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Abstract

Adapting pretrained Vision-Language-Action (VLA) policies to new deployment
environments typically requires collecting expert demonstrations in each target
domain, which is costly and difficult to scale. In this paper, we present FreeAct, a
framework for demonstration-free robot adaptation that converts generated videos
into physically grounded supervision. A key challenge is that generated manip-
ulation videos, while visually plausible, often contain embodiment artifacts and
kinematic inconsistencies that make direct inverse-dynamics labeling unreliable.
FreeAct addresses this challenge by learning a discrete latent action space from
large-scale multi-lab robot videos and aligning it with camera-frame end-effector
SE(3) motion and gripper-state changes. The resulting latent action tokenizer
captures task-relevant motion while reducing reliance on embodiment-specific
visual artifacts, enabling generated target-domain videos to be pseudo-labeled with
reliable latent action tokens. These tokens are first injected into VLA pretraining
and then used, together with source-domain action supervision, to adapt the policy
to unseen environments. Empirically, FreeAct improves success from 2% to 57%
under target-domain shift using generated videos alone, and further to 74% through
self-evolution guided by a multimodal large language model (MLLM) on the pol-
icy’s own rollouts, without expert demonstrations. Further analysis shows that
the learned latent action space forms a kinematically structured and transferable
representation, establishing generated videos as a scalable source of supervision
for robot manipulation.

1 Introduction

Building robots that can follow open-ended instructions and operate reliably across diverse, unseen
environments is a long-standing goal in robot learning [Brohan et al., [2023| Zitkovich et al., 2023
Guo et al.;[2026a]. VLA models have made substantial progress toward this goal: pretrained on large-
scale robot datasets and tuned on target-environment demonstrations, a single policy can perform
diverse manipulation tasks across objects, scenes, and embodiments [Black et al., 2025al, |Gemini
Robotics Team et al., 2025, NVIDIA et al.,|2025b]]. Yet the last step, tuning on target-environment
demonstrations, remains a key bottleneck for deployment. Policies trained in one environment
overfit to its distribution and degrade sharply under changes in lighting, texture, camera viewpoint,
distractors, object instances, or robot appearance [Yu et al.,[2023| |Fei et al., [2026], while collecting
demonstrations for every new environment is costly, slow, and difficult to scale [|O’Neill et al., [2024].
This motivates a practically important setting we term demonstration-free robot adaptation: adapting
a pretrained policy to a new environment without any target-environment expert demonstrations.

Recent advances in video generation [Zheng and Huang| 2026 offer a compelling path toward this
goal. Trained on internet-scale corpora, foundation video generators can synthesize visually realistic
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manipulation videos in a zero-shot manner from language instructions and reference images, naturally
covering the broad range of appearance variation, scene diversity, and long-tail conditions [[Brooks
et al.| 2024, NVIDIA et al., 2025a]. In principle, such generated videos could serve as deployment-
specific experience for adapting pretrained VLA policies, eliminating the need for target-environment
teleoperation. The central challenge is recovering executable robot actions from these videos. A
natural approach is to synthesize manipulation videos and then apply an Inverse Dynamics Model
(IDM) [Du et al., [2023| [Tian et al., [2025]]. However, we empirically find this pipeline to be unreliable
when the video generator is used without domain-specific finetuning. Generated videos look plausible,
but often contain kinematic inconsistencies such as non-rigid arm deformations. These artifacts fall
outside the IDM’s training distribution and corrupt the inferred actions [Liu et al., 2026]]. Tuning
the generator on robot-specific data could suppress these artifacts, but is computationally expensive
and risks eroding its broad visual coverage and physical priors [Jang et al.| 2025]]. We therefore ask:
can generated videos be converted into physically grounded action supervision for robot adaptation,
without finetuning the generator?

To this end, we propose FreeAct, a three-stage framework that learns physically grounded latent
action representations and uses them to adapt pretrained VLA policies from generated videos. In
the first stage, we train a latent action model (LAM) on large-scale robot videos with a VQ-VAE
objective [[van den Oord et al., 2017]], augmented by an auxiliary Action Decoder that supervises
the latent bottleneck to predict camera-frame end-effector motion. This grounding pressures the
latent space to encode kinematics rather than embodiment appearance, yielding a representation
that remains reliable on generated videos. In the second stage, the resulting discrete tokens serve as
prediction targets for VLA pretraining, injecting a physically grounded motion abstraction into the
policy backbone without requiring action labels. In the third stage, we attach a continuous action
head and jointly finetune on action-labeled source data and generated target-environment videos
pseudo-labeled by the stage-1 model, with a projected gradient update to reconcile the two data
streams. Together, this pipeline converts generated videos into action-grounded supervision for
demonstration-free policy adaptation.

The practical value of FreeAct lies in its ability to close the full adaptation loop without expert
intervention. Generated target-environment videos alone lift a pretrained VLA from 2% to 57%
success under substantial domain shift. The adapted policy then refines itself: a handful of its
own rollouts, selected by a multimodal LLM judge, raise success to 74%. The two phases are
complementary: generated videos bootstrap broad task competence, while self-refinement corrects
residual errors such as depth ambiguities that generated supervision alone cannot resolve. A suite of
diagnostics reveals a consistent pattern: reconstruction-only baselines yield fragmented, appearance-
driven latent spaces, whereas our physically grounded model induces a continuous action manifold
whose neighborhoods correspond to similar end-effector motions. This structural alignment is
what enables FreeAct to turn generated videos from visually plausible trajectories into actionable
supervision for robot adaptation.

Our contributions are threefold:

1. We propose FreeAct, a three-stage framework that grounds discrete latent actions in camera-
frame end-effector kinematics, transfers this motion abstraction into a pretrained VLA, and
adapts the policy from action-grounded generated videos to a target environment without
expert demonstrations.

2. We introduce a set of diagnostics for evaluating latent action spaces and show that physical
grounding produces a continuous, linearly decodable kinematic manifold, in contrast to the
fragmented, appearance-driven representations learned by reconstruction-only baselines.

3. We show that FreeAct enables demonstration-free adaptation under aggressive domain shift,
lifting a pretrained VLA from 2% to 57% success with generated videos alone, and to 74%
through self-evolution on a handful of the policy’s own rollouts.

2 Related Work

Vision-Language-Action models VLA models adapt pretrained MLLMs to robot control, pre-
dicting action tokens or continuous action chunks from visual observations and language instruc-
tions [Zitkovich et al.,[2023| |[Kim et al., 2025} Black et al.,|2025b, INVIDIA et al.,|2025b]]. Recent



generalist policies scale this paradigm with large robot datasets, cross-embodiment mixtures, ex-
pressive action decoders, and richer conditioning signals such as memory, subtask prompts, subgoal
images, and embodiment-aware prompts [O’Neill et al.| 2024, |Ghosh et al., 2024} Zheng et al., 2026
Physical Intelligence et al., 2026[]. Despite their growing generality, deploying these policies to a
new environment typically still requires target-domain robot data, whether through demonstrations,
post-training, or carefully curated cross-embodiment pretraining. We target the more practical regime
in which no such target-domain robot data is provided.

Video generation for robot learning Video generators provide spatio-temporal priors increasingly
exploited for robot learning. One line executes generated videos at inference time, recovering actions
with an IDM or a goal-conditioned policy [Du et al., [2023} |2024] or by tracking a tool or object
across frames [Liang et al.l [2025| [Patel et al., 2026|]; Gen2Act [Bharadhwaj et al., |2025]] instead
conditions a policy on generated human videos while learning actions from robot demonstrations.
Another line trains a world model, typically from a pretrained generator, and either labels or evaluates
its rollouts [Jang et al.l |2025| |Guo et al.| 2026b |Gao et al., [2026]] or predicts actions jointly with
future visual states [Zhu et al., 20254, [B1 et al., [2026, [Kim et al., 2026, [Li et al., 2026\ |Ye et al.|
2026} Lyu et al., [2026]. We instead keep the generator off-the-shelf and convert its videos into action
supervision through a physically grounded LAM.

Latent action learning Another line of work learns latent actions from action-free videos by
encoding inter-frame transitions through a discrete bottleneck and using the resulting codes for control
or policy pretraining [Bruce et al.,|2024, |Schmidt and Jiang} 2024/ |Cui et al., 2024, |Ye et al., [2025),
Bu et al.,[2025| |Chen et al.,[2026]]. Such objectives primarily constrain visual predictability, leaving
the relationship between latent codes and executable robot motion only indirectly specified. [Liu et al.
[2025] align video-derived latent actions with environment actions through online interaction; we
instead retain the action-free latent objective and ground it offline with end-effector motion from a
calibrated subset of a multi-lab robot corpus.

3 Method

Problem setup We study demonstration-free robot adaptation: given a VLA policy pretrained on
source environments, our goal is to adapt it to a target environment without any target-environment
expert demonstrations. Let

Dsre = {(0t, 014, br, ar)}
denote action-labeled robot data from source environments, where o; and 0,1 A are RGB observations
separated by a fixed temporal horizon A, /; is a language instruction, and

ay = [Apt, AT‘t, Agt] c R7

is the camera-frame end-effector action comprising 3D translation Ap, € R3, 3D axis-angle rotation
Ar; € R3, and scalar gripper-state change Ag; € R. In addition, we have access to videos synthesized
by an off-the-shelf video generator for the target domain,

— (9 9 g
Dgen = {(of, TN )},
which provide visual trajectories under target-domain appearance but carry no real robot actions. In

the self-evolution extension, a small number of the adapted policy’s own target-environment rollouts,
selected by an automated quality signal, form Dggs.

FreeAct addresses this setting through three stages: Stage 1 learns a physically grounded LAM from
large-scale multi-lab robot videos, using a calibrated subset to anchor the latent space to camera-frame
kinematics. Stage 2 uses the resulting discrete latent action tokens as supervision for VLA pretraining,
injecting motion abstraction into the policy backbone without requiring dense action labels. Stage 3
adapts the pretrained VLA to the target environment by jointly optimizing over source action-labeled
data and pseudo-labeled generated videos. At test time, the adapted policy maps a target-environment
observation and language instruction directly to a continuous robot action.

3.1 Physically grounded latent action learning

Stage 1 builds on the standard latent action model [[van den Oord et al.| 2017, |Schmidt and Jiang,
2024] to learn a discrete latent representation of motion from frame pairs and ground it in executable



. R tructed
Current Image LReconstructlon Decoder Fi(t:Srneslrmu:;e
> Encoder e
4 i e
t b % Frozen Visual [ Spatial Transformer ] ul 4 @
y ! Backbone (DINOv3) Latent Action Bottleneck ‘ N T*
- — N A B e N PR AR
e Vect tizer / f ! €@ .
spotorpera | [ VegmSumntierl | | {reeoniosstnc
F | Encoder
uture Image Predicted Action

J/“C ~ Discrete Latent Action Tokens z,
[

Latent Extractor Action Decoder —
-
) R

= 0000 [Ap, Ar, Ag]
‘ * CUAB REES 7 / 1 % | Ground-Truth Action
& ! oo0oog---O (mmmmm - T erEe. b S

' VQLoss Lyq | I Action Loss Lyr 1
”””””” : [Ap, Ar, Ag]
¢1¢ Frozen L L L A ﬂ L
(J Quantized = .
Action Supervision LAM rec + VQ + acttcalib*~act

Figure 1: Stage-1 latent action model. A frozen DINOv3 encoder maps a frame pair to continuous
latents z., vector-quantized into discrete tokens z, against codebook C. A reconstruction decoder
predicts the future frame (L,cc, Lvq). Our key addition () is an Action Decoder that maps z, to the
camera-frame end-effector action and is supervised on the calibrated subset (L,.t), grounding the
codebook in executable kinematics.

robot kinematics. A spatio-temporal encoder ), maps a frame pair (o, 0,4 ) into a sequence of K
continuous latents, which are vector-quantized against a learnable codebook C to yield discrete tokens

K k
L2, 2P eq,. e,

and a decoder D,.. reconstructs the future frame from z; and o;. We use a frozen DINOv3
ViT [Siméoni et al.| [2026] as the visual backbone and a transformer encoder—decoder [Xu et al.,[2022|
Bao et al.| [2025]] for the spatio-temporal and reconstruction modules; full architectural specifications
are deferred to[Appendix Al [Figure I|illustrates the resulting pipeline, including our auxiliary Action
Decoder branch.

2= [Z§1)7 .

Physical grounding Trained with reconstruction alone, this template offers no pressure on what
the latent space encodes. The bottleneck is free to organize itself around appearance, texture, or
embodiment-specific cues, and prior LAMs exhibit exactly this failure: fragmented, appearance-
driven codebooks whose neighborhoods carry little kinematic meaning (Sec. 4.2). We address this
with an auxiliary Action Decoder

Gy = Dact(zt)y

a lightweight multi-layer perceptron (MLP) that maps the quantized latents directly to a predicted
camera-frame end-effector action. The branch is supervised only on the calibrated subset of D, for
which camera—robot extrinsics are available.

The design decision is to use the camera frame rather than a shared world frame as the supervision
target. Camera extrinsics vary substantially across laboratories and episodes, so a model that shortcuts
action prediction via embodiment appearance or scene layout cannot generalize across episodes. The
latent space is instead pressured to encode end-effector motion relative to the camera in a manner that
generalizes across viewpoints. This inductive bias remains valid on generated videos: while full-arm
geometry is frequently hallucinated, end-effector motion relative to the scene tends to stay faithful to
the task.

Training objective The stage-1 loss combines reconstruction, VQ commitment, and the action
supervision above:

»CLAM = »Crec + »CVQ + Aact Lealib ﬁact (D
where 1,15, gates the action loss to the calibrated subset. The 7D action is decomposed into
translation (p), rotation (r), and gripper (g) components, balanced by homoscedastic uncertainty
weighting [Kendall et al., 2018]:

Lot = Z (efs’” SmoothLL1 (dgm), aﬁ””) + sm) 2

me{p,r,g}
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Figure 2: Stages 2 and 3 of FreeAct. The frozen stage-1 latent action model (top-left) tokenizes a
frame pair into a discrete sequence, which the VLA backbone is trained to autoregressively predict
from the current image and instruction ¢;. Stage 2 (dotted) pretrains the backbone on real robot
videos with cross-entropy loss L... Stage 3 jointly trains two streams: source action-labeled data
(solid), supervising both the latent tokens and a continuous action head (L,.); and pseudo-labeled
generated target-environment videos (dashed), supervising only the latent tokens (Lgen). The two
stage-3 streams are combined through the gradient projection update of

with learnable log-variances s,, = log o2, that absorb relative modality scales during training.

After stage 1, the model serves two roles: it provides a physically grounded latent action space whose
neighborhoods reflect executable motion rather than visual similarity, and it acts as a fixed tokenizer
that maps real and generated frame pairs to discrete action sequences for downstream stages.

3.2 Latent action-guided VLA pretraining

The second stage transfers the motion abstraction into the VLA backbone (Figure 2). We augment
the backbone’s text tokenizer vocabulary with |C| special action tokens {<lag>,...,<lajc|_1>}, one
per codebook entry, and cast latent action prediction as next-token prediction within the backbone’s
chat template:

User: <image>/;
Assistant: <1az(1> > <1az(m >,
t t

For each training sample (o, 0,4 A, £¢), the frozen stage-1 tokenizer provides the target sequence
2t = Q¢ (0¢, 044 A). The VLA backbone is then trained to predict it autoregressively:

K
Lpre = — Zlogpe (z,gk) | o1, 4, zt(<k)) . 3
k=1

The visual encoder is kept frozen throughout; only the vision—language projector and language model
are updated. This objective scales beyond densely annotated trajectories, since latent action tokens
can be extracted from any unlabeled video. It exposes the backbone to a physically grounded motion
representation before continuous control is introduced in stage 3.

3.3 Deployment adaptation via generated videos

In the final stage, we adapt the pretrained VLA to the target environment by jointly optimizing over
action-labeled source data and generated target-environment videos (right side of [Figure 2).

Continuous action head We attach a continuous action head H, that decodes the hidden states
at the latent-action token positions into a continuous robot action, a; = Hy(h¢). Hy is built on
multihead attention pooling (MAP) [[Lee et al.,[2019]: it pools the latent-token hidden states into a
compact action embedding and projects it to the action space. The head is trained from scratch in
stage 3, while the backbone inherits the representation from stage 2.



Joint finetuning For source samples (0, 044, ¢, at) € Dge, We supervise both the latent token
sequence and the continuous action:

Loe = %]?j + A ‘CACTa LacT = Hdr‘ - at”l- “@

For generated video samples (of, of LA 07) € Dyen, no real actions are available; we pseudo-label
each sample with the frozen stage-1 tokenizer, Z} = Qg (0}, 0], 5 ), and supervise only the latent
token prediction: ,

Loen = Mo LE - 5)
The two streams thus play asymmetric roles: source data anchors continuous control fidelity, while
generated videos expose the backbone to how motion manifests under target-domain appearance,
viewpoint, and object variation.

Gradient conflict mitigation This asymmetry makes naive joint optimization unstable: the two
streams carry different supervision signals, one continuous and one token-level, and their gradients
frequently conflict. When this happens, the generated gradient erodes the precise control signal
carried by action labels. To mitigate this, we adopt a gradient projection update tailored to our
two-stream setting [Yu et al., 2020]. Let g5, and ggen denote the per-parameter gradients from each
stream. Whenever the gradients conflict, g . Jgen < 0, we project away the conflicting component

g;cggen
”gsrc ”2

and update with gs;c + ggen. This preserves the continuous control signal from source data while
keeping the target-domain visual gradient alive on parameters where the two streams agree.

ggen — ggen - Gsrc (6)

4 Experiments

We evaluate FreeAct along the full pipeline from latent action learning to deployment adaptation.
Our experiments are organized around three research questions:

RQ1 Does physically grounded supervision yield a kinematically structured latent action space,
relative to purely reconstruction-based baselines?

RQ2 Can generated videos alone adapt a pretrained VLA policy to unseen target environments
without any real demonstrations, and does our grounded LAM provide more reliable pseudo-
supervision than IDM-based and reconstruction-only alternatives? (Sec. 4.3))

RQ3 Can the adapted policy further improve through self-evolution on its own rollouts, without

expert intervention?

4.1 Experimental setup

Datasets Stages 1 and 2 use DROID [Khazatsky et al., 2024] for latent action learning and VLA
pretraining; the calibrated subset with camera extrinsics provides L, supervision. Stage 3 draws
source data from [Liu et al.| [2023]] and evaluates on a custom robosuite [Zhu et al.| [2025b]] target
environment with substantial visual and task shift. Target-domain videos are synthesized with
Wan 2.6 [Wan et al., [2025]] (20 rollouts per task). Full setup details are in

Baselines For the latent space evaluation (RQ1), we compare against LAPA [Ye et al.| 2025] and
UniVLA [Bu et al., [2025]], two LAMs trained with reconstruction objectives alone. For end-to-end
adaptation (RQ2), we compare against UniPi [Du et al.| [2023]], which recovers continuous actions
from generated videos via an IDM, DreamGen [Jang et al., 2025]], which finetunes the generator
before IDM labeling, and the LAPA and UniVLA tokenizers swapped into our stage-2/3 pipeline.

Implementation details Stage 1 uses a frozen DINOv3 ViT-B/16 [Siméoni et al., 2020] as the
visual backbone with a transformer encoder—decoder for the VQ-VAE. Stage 2 initializes from
Qwen3-VL-4B [Bai et al., [2025], keeping the visual encoder frozen and finetuning the projector
and language model. Stage 3 inherits the stage-2 checkpoint and jointly trains the continuous action
head and backbone on source and generated data. Full hyperparameters and training schedules are in

[Appendix Al
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Figure 3: Latent action space structure on the DROID held-out test split. (a) NLDR vs. action-
distance threshold 7; lower values indicate that physically similar actions are colocated in the latent
space. (b) UMAP projection of test-set latents, colored by end-effector z-displacement in meters
(left: UniVLA,; right: ours). LAPA and additional axes are deferred to

4.2 RQ1: Physically grounded latent action space

We first evaluate the intrinsic quality of the latent action space learned in stage 1, asking whether
physical action supervision produces a representation whose geometry reflects executable kinematics
rather than visual texture. All metrics below are computed on a held-out DROID test split disjoint
from our training trajectories. Baselines are LAPA [Ye et al., [2025]] and UniVLA [Bu et al.| [ 2025],
using their official checkpoints; both were trained on broader datasets that include our test trajectories.

Topology preservation A well-structured latent space should bring physically similar actions
closer than dissimilar ones. We quantify this with a normalized latent-distance ratio (NLDR): for
an action-distance threshold 7, we compare the mean latent distance among sample pairs whose
ground-truth actions are within 7 to the mean distance over random pairs,

Eg,; i — %
NLDR(r) = e 5 =5l g Gy a0 < o ™

ErandomHZu - Z’L)”Q ,

The action distance d, sums the mean SmoothL1 distance over the three semantic components of
the 7D action: translation (p), rotation (r), and gripper (g), giving each component equal weight
regardless of its dimensionality. A value near 1 indicates no correlation between latent and physical
distance; values near 0 indicate that physically similar actions form tight latent clusters. As shown in
our model reaches NLDR below 0.1 at the smallest 7 and stays well below the baselines
across the full range; LAPA and UniVLA improve only marginally over random as 7 shrinks, with
NLDR remaining around 0.4 even at the tightest threshold.

Translation Gripper

Manifold structure [Figure 3b|projects test-set latents into 1.00- Rotation == Total
2D [Yuan et al., 2021] via UMAP [Mclnnes et al., |2020], ’
colored by ground-truth end-effector x-displacement. The
UniVLA latent space disperses into a noisy central cluster in
which colors are intermixed with no discernible gradient: the
continuous action space is fractured into unrelated fragments,
leaving no geometric reference along which a downstream pol-
icy can interpolate. Our model instead forms a dense manifold
whose color varies smoothly from one side to the other, map- 0.00
ping the topology of physical motion onto the latent space. Ad-

jacent latent vectors thus correspond to neighboring physical
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Table 1: Linear probing R? on the DROID held-out test set. Reconstruction-only baselines fail on
rotation and gripper dimensions; our model achieves high decodability across all components.

Method LAPA UniVLA Ours
Train Test Train Test Train Test
Total R? 0.104 0.107 0.096 0.090 0.794 0.761
Translation R? 0.223 0.226 0.201 0.189 0.899 0.878
Rotation R? 0.013 0.014 0.016 0.013 0.711 0.660
Gripper R? 0.022 0.029 0.019 0.021 0.727 0.712
Norm. MSE 0.896 0.990 0.904 1.008 0.206 0.264

(a) Source Env (b) Target Env (c) Generated Video (d) Rollout

Figure 5: An example of the source—target shift, generated supervision, and resulting rollout
(Task E). (a) Source environment. (b) Target environment, exemplifying the visual and task changes
considered in this paper; without adaptation, the source policy topples the milk carton with its pinch
trajectory. (c) Frame from a Wan 2.6 generated rollout: the arm shows kinematic hallucinations, yet
the gripper and end-effector remain faithful. (d) Successful FreeAct rollout after adaptation.

latents to the 7D ground-truth action, reporting the coefficient

of determination R? (higher is better) on train and test splits. shows that LAPA and UniVLA
achieve R?~0.1 overall, with rotation and gripper components effectively undecodable (R? < 0.03).
Our model reaches R? = 0.76 overall, with translation, rotation, and gripper all linearly decodable in
their own right. The latent space not only clusters by kinematics, it explicitly encodes them.

Supervision coverage Camera extrinsics are available for only ~40% of DROID, so we vary action-
supervision coverage to assess how much calibrated data grounding requires. We retrain stage 1 with
the action loss restricted to nested subsets of calibrated trajectories, keeping all other data and settings
fixed (Figure 4). Within this sweep, reducing coverage from 30% to 0% (A, = 0) lowers R? from
0.72 to 0.23, with rotation and gripper falling from 0.61/0.66 to 0.06/0.04. Performance levels off
around 20% coverage; 1% already attains 69% of the plateau value, indicating that limited calibration
can substantially improve action decodability.

Across these diagnostics, the picture is consistent: physically grounded supervision through the
auxiliary Action Decoder is sufficient to convert a reconstruction-only codebook into a continuous,
linearly decodable kinematic manifold. This structural property is what allows downstream stages to
convert generated videos into reliable adaptation supervision (Sec. 4.3).

4.3 RQ2: Demonstration-free adaptation from generated videos

We now turn to the central question of this paper: can a pretrained VLA policy be adapted to a new
environment using only generated videos, with zero expert demonstrations? We construct a target
environment with changes in lighting, desk textures, robot link colors, initial joint configurations,
task instructions, and most importantly the target manipulation skill itself (Figure 5h, b). Source tasks
reduce to a precision pinch on a thin protrusion, exemplified by the rim of a bowl, where the policy
only needs to align one finger with a narrow edge before closing. Target tasks instead require an
enclosing grasp on a milk carton, an object never seen in the source distribution: the gripper must
approach with both fingers straddling the full width of the body, at a different height, direction, and
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Figure 6: Demonstration-free adaptation results on five target tasks. Source Env: pretrained
VLA on the source environment (sanity check). Target Env: same policy deployed on the target
environment without adaptation. w/ GradProj (FreeAct): adaptation using only Wan 2.6 generated
videos pseudo-labeled by our latent action model, with the gradient projection update of
w/o GradProj: the same setup with the projection removed. IDM: UniPi-style baseline, evaluated
on real source videos (left, 58%) and on generated target videos (right, 0%). Each bar averages 50
closed-loop rollouts.

closing pattern. The two regimes thus exercise different aspects of low-level control, not merely
different appearances.

reports closed-loop success across five target tasks, averaged over 50 trials each. The
pretrained VLA, despite near-saturated source performance (96% on average), collapses to 1.6%
when deployed directly on the target environment. Lacking any prior exposure to carton-shaped
objects, the policy keeps executing its source-domain pinch trajectory, swinging one finger of the
parallel gripper into the carton and toppling it (Figure 5b). FreeAct, supervised only by Wan 2.6
generated videos , recovers an average success rate of 57% , with four of five

tasks exceeding 35% and three exceeding 75%.

A natural alternative is to recover actions directly from generated videos via IDM, as in UniPi. We
evaluate it on two inputs separately. On real teleoperated source-environment videos the IDM is
faithful, replaying its predictions with 58% success and confirming our reimplementation is sound. On
Wan 2.6 generated videos the same IDM collapses to 0%: kinematic inconsistencies push the inputs
outside its training distribution, and the recovered action sequences become physically incoherent.
DreamGen’s official pipeline, which uses a robot-finetuned video generator followed by IDM labeling,
also yields 0% success. While the generated arm is hallucinated, the gripper and end-effector motion
remain faithful to the task; our latent action model is designed to extract exactly this signal (Sec. 3.1).
For comparison, we use the official reconstruction-only LAPA or UniVLA tokenizer in the same
stage-2/3 pipeline. Source success remains high (87% and 89%), but target success reaches only 12%
and 4% (Table 6), consistent with their lower action decodability in RQ1.

Removing the gradient projection step (w/o GradProj in[Figure 6) drops the average success rate from
57% to 26%, with three of five tasks losing more than half of their success and Task E collapsing to
0%. This confirms the prediction of a naive sum of the two losses lets the generated-video
gradient cancel parts of the source-stream update, eroding the precise control signal carried by
action labels. The projected update strips the conflicting component from the generated gradient, so
source data continues to deliver clean control supervision while the generated stream still propagates
target-domain visual information through the parameters where the two streams agree.

Task E remains the hardest case across all settings, including for FreeAct (8%). The cause traces
to the target scene geometry: the milk carton sits almost directly beneath the gripper and slightly
farther from the camera, weakening the perspective cues that disambiguate depth. Wan 2.6 interprets
this as a vertical descent and generates videos in which the gripper drops straight down, ignoring
the small forward displacement required for accurate grasping. The downstream policy is therefore
upper-bounded by the fidelity of the generated supervision: when the generator misreads the scene
geometry, no amount of action grounding can recover the missing kinematic content. This points
toward generation-side improvements such as multi-view conditioning or depth priors [Xu et al.|
2026] as a complementary axis to action grounding.



4.4 RQ3: Self-evolution from policy rollouts

The adapted policy from RQ2 recovers basic task competence from generated videos alone. We
now ask whether it can further improve through its own experience. We deploy the stage-3 policy
in the target environment, score each rollout with GPT-5.5 [OpenAl, 2026] on task completion and
execution quality (prompt in[Appendix C), and finetune on up to five of the highest-scoring rollouts
per task, drawn from the 50 evaluation rollouts per task in Ground-truth success labels are

not used for selection; a post hoc check confirms that all selected rollouts are successful.

Figure 7|reports success rates after one round of self-evolution. The
average rises from 57% to 74%. Task E, previously capped at 8%
due to depth ambiguity in the generated videos, jumps to 52%,
confirming that even minimal real interaction can correct biases that
generated supervision alone cannot resolve. Task D falls from 82%
to 56% despite successful selected rollouts. Pooling data across tasks
may introduce interference during finetuning, a possible explanation
for this decline.

No target-domain expert demonstration is introduced at any point:
stage 3 adapts from generated videos, and self-evolution draws on
the policy’s own rollouts as judged by an MLLM. This establishes
a complete adaptation loop for deployment to novel environments,
in which generated videos bootstrap competence and autonomous
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Figure 7: Self-evolution from
rollouts. Success rates after
one round of self-evolution.
Each bar averages 50 closed-
loop rollouts.

refinement lifts performance to practical levels.

5 Conclusion

We presented FreeAct, a demonstration-free adaptation framework that anchors a discrete latent
action space to camera-frame end-effector kinematics, enabling reliable pseudo-labeling of generated
videos despite their kinematic artifacts. Generated videos alone lift a pretrained VLA from 2% to 57%
under aggressive domain shift; the adapted policy then self-evolves on its own rollouts to 74%. These
results establish a complete adaptation loop that requires no target-domain expert demonstrations.

Limitations and future work Our evaluation is confined to simulation, a single embodiment, and
single-arm tabletop manipulation; real robots, cross-embodiment transfer, and bimanual or dexterous
settings with richer contact dynamics are natural next steps. Adaptation is bounded by generator
fidelity (Task E), which multi-view conditioning or depth priors could improve. Pooled self-evolution
can also reduce performance on individual tasks (Task D); per-task balancing is a possible remedy.
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A Hyperparameters and Training Details

Table 2] [Table 3] and [Table 4]list the full hyperparameter configurations for the three training stages.
All experiments are run on a single node with § NVIDIA RTX 4090 GPUs (24 GB each). End-to-end
wall-clock training time is approximately 19 hours for stage 1, 120 hours for stage 2, and 7 hours for
stage 3.

Table 2: Stage 1 (LAM Training) hyperparameters.

Component Setting

Visual backbone DINOVv3 ViT-B/16 (frozen)
Encoder / decoder 12 layers, dim 768, 12 heads
VQ codebook size C 64

Latent dimension 128

Tokens per frame pair K 4

Action Decoder 3-layer MLP, hidden [256, 128], GELU
Training data DROID

Global batch size 512 (64 per GPU)
Optimizer AdamW (Ir 1074, wd 1072)
Gradient clipping 0.1

Epochs 1

Action loss weight A\, 0.01

Table 3: Stage 2 (VLA Pretraining) hyperparameters.

Component Setting

Backbone Qwen3-VL 4B-Instruct
Visual encoder frozen

Projector full precision, fully trained

Language model LoRA (rank 64, o = 128)
Global batch size 256

Optimizer AdamW (Ir 5x107%, wd 1072)
Schedule constant with 3000-step warmup
Parallelism DeepSpeed ZeRO-2

Epochs 2

Latent tokenization on-the-fly (lazy encoding)

Table 4: Stage 3 (Deployment Adaptation) hyperparameters.

Component Setting

Initialization Stage 2 checkpoint
Action head hidden dim 512

Backbone learning rate 10~* (cosine decay to 10% of peak)
Action head learning rate ~ 3.5x107% (wd 1073)
Global batch size 256

Epochs 75

Warmup steps 200

Generated data weight A, 0.1

Action window W 16

Gradient projection enabled at every step
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B Data and Task Details

DROID (Stages 1 and 2) The DROID dataset provides approximately 362 hours of teleoperated
manipulation across 564 scenes. The ~40% of trajectories with precise camera extrinsics form the
calibrated subset on which the action loss L, is applied; the remaining trajectories contribute only
to the reconstruction and VQ objectives.

LIBERO (Stage 3 source) Source data Dq,. is drawn from LIBERO [Liu et al.,[2023[]. We use its
standard task suite as the source-domain action-labeled data for joint finetuning.

Target environment (Stage 3) The target environment is a custom robosuite [Zhu et al.,|2025b]
scene that differs from the source in lighting, desk textures, object identities and layout, and task
instruction. Target-domain videos Dy, are synthesized with Wan 2.6 [Wan et al., 2025]], conditioned
on the initial frame and the language instruction, yielding 20 rollouts per task.

Target task suite The five target tasks instantiate a single unseen manipulation skill (enclosing
power grasp followed by short-range relocation) under systematically varied spatial contexts. This
controlled design is deliberate: by fixing the grasp type and success criterion, we isolate how well
generated-video supervision generalizes across different approach geometries without confounding
from semantic task variation. The five variants differ in support surface, surrounding distractors, and
spatial relation between the target object and nearby landmarks, producing meaningfully different
trajectory requirements (collision avoidance, depth estimation, pre-grasp alignment). Table [5]lists the
instruction templates.

Table 5: Target task suite. Each task instantiates the same unseen-object relocation skill under a
different spatial configuration, varying the approach geometry, support relation, and surrounding
distractors while keeping the target object and success criterion controlled. [obj], [ref], and
[goal] denote the target object, reference landmark(s), and goal location, respectively.

Task  Spatial context Instruction template
A Between distractors Pick up [obj] between [ref;] and [ref,] and place
iton [goall.
B Open table surface Pick up [obj] from [ref] and place it on [goall.
C On supporting object Pick up [obj] on [ref] and place it on [goall.
D  Adjacent to distractor Pick up [obj] nextto [ref] and place it on [goall.
E Depth-ambiguous region  Pick up [obj] on [ref] and place it on [goall.

C MLLM Evaluation Prompt

In RQ3 (Sec. 4.4), we use GPT-5.5 as a rollout evaluator. The model receives the full rollout video
along with the task instruction and returns a composite score (five dimensions, each 0—4, totaling 20
points) assessing task completion and execution quality. The prompt template is shown below.

You will watch a rollout video of a robot completing the <task objective> and
score it based on the quality of the task execution process.

Please inspect the video frame by frame. Do not score based only on key frames,
sampled frames, or an overall impression. Before scoring, you must clearly
observe the continuous process from the robot approaching the target object,
making contact, performing the operation, and reaching the end of the task.
Pay close attention to the approach path, pauses, jitter, incorrect contact,
corrective actions, environmental collisions, operation effect, and final
state.

Please score the performance across the following five dimensions. Each dimension
is scored from O to 4, for a total of 20 points. Each score must be an
integer and include a brief reason.

(1) Approach and Initial Operation Smoothness

Evaluate whether the robot’s process from approaching the target object to
forming effective contact is natural, continuous, and accurate.
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4 points: The robot approaches accurately in one attempt and forms effective
contact. The path is natural and continuous, with no obvious jitter, pauses,
probing, incorrect contact, or secondary adjustment.

3 points: Overall fairly smooth, with only slight deceleration, small pose
correction, or very brief alignment. No obvious pause, hesitation, jitter,
poking, pushing, retreating, or post-contact readjustment.

2 points: Average process, with visible pauses, hesitation, jitter, path
deviation, obvious pose correction, brief incorrect stopping, slight poking,
pushing, or post-contact adjustment. Effective contact is eventually formed.

1 point: Effective contact is formed only after multiple pokes, pushes, probing
actions, retreats, or repeated adjustments.

0 points: The robot is unable to form effective contact for a long time,
repeatedly collides with or pushes away the target object, or makes
incorrect contact; the initial stage is chaotic.

(2) Contact Position Accuracy and Operation Quality

Evaluate whether the robot’s contact position, pose, contact method, force
direction, and stability are reasonable.

4 points: The contact position is ideal, the pose and force application are
reasonable, contact is stable and sufficient, and the target object shows no
obvious sliding, rotation, tilting, or instability.

3 points: The contact position is generally accurate, with only slight offset or
slightly insufficient contact. The target object remains basically stable,
with no obvious sliding, rotation, tilting, slipping, or instability risk.

2 points: The contact position is not ideal, with obvious offset, insufficient
contact area, poor force direction, or uneven force, causing visible
tilting, sliding, rotation, slight slipping, or instability of the target
object. The task can still continue.

1 point: The contact position is poor, contacting only an edge, a small area, or
the wrong area. The target object is clearly unstable, nearly drops, gets
stuck, or fails.

0 points: The contact position is extremely poor, causing clear operation
failure, severe instability, or requiring recovery from a failed state.

(3) Execution Stability and Trajectory Smoothness

Evaluate whether the main execution phase is stable, smooth, and continuous. Do
not separately evaluate environmental collisions here.

4 points: The execution process is continuous and natural, with steady speed and
no obvious jitter, sudden stops, retreats, detours, or unnecessary
adjustments. The target object and end effector remain stable.

3 points: Overall stable, with only slight speed changes, small trajectory
adjustments, very brief pauses, or slight shaking. No obvious pose changes,
instability, or unnecessary corrections.

2 points: The process is not very smooth, with obvious pauses, jitter, uneven
speed, path corrections, pose adjustments, repeated micro-adjustments, brief
retreats, or unnecessary detours. The target object or end effector visibly
shakes, tilts, or becomes unstable, but the task can still continue.

1 point: Multiple jitters, sudden stops, retreats, or repeated adjustments occur.
The trajectory is clearly unnatural, and the target object or end effector
is obviously unstable.

0 points: The execution process is chaotic, with long stagnation, severe jitter,
or multiple ineffective movements. The task state is severely unstable or
close to losing control.

(4) Environmental Interaction and Collision Control

Evaluate whether the robot, end effector, or target object makes unnecessary
contact with the environment and causes disturbances.

4 points: No obvious collision or unnecessary contact throughout the process; no
non-target objects or environmental structures are disturbed.

3 points: Only slight, brief scraping or near-contact occurs, without visible
movement, shaking, squeezing, dragging, mistaken contact, or task
interference.

2 points: Obvious but not severe collision, scraping, pressing, dragging, or
mistaken contact occurs, causing small movement, shaking, pose change, brief
obstruction, or slight interference, but does not lead to failure.
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1 point: The robot collides with environmental objects multiple times, or clearly
pushes, squeezes, drags, or mistakenly contacts objects, causing noticeable
disturbance or affecting the task.

0 points: Severe collision or major environmental disturbance occurs, causing
objects to be knocked away, dragged, toppled, mistakenly triggered, or
seriously interfering with the task.

(5) Task Success and Final State Accuracy

Evaluate whether the task is completed and whether the final result reaches the
target position or target state.

4 points: The task succeeds. The final result is accurately in place and stable,
with no obvious deviation, over-operation, or risk of failure.

3 points: The task succeeds. The final result is basically in place, with only
slight position or pose deviation. The target object is stable, with no
obvious edge offset, tilting, slipping, or subsequent instability risk.

2 points: The task is basically successful, but the final position, pose, or
state is clearly not ideal, such as obvious deviation from the target
center, edge offset, tilting, incomplete placement, or risk of slipping,
toppling, deviation, rebound, or later instability.

1 point: The task barely succeeds or is close to succeeding. The final state is
unstable, clearly deviates from the target, or only part of the objective is
completed.

0 points: The task fails. The target position or state is not reached, or
dropping, non-triggering, severe deviation, jamming, instability, or another
issue prevents task completion.

Please output in the following format:

(1) Approach and Initial Operation Smoothness: X/4
Reason:

(2) Contact Position Accuracy and Operation Quality: X/4
Reason:

(3) Execution Stability and Trajectory Smoothness: X/4
Reason:

(4) Environmental Interaction and Collision Control: X/4
Reason:

(5) Task Success and Final State Accuracy: X/4

Reason:

Total Score: X/20

D Additional Results

gives the per-task results of the tokenizer-swap experiment of

Table 6: Tokenizer swap. Success rate (%) when the official LAPA and UniVLA latent action
models replace ours in an otherwise identical stage-2/3 pipeline on the same training data. Each entry
averages 50 closed-loop rollouts.

Tokenizer A B C D E Avg
UniVLA 74 96 100 94 80 88.8

Source Env LAPA 78 84 92 92 90 872
Ours 9 98 98 100 88 96.0
UniVLA 14 4 0 0 2 40
Target Env (adapted) LAPA 10 32 18 0 0 12.0
Ours 36 78 80 82 8 56.8

Figures [8HIT] provide per-axis and magnitude UMAP visualizations supplementing the codebook
analysis in Our codebook exhibits smooth, axis-aligned gradients across all translational
dimensions, whereas LAPA and UniVLA show fragmented clusters with no consistent directional

structure.

20



30
15
20
20
10
10 10
A 5 . '.’,.&
5 f 5‘
04 22 0 & s
0 \ »
_104d v
10 dio
s
—204
20
10
-30
-20  -10 10 20 30 -20 -10 0 10 20 -15  -10 -5 0 5 10 15

—0.05

-0.10

-0.15

-0.20

Figure 8: UMAP visualization colored by X-axis displacement. Left: LAPA; Middle: UniVLA;

Right: Ours.
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Figure 9: UMAP visualization colored by Y-axis displacement. Left: LAPA; Middle: UniVLA;

Right: Ours.
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Right: Ours.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction accurately summarize the paper’s scope and main
contributions: the three-stage FreeAct framework, physically grounded latent action learning,
demonstration-free adaptation from generated videos, and the self-evolution extension. The
stated claims are supported by the method and experimental results, and are scoped to the
evaluated settings.

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper discusses limitations in the Limitations and future work paragraph,
including the evaluation scope and directions for improving generation fidelity.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not present theoretical results, theorems, or formal proofs. The
equations in the method section define model objectives, losses, metrics, and optimization
updates, and their assumptions and usage are described in the corresponding method and
experiment sections.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper describes the datasets, baselines, evaluation protocol, model compo-
nents, losses, training stages, and main hyperparameters needed to reproduce the experimen-
tal results. Additional architectural details, training schedules, and implementation details
are provided in the appendix. Code files will be released to further support reproducibility.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will release the code and reproduction instructions, including environment
setup, data preparation, training and evaluation commands, and scripts for reproducing the
experimental results. The paper uses public datasets where applicable and describes how
generated videos and intermediate pseudo-labels are produced.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper specifies the datasets, data splits, baselines, evaluation protocol,
model architecture, training stages, losses, and key hyperparameters in the main text, with
full training schedules, optimizer settings, and implementation details provided in the
appendix.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
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Justification: Each policy success rate is averaged over 50 independent closed-loop rollouts,
giving a binomial standard error of at most 7.1 percentage points. The main improvements,
such as 2% to 57% and 57% to 74%, are much larger than this uncertainty. For[Table T]
held-out test results are reported to verify generalization beyond the training split.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper reports the hardware used for all experiments, including 8 NVIDIA
RTX 4090 GPUs with 24GB memory each, and provides the wall-clock training time for
each training stage.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The work conforms to the NeurIPS Code of Ethics and does not involve human
subjects or sensitive personal data.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
o If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
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10.

11.

12.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The work lowers the data-collection barrier for deploying manipulation policies
in new environments. Potential risks of imperfect generated supervision are discussed
alongside our experimental analysis.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release high-risk models, scraped datasets, or generative
models requiring additional safeguards.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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13.

14.

15.

Answer: [Yes]

Justification: The paper credits the existing datasets, models, and codebases used in the
experiments, and the released code will include their licenses and terms of use.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The released code and any new assets introduced by the paper will be docu-
mented with setup instructions, training and evaluation details, licenses, and usage notes.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing experiments or research with human
subjects.

Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing or research with human subjects, so
IRB approval is not applicable.

Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: We use an MLLM (GPT-5.5) as an automated rollout evaluator to score policy
rollouts for self-evolution (Sec. 4.4); its usage is described in the main text and the MLLM
Evaluation Prompt appendix.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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