“Wipe the counter with
the sponge”

“Pour the water from the
soft drink can”
‘ ) '%a.

Fig. 4. Inferred robot gripper actions by different methods.

2D affordance prediction methods, VRB and RAM, achieve
performance comparable to Where2Act on simpler tasks;
however, they struggle significantly on articulated objects
requiring complex, curved 3D motions, such as door-opening
in TO3 and TOS5. These failures stem from oversimplified
2D motion cues, which lead to infeasible linear motions
and frequent gripper slips during execution. 3D affordance
prediction methods, such as GFlow and VidBot, achieve
notable improvements over 2D-based methods, particularly
on tasks that require complex motion. Nevertheless, their
performance varies substantially between tasks, potentially
due to the scale and diversity of their training datasets.
Overall, these comparisons reveal that while 3D affordance
representations improve performance on complex manipu-
lation tasks, existing methods still struggle to generalize
reliably across objects and viewpoints. In contrast, our
approach captures functional similarities between objects
through Neural Affordance Function while accounting for
geometric and visual differences via an intuitive optimization
scheme. As a result, it produces more feasible, scale-aware
actions, reducing gripper slip, and achieving a higher success
rate.
Real Robot Experiments. We evaluated our method on five
real-world tasks, performing 10 trials for each and compar-
ing against RAM (retrieval-based) and VidBot (prediction-
based). As shown in Tab. II, our approach achieves an
average SR of 76%. Notably, only our method generated full
6-DoF motions, essential for tasks such as pouring, whereas
the baselines were limited to purely translational motions,
resulting in potential task failures (Fig. 4).

C. Ablation Studies

We conducted detailed ablation experiments on a subset
of tasks to study the impact of each key component of
our pipeline. The results are summarized in Tab. III. V1
replaces NAF with direct 2D feature-based matching and
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|ATO1 ATO02 ATO03 AT04 ATO5 ATO6|Avg.
Ours [Full Model] | 73.3 100.0 933 733 | 86.7

w/o Neural Function [V1]| 66.7 26.7 733 0.0 6.7 6.7 | 30.0

w/o Contact Sampling [V2]| 53.3 13.3 267 73.3 1000 73.3 | 56.6
w/o Viewpoint Ranking [V3]| 66.7 333 0.0 100.0 100.0 46.7 | 57.8
w/o Afford. Optimization [V4]| 73.3 0.0 00 267 200 6.7 | 21.1
w/o Contact Refinement [V5] | 66.7 66.7 333 66.7 100.0 66.7 | 66.7

100.0 80.0

TABLE III: Ablation results on 6 selected tasks. ATO1: Open
drawer, AT02: Close drawer, AT03: Open microwave, AT04: Close
microwave, AT05: Open slide cabinet. AT06: Put down toilet seat.
. Use strategy from [4] to lift affordance to 3D.

transfer [4]. V2 removes contact-guided initialization and
V3 disables feature-based ranking. V4 bypasses optimization
and transfers affordance from the most similar retrieved view,
while V5 removes the contact-centric refinement stage.
Impact of Neural Representation (V1): We demonstrate
the effectiveness of embedding action-related information
within a neural function. In V1, performance drops by over
50%, which is expected as large viewpoint gaps between
demonstration and task scenes make direct transfer unreli-
able. Without a functional representation, the system can-
not leverage multimodal optimization for robust affordance
alignment, leading to significant degradation.

Impact of Initialization Strategy (V2-V3): In V2, disabling
contact-guided sampling allows infeasible poses to enter the
optimization module, increasing susceptibility to local min-
ima and reducing SR by 30%. In V3, removing the ranking
module reduces SR by 28.9%, as relying solely on geometric
plausibility often results in suboptimal initialization. This
underscores the critical role of feature-informed ranking in
guiding the optimizer toward feasible and high-quality poses.
Impact of the Optimization Scheme (V4-V5): Disabling
the entire optimization (V4) and transferring affordance
solely from the most similar views drastically reduces SR
to 21.1%. This sharp drop indicates that sparse 2D visual
alignment, without 3D geometric alignment, is insufficient
for handling large viewpoint variations due to the gaps
between the selected view and the target scene. Removing
the final contact-centric refinement (V5) results in a decline
in SR to 66.7%, as the global alignment from the first stage
cannot ensure precise alignment in the contact area, where
the desired actionable flows reside. This highlights the need
for contact-constrained refinement.

D. Downstream Applications

We further showcase the versatility of ACTRON3D by
applying it to a range of downstream applications.
Long-horizon Manipulation. ACTRON3D can be seam-
lessly integrated into MLLM-based task and motion plan-
ning frameworks [51], enabling flexible and complex ma-
nipulation from free-form language instructions. Given an
instruction, the MLLM [45] produces a high-level plan
as a sequence of sub-tasks. For each step, ACTRON3D
retrieves the corresponding NAF, aligns it with the current
observation, and transfers the action. As demonstrated in
Fig. 1, the given instruction "Use the sponge in the drawer
to clean the table” is decomposed into three sub-tasks and

Open the Microwave Open the Drawer Open the Cabinet

From Scratch
—— From Pretrained

NS

400 0 100 200 300 400

n 0.04

—o.02 L
0.0 M =
0 100 200 300 400 O 100 200 300
Iteration Step
Fig. 5: Loss curves of the action head when trained from scratch
vs. initialized with pretrained weights of the retrieved NAF model.

0S:!

Flow
o

executed sequentially, demonstrating our framework’s ability
to support more complex manipulation tasks.

Policy Fine-tuning. During deployment, the action head
face of the retrieved NAF can be further optimized online
for previously unseen objects, using observations collected
from successful executions. We evaluated this procedure in
tasks TO1, TO3, and TO5 in the same settings as discussed
in Sec. IV, achieving absolute SR improvements of 6.7%,
13.3%, and 6.7%, respectively. These gains arise because
fine-tuning with local motion data helps correct errors from
SfM and monocular depth estimation, thereby improving
overall performance. Moreover, convergence is accelerated
around x4 (Fig. 5): fine-tuning reaches convergence in ~100
steps. Together, these results further validate that the latent
features encoded by NAF provide beneficial representations
for action learning.

V. CONCLUSION

We introduce ACTRON3D, a framework for zero-shot

robotic manipulation that learns continuous object-centric
action functions from monocular videos and transfers them
to novel objects and viewpoints. Central to our approach
is the Neural Affordance Function that jointly encodes ge-
ometry, features, contact priors, and point flows. With an
optimization-based transfer pipeline, ACTRON3D enables
generalization without relying on large-scale teleoperated
demonstrations. Our pipeline resolves the inherent ambigu-
ity of 2D cues in prior works, improves data efficiency,
and bridges viewpoint discrepancies. With a few video
demonstrations, our framework consistently surpasses strong
baselines on diverse household tasks, both in simulation and
in the real world, demonstrating its strong scalability and
generalizability.
Limitations and Future Work. Our method leverages recent
3D AIGC techniques [24] to infer knowledge from unseen
views; however, artifacts in these generated views can nega-
tively affect downstream action prediction. Moreover, infer-
ence relies on iterative optimization and, therefore, cannot yet
satisfy strict real-time latency requirements. Future work will
investigate acceleration strategies to enhance deployment ef-
ficiency, including vectorized optimization [52] and second-
order solvers [53].
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