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ABSTRACT

Vision–Language–Action (VLA) models have become a key framework for
robotics, coupling multimodal perception with language-grounded decision mak-
ing to enable cross-task generalization, dynamic interaction, and long-horizon
planning. However, despite training on large-scale video and trajectory data, pre-
vailing VLAs are predominantly imitation-driven and lack an intrinsic, spatiotem-
poral understanding of physical actions; as a result, their generalization degrades
in unseen embodiments and contexts. In parallel, existing action-understanding
approaches still fail to model temporally correlated action semantics and suffer
from visual feature entanglement among the robot, manipulated objects, and back-
ground, hindering clean atomic-action semantics and reliable transfer.
We present RoboAct-CLIP, which addresses both issues with two components:
(1) a curated single-action training set distilled from open-source robot videos via
semantics-constrained action-unit segmentation and re-annotation, yielding puri-
fied clips each containing one atomic action (e.g., “grasp”); and (2) a temporal-
decoupling architecture on a CLIP backbone. Concretely, a frozen CLIP visual
encoder processes uniformly sampled frames; a Temporal Diff-Transformer oper-
ates on consecutive feature differences together with a start–end delta (the former
emphasizes spatiotemporal dynamics, the latter summarizes action outcome); the
fused representation is routed into subject/object/action branches with orthogo-
nality constraints; and a compositional contrastive objective aligns branch-wise
visual features with templated texts, with an additional recombination alignment
loss between remixed branch features and their corresponding texts to further
strengthen disentanglement. Used as a frozen backbone, RoboAct-CLIP supports
lightweight policy heads and reduces per-task tuning.
In LIBERO and Franka Kitchen simulation, RoboAct-CLIP improves success rate
by 12% and 5.7% over strong VLA baselines and exhibits better generalization
in multi-object and unseen tasks; real-world evaluations on a single physical robot
arm confirm stable atomic-action execution, with RoboAct-CLIP kept frozen and
only the downstream policy adapted using task-specific data collected on the same
platform. These results indicate that explicit temporal modeling plus factorized
action/object/agent representations offers a simple, scalable path to more reliable
VLA-based manipulation.

1 INTRODUCTION

Vision–Language–Action (VLA) models have enabled new paradigms in robotic perception, in-
struction following, and policy learning by aligning visual representations with natural-language
semantics Li et al. (2025); Jeong et al. (2024); Ma et al. (2024). Representative systems such as RT-
2 Brohan et al. (2023), RoboFlamingo Li et al. (2023), and SpatialVLM Chen et al. (2024) demon-
strate strong cross-task generalization and zero-shot manipulation. However, most are trained on
static image–text pairs or sparsely sampled frames, under-capturing the fine-grained temporal dy-
namics that distinguish sequential atomic actions, leading to error accumulation in long-horizon
tasks and confusion between transient states (e.g., lifting vs. tilting).

Imitation learning paradigms incorporate temporal information by training on human or robot video
demonstrations Zare et al. (2024); Lázaro-Gredilla et al. (2019); Miao et al. (2025). While this
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provides sequential experience, policies often replicate low-level motion patterns and demo-specific
idiosyncrasies rather than action intent, yielding brittle generalization. Overfitting to embodiment
or environment further limits versatility.

A second bottleneck is feature entanglement: manipulation videos mix the robot, manipulated ob-
jects, and background, making it difficult to isolate the action-centric signal. Without explicit disen-
tanglement, VLM representations are prone to contextual confusion and multimodal hallucination,
undermining reliability and transfer Liu et al. (2024); Chakraborty et al. (2025).

We address these challenges with RoboAct-CLIP, a video-driven approach featuring two contri-
butions. First, a curated single-action training set is distilled from open-source robot manipula-
tion videos via semantics-constrained action-unit segmentation and re-annotation, producing pu-
rified clips each containing one atomic action (e.g., an isolated “grasp”). Second, a temporal-
decoupling architecture on a CLIP backbone learns hierarchical action representations: a Temporal
Diff-Transformer operates on consecutive feature differences together with a start–end delta (the for-
mer emphasizing spatiotemporal dynamics, the latter summarizing action outcome); the fused code
is routed into subject/object/action branches with orthogonality constraints; and a compositional
contrastive objective aligns branch-wise visual features with templated texts, with an additional
recombination alignment term between remixed branch features and their corresponding texts to
further strengthen disentanglement. In simulation, RoboAct-CLIP yields a 12% higher success rate
than strong VLA baselines on long-horizon manipulation and generalizes to novel object configura-
tions. Real-world evaluations on a single physical robot arm confirm stable atomic-action execution,
with RoboAct-CLIP kept frozen and only the downstream policy network adapted using task-specific
data collected on the same platform.

Our contributions can be summarized as follows:

• Curated single-action training set. We distill a single-action training set from open-
source robot manipulation videos via semantics-constrained action-unit segmentation and
re-annotation, producing purified clips each containing one atomic action (e.g., grasp) for
action-centric supervision.

• Temporal–decoupling CLIP. A CLIP-based fine-tuning with a Temporal Diff-Transformer
over consecutive feature differences and a start–end delta; the fused code is routed into
orthogonal subject/object/action subspaces. A compositional contrastive objective, aug-
mented with a recombination alignment term, strengthens disentanglement between action
dynamics and object/agent appearance.

• Policy-ready & downstream gains. Used as a frozen backbone, RoboAct-CLIP supports
lightweight policy heads (e.g., behavior cloning) and reduces per-task tuning. In simulation
it improves success rate by +12% over strong VLA/VLM baselines and generalizes better
to multi-/unseen-object settings. Real-world experiments on a single physical robot arm
further validate the approach, with RoboAct-CLIP kept frozen and only the downstream
policy adapted using task-specific data from the same platform.

2 RELATED WORK

2.1 VISION–LANGUAGE–ACTION MODELS

Vision–language–action (VLA) models jointly couple perception, language grounding, and ac-
tion interfaces for robotic control. Early foundations such as CLIP Radford et al. (2021) and
Flamingo Alayrac et al. (2022) have been adapted to robotics by co-training on web-scale image–
text data and robot demonstrations, and then attaching policy layers. RT-2 Brohan et al. (2023)
treats discrete robot actions as textual tokens and trains on internet and robot data to enable in-
struction following and object-conditioned skills. RoboFlamingo Li et al. (2023) fine-tunes Open-
Flamingo Awadalla et al. (2023) on manipulation datasets and appends a lightweight control head
for zero-shot manipulation. SpatialVLM Chen et al. (2024) augments the architecture with 3D
positional cues to strengthen geometric reasoning in manipulation and navigation. Despite these
advances, many VLAs are trained primarily on static images or sparsely sampled frames and tend
to inherit demonstration-specific motion patterns, offering limited temporal resolution of atomic ac-
tions and often entangling embodiment and background context with task-relevant cues. Our work
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is VLA-first: it introduces an explicitly temporal video pathway and a factorized representation that
can be used as a frozen backbone for lightweight downstream policies.

2.2 ATOMIC ACTION UNDERSTANDING

Fine-grained or atomic action understanding seeks to model the spatiotemporal micro-structure of
manipulation. Video models that exploit motion, e.g., frame-difference networks and MSTDT Wang
et al. (2024a) improve segmentation of long videos by encoding temporal change signals. In
robotics, decomposition-based approaches like DART Wang et al. (2024b) translate language into
sequences of atomic skills for stepwise execution, while outcome-aware embedding methods such
as Robotic-CLIP compare start and end frames to capture action results Nguyen et al. (2025).
However, boundary-only supervision may overlook intermediate transitions, and handcrafted prim-
itive libraries can constrain flexibility. RoboAct-CLIP complements these ideas by (i) operating on
first-order feature differences with a Temporal Diff-Transformer while also using a start–end delta,
thereby capturing both transient dynamics and outcomes, and (ii) aligning action semantics at the
branch level (subject/action/object) with a compositional contrastive objective. A recombination
alignment term further encourages generalization to novel subject–action–object triplets without re-
lying on manual primitive engineering.

2.3 FEATURE DISENTANGLEMENT IN ROBOT LEARNING

Disentangling agent, object, and scene factors is critical for transfer across embodiments and envi-
ronments. Prior work has used attention/masking to isolate action-centric slots from context (e.g.,
DEVIAS) Bae et al. (2024), object-centered 3D interaction primitives with planner–executor loops
to mitigate hallucinations (OmniManip) Pan et al. (2025), and adaptive prediction horizons with
long-term memory to detect failures and solicit assistance (ACP) Misic (2024). These methods
underscore the importance of separating what moves (agent), what is manipulated (object), and
where/when it happens (context). Distinct from masking- or asset-heavy pipelines, RoboAct-CLIP
performs branch-wise factorization directly within a CLIP-based VLA backbone: orthogonality
constraints promote independence across subject/object/action subspaces; feature banks plus re-
combination alignment supply compositional supervision; and all components integrate with a con-
trastive training recipe that preserves language grounding. This yields action-focused, transferable
embeddings without requiring explicit 3D assets or segmentation labels.

Summary. Existing VLAs excel at instruction grounding but under-capture fine-grained temporal
dynamics and often entangle embodiment with task semantics. Work on atomic action understanding
and disentanglement tackles parts of the problem—either dynamics at boundaries or factor separa-
tion via masking/3D priors—but rarely unifies them within a language-grounded VLA. RoboAct-
CLIP brings these threads together via (i) temporal difference modeling that complements start–end
outcomes and (ii) explicit subject/object/action factorization with compositional alignment, provid-
ing a simple, frozen backbone for downstream policy learning.

3 METHODOLOGY

Our framework starts with a curation and annotation pipeline over open-source robot video datasets,
then integrates two components: a Temporal Difference Transformer for temporal reasoning and a
Feature Disentanglement module for representation decoupling. We finally describe how the archi-
tecture is used for policy learning in sequential decision-making tasks.

3.1 DATASET PREPARATION

We select RH20T Fang et al. (2024), an open-source collection of >110 k contact-rich manipulation
sequences spanning actions, environments, robots, and viewpoints, with paired videos and language
descriptions. Algorithm 1 sketches our preparation:

After processing, the dataset comprises: 199,797 videos · 143 tasks · 52 atomic actions · 63,922,209
frames.

3
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Algorithm 1 Dataset Preparation
1: procedure PREPARE(RH20T)
2: Unzip videos and corresponding textual annotations.
3: for each video V with annotation T do
4: Query the DeepSeek R1 Guo et al. (2025) API with prompt: “Identify the number of

actions, with verbs and objects, in: T .”
5: if response indicates multiple actions then
6: Discard V (retain only single-action clips).
7: else
8: Extract subject (S), action (A), object (O) from the response.
9: Compose description: “Robot (or Human) [A] [O]. Action is A, Object is O.”

10: end if
11: end for
12: end procedure

3.2 ROBOACT-CLIP

Figure 1: Overall framework of RoboAct-CLIP.

Our model extends CLIP with a temporal difference Transformer and feature-disentanglement mod-
ules to achieve fine-grained understanding of manipulation actions (fig. 1).

3.2.1 CLIP ENCODERS (TEXT & VISUAL)

We use off-the-shelf CLIP text and visual encoders strictly as frozen feature extractors. Given a
language instruction Itext and a video sequence [Frame1, . . . ,Framen] (we use n=16 uniformly
sampled frames), we compute:

Ft = CLIPtext(tokenize(Itext)), (1)
Ft sub = MLPtext subject(Ft), (2)
Ft act = MLPtext action(Ft), (3)
Ft obj = MLPtext object(Ft). (4)

We then obtain per-frame visual features with the frozen visual encoder:

Fv i = CLIPvisual(Framei), i=1, . . . , n, (5)

yielding [Fv 1, . . . , Fv n] as inputs to the Temporal Diff-Transformer.

4
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3.2.2 TEMPORAL DYNAMICS LEARNING

To explicitly model the spatiotemporal dynamics of actions, we propose the Temporal Diff-
Transformer,

∆Fv i = Fv i − Fv i−1, i = 2, . . . , n, (6)

which suppress static background and highlight motion. Differences are fed to a Transformer en-
coder (with positional encoding Vaswani et al. (2017)):

{Temv i}ni=2 = Transformer({∆Fv i}ni=2). (7)

We take the last output as a summary, Temvisual=Temv n, and also compute the start–end change
∆Fv=Fv n−Fv 1. We then form the visual representation

Fv = MLP(Concat[Temv; ∆Fv; Fv 1; Fv n]). (8)

3.2.3 FEATURE DISENTANGLEMENT LEARNING

Self-attention augments context:

Fv attn = MultiHeadAttention(Q=Fv,K=Fv, V=Fv). (9)

We project to three branches:

Fv sub = MLPvisual subject(Fv attn), Fv obj = MLPvisual object(Fv attn), Fv act = MLPvisual action(Fv attn).
(10)

Orthogonality encourages independence:

Lsim = − 1
3N

N∑
i=1

(
CosSim(F i

v sub, F
i
v act) +CosSim(F i

v sub, F
i
v obj) +CosSim(F i

v act, F
i
v obj)

)
, (11)

with small L2 regularization,

LL2 = 0.01 (∥Fv sub∥2 + ∥Fv act∥2 + ∥Fv obj∥2). (12)

Feature banks and recombination. We maintain visual feature banks Bv sub,Bv act,Bv obj with
one representative per class, updated every Setting Step:

Bv sub = {F 1
v sub, F

2
v sub, . . . , F

Ks

v sub} , (13)

Bv act = {F 1
v act, F

2
v act, . . . , F

Ka
v act} , (14)

Bv obj = {F 1
v obj, F

2
v obj, . . . , F

Ko

v obj} , (15)

We synthesize recombined visual features:

F s,a,o
recomb = Combiner(Bv sub[sub s], B act[act a], B obj[obj o]) (16)

with matching text embeddings:

T s,a,o
recomb = TextEnc(“s a the o, action is a”), (17)

then apply a contrastive objective

Lrecomb = − 1
N

N∑
i=1

log
exp(sim(F i

recomb, T
i
recomb)/τ)∑

b∈M
exp(sim(F i

recomb, T
b
recomb)/τ)

. (18)

The enhanced disentanglement loss is

Ldisent = λortho (Lsim + LL2) + λrecomb Lrecomb. (19)
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Auxiliary classification. To further guide the learning process, we incorporate auxiliary classifi-
cation tasks for each branch of the disentanglement module Zhang et al. (2024); Wang et al. (2022).
Specifically, we attach three classifiers (for subject, action, and object prediction) on Fattn:

Pv sub = Softmax(MLPclassify-subject(Fv attn))

Pv act = Softmax(MLPclassify-action(Fv attn))

Pv obj = Softmax(MLPclassify-object(Fv attn)) (20)

On Fv attn we attach three heads with cross-entropy losses to predict subject/action/object classes
(weights αs, αa, αo), forming

Laux = − 1
N

N∑
i=1

(
αs CE(Psub, ysub) + αa CE(Pact, yact) + αo CE(Pobj, yobj)

)
. (21)

where CE denotes the cross-entropy loss, αs, αa, αo are task-specific weights, and ysub, yact, yobj are
the ground-truth labels. By training with these auxiliary tasks, each feature branch is encouraged
to focus on its designated semantic aspect, thereby improving overall representation quality and
downstream task performance.

3.2.4 TRAINING OBJECTIVE

To ensure cross-modal alignment between the visual and textual representations, we employ a CLIP-
style contrastive loss. We first form the video-level feature F i

v by concatenating the three visual
branch outputs, and likewise form the text-level feature F i

t by concatenating the text branch outputs:

F i
v = Concat(F i

v sub, F
i
v obj, F

i
v act), F i

t = Concat(F i
t sub, F

i
t obj, F

i
t act), (22)

LCLIP = − 1
N

N∑
i=1

log
exp(sim(F i

v , F
i
t )/τ)∑N

j=1 exp(sim(F i
v , F

j
t )/τ)

. (23)

The total loss is
LTotal = LCLIP + λdisent Ldisent + λaux Laux. (24)

3.3 APPLICATION

Figure 2: Applying RoboAct-CLIP in policy training.

During policy training, the pre-trained visual and textual encoders remain frozen. Robot state (joint
configurations, gripper state) is concatenated with encoded features as input to the downstream
policy.
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Table 1: Success rates (%) in Libero dataset.
Method T1 T2 T3 T4 Overall

R3M 46.0 80.0 58.0 52.0 59.0
MPI (Small) 50.0 74.0 38.0 66.0 57.0
MPI (Base) 62.0 70.0 44.0 82.0 64.5
CLIP 86.0 76.0 22.0 20.0 51.0
Robotic-CLIP 88.0 82.0 38.0 46.0 63.5
RoboAct-CLIP (Ours) 90.0 84.0 56.0 76.0 76.5

- w/o Temporal Diff-Transformer 78.0 72.0 70.0 44.0 66.0
- w/o Feature Disentanglement 88.0 76.0 56.0 60.0 70.0
- w/o Reconstruction Contrastive Loss 85.0 78.0 63.0 72.0 74.5
- w/o Auxiliary Classification Loss 83.0 73.0 54.0 70.0 70.0
- Shorter sequence (n=2) 74.0 69.0 50.0 62.0 63.8
- Only original CLIP frame features 88.0 79.0 28.0 32.0 56.7

4 EXPERIMENTS

We evaluate RoboAct-CLIP in simulated environments and on physical manipulators. RoboAct-
CLIP is used as a frozen encoder for downstream policies. We perform ablations to isolate the
contributions of the Temporal Diff-Transformer and Feature Disentanglement.

4.1 SIMULATION EXPERIMENTS

We use the LIBERO Liu et al. (2023) simulation benchmark for household manipulation. A robotic
arm performs four tasks: (T1) open the middle drawer; (T2) push a plate to the stove front; (T3)
place cream cheese in a bowl; (T4) turn on the stove. We report success rate: the fraction of episodes
completing within 200 steps.

Baselines: R3M Nair et al. (2022); MPI (ViT-S/B) Zeng et al. (2024); CLIP Radford et al. (2021);
Robotic-CLIP Nguyen et al. (2025). Our method: RoboAct-CLIP. All encoders are frozen within
the same policy pipeline.

RoboAct-CLIP attains the highest average success rates on LIBERO, improving the strongest base-
line by average (MPI-Base, 64.5%) to 76.5% (+12.0 pp) under a strictly frozen-encoder and identical
policy setup. Per-task trends. Relative to MPI-Base, RoboAct-CLIP yields +28.0 pp on T1 (90.0
vs. 62.0), +14.0 pp on T2 (84.0 vs. 70.0), +12.0 pp on T3 (56.0 vs. 44.0), and −6.0 pp on T4 (76.0
vs. 82.0). Gains are largest on tasks with pronounced motion and state transitions (T1–T3), while
T4 shows a smaller margin where precise goal completion dominates. Notably, against the best per-
task baselines, RoboAct-CLIP remains competitive (e.g., +2.0 pp over Robotic-CLIP on T1 and T2)
despite not leading on T3 (R3M: 58.0) and T4 (MPI-Base: 82.0).

Figure 3: RoboAct-CLIP performing four manipulation tasks in LIBERO. Each row is a task; the
model maintains precise control across sequences.
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Table 2: Unseen generalization success
rates(%) on LIBERO Simulation Environ-
ment.

Method T5 T6

R3M 0 0
MPI (Small) 0 0
MPI (Base) 0 0
CLIP 0 0
Robotic-CLIP 0 0
RoboAct-CLIP (Ours) 4 16

Table 3: Success rates (%) in Franka Kitchen Simu-
lation Environment.

Method Knob Door Switch Micro Slide Overall

R3M 53.6 49.8 85.9 58.7 98.2 69.2
MPI (Small) 84.1 49.5 88.8 58.8 99.4 76.1
MPI (Base) 88.1 57.1 94.0 54.1 99.4 78.5
CLIP 26.9 12.0 42.3 25.1 86.0 38.5
Robotic-CLIP 76.0 42.0 86.0 52.0 94.0 70.0
RoboAct-CLIP (Ours) 92.0 68.0 96.0 66.0 99.2 84.2

Generalization to unseen tasks. We further evaluate on two held-out tasks: (T5) put alphabet
soup and cream cheese into the basket; (T6) pick the black bowl from the top drawer and place it
on the plate. As reported in Table 2, all baselines achieve 0% on both tasks, whereas RoboAct-
CLIP attains 4% (T5) and 16% (T6). Although the absolute rates are modest, they indicate better
zero-shot generalization under the same policy pipeline—encoders frozen, no task-specific tuning
on T5/T6, and only the downstream policy trained on in-distribution tasks.

We hypothesize two contributing factors. First, the Temporal Diff-Transformer plus start–end delta
provides outcome-aware cues that help stitch primitives into coherent action chains (e.g., open →
pick → place) required by T6. Second, factorizing subject/object/action features and optimizing
with the recombination alignment term improves compositionality, enabling the policy to re-use
atomic-action embeddings in new permutations. The higher success on T6 relative to T5 is consistent
with this view: T6 primarily recombines primitives frequent in training (open drawer, pick, place),
whereas T5 adds multi-object sequencing and state tracking (two distinct pickups and placements
into a target receptacle), increasing long-horizon credit assignment difficulty.

Franka Kitchen benchmark. To test transfer beyond LIBERO, we evaluate on Franka Kitchen
with five primitives (turn knob, open door, flip switch, open microwave, slide door) under the same
protocol. Table 3 summarizes the results. Consistent with our motivation, models like Robotic-CLIP
and RoboAct-CLIP that incorporate stronger temporal/action cues outperform static CLIP features
on articulated-object manipulation (open door, open microwave).

4.2 ABLATIONS

To further clarify the contribution of each component in ROBOACT-CLIP, we performed the fol-
lowing ablation experiments:

1. A1 – Without Temporal Diff-Transformer. We fed only the first and last frame features(
F1, Fn

)
to remove temporal modeling and assess its impact (cf. Eq. 8).

2. A2 – Without Feature Disentanglement. The disentanglement block was removed; the
visual encoder output was directly aligned with text, isolating its effect.

3. A3 – Without Reconstruction Contrastive Loss. We disabled the contrastive term used to
align reconstructed features, retaining all other losses, to test its influence on cross-modal
representation quality.

4. A4 – Without Auxiliary Classification Loss. The three-way action/agent/object classifi-
cation loss Lcls was dropped, leaving only contrastive and reconstruction losses, to quantify
the value of categorical supervision for disentanglement.

5. A5 – Shorter Video Sequence (n=2 frames). Like Robotic-CLIP, we reduced each clip
from 16 to 2 frames to gauge how sequence length affects performance and temporal rea-
soning.

6. A6 – Only original CLIP frame features. Keeping the full RoboAct-CLIP architecture
intact, we supplied only the frame-level features F1, . . . , Fn to the downstream policy,
measuring how much the temporal and disentanglement modules contribute beyond raw
frame features.

The ablation results in Table1 clearly demonstrate the importance of both proposed components.
Removing the Temporal Diff-Transformer (Ablation 1) led to a significant performance drop of

8
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Table 4: Real-world manipulation success rates (%).
Subtask success

Method Open
(middle)

Pick
(tape)

Place
(on table)

Close
(drawer)

Avg.
Success

MPI 50.0 46.7 42.9 33.3 43.2
CLIP 43.3 30.8 50.0 0.0 31.3
Robotic-CLIP 53.3 37.5 50.0 33.3 43.5
RoboAct-CLIP (Ours) 66.7 60.0 58.3 71.4 64.6

Figure 4: Execution sequence of the real-world task using RoboAct-CLIP.

10.5 percentage points in overall success rate, with particularly pronounced effects on Tasks 2 and
4. This confirms the critical role of temporal modeling in capturing action dynamics. Similarly,
the absence of the Feature Disentanglement module (Ablation 2) resulted in a 6.5 percentage point
decrease in overall performance, highlighting its effectiveness in separating task-relevant features
from embodiment-specific information. These findings validate our architectural design choices and
underscore the complementary nature of the proposed components.

4.3 REAL-WORLD ROBOT EXPERIMENTS

We train a policy on teleoperated trajectories to execute: (1) open middle drawer, (2) pick up scotch
tape, (3) place it on the table, (4) close the drawer. RoboAct-CLIP transfers from simulation to
real settings, with temporal modeling providing robustness to lighting, appearance, and dynamics
variations.

Analysis. Table 4 summarizes per-subtask and average success rates. RoboAct-CLIP attains an av-
erage of 64.6%, outperforming Robotic-CLIP (43.5%), MPI (43.2%), and CLIP (31.3%) by +21.1,
+21.4, and +33.3 percentage points, respectively. Per-task gains over the best baseline are: Open
+13.4 pts (66.7 vs. 53.3), Pick +13.3 pts (60.0 vs. 46.7), Place +8.3 pts (58.3 vs. 50.0), and Close
+38.1 pts (71.4 vs. 33.3). The largest improvement appears on the terminal Close step, where suc-
cess depends on accumulating temporal evidence and the net outcome of actuation; our Temporal
Diff-Transformer, together with the start–end delta, explicitly encodes such outcome-aware dynam-
ics. Meanwhile, factorizing subject/object/action features reduces embodiment- and appearance-
induced interference, which benefits dexterous acquisition and placement (e.g., Pick +13.3 pts). All
methods share the same policy pipeline; encoders are frozen and only the state encoder and policy
head are trained on teleoperated data collected on the same platform.

5 CONCLUSIONS

We introduced RoboAct-CLIP, a VLA-oriented approach for atomic action understanding in
robotics. The method combines two ingredients: (i) a curated single-action training set distilled
from open-source manipulation videos via semantics-constrained action-unit segmentation and re-
annotation; and (ii) a temporal–decoupling fine-tuning atop a frozen CLIP backbone, where a Tem-
poral Diff-Transformer operates on frame-difference features together with a start–end delta, and
the fused code is routed into orthogonality-constrained subject/object/action branches. A compo-
sitional contrastive objective, augmented with a recombination alignment term, aligns branch-wise
visual features to templated texts and further strengthens disentanglement between action dynamics
and object/agent appearance.

Used as a frozen backbone, RoboAct-CLIP supports lightweight policy heads and reduces per-task
tuning. In LIBERO and Franka Kitchen simulation, it improves success rate by 12% and 5.7%
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over strong VLA baselines and generalizes better to multi-/unseen-object settings. On hardware,
real-world experiments on a single robot arm confirm stable atomic-action execution with RoboAct-
CLIP kept frozen and only the downstream policy/state encoder adapted using platform-specific
data. Ablations verify the complementary roles of the Temporal Diff-Transformer, the factorized
branches, and the recombination alignment loss.

Overall, explicitly modeling temporal change while factorizing action, object, and agent cues pro-
vides a simple and scalable recipe for more reliable VLA-based manipulation.

REPRODUCIBILITY STATEMENT

We aim to make our results reasonably verifiable under the double-blind review setting.

Code (minimal release). An anonymized repository is available at https://anonymous.
4open.science/r/RoboAct-CLIP-187C/. It provides the core training and evaluation
scripts and configuration templates for RoboAct-CLIP, along with a README describing basic
setup and how to launch representative experiments.

Datasets. All benchmarks used in the paper are public. For our curated single-action clips derived
from open-source videos, we share curation instructions and metadata/manifests that allow reviewers
to reproduce the curation without redistributing third-party media.

Evaluation. Success metrics and task horizons follow the definitions stated in the paper; runs use
fixed random seeds as specified in the provided configs. The released scripts compute the reported
aggregate metrics from per-episode logs.

Environment. The repository includes basic dependency specifications sufficient to execute the
main experiments on a single modern GPU.

Accountability. Any limitations or nondeterminism (e.g., hardware variance in real-robot trials) are
documented in the README. All claims in the paper are supported by the artifacts described above.
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A LLM USAGE STATEMENT

We used large language models (LLMs) in the following ways and take full responsibility for all
content produced.

Writing assistance. We used ¡GPT-5¿ for wording/grammar suggestions on drafts of the abstract,
introduction, and related work. All technical claims, references, and equations were authored and
verified by the authors.

Research assistance. We used ¡Claude Sonnet 4¿ to brainstorm ablation variants and to generate
boilerplate code snippets (e.g., logging/argument parsing). All experimental code and results were
implemented, verified, and validated by the authors.

Data and annotation. During the single-action data curation, we used LLM prompts solely to
assist with semantics-constrained filtering and slot extraction. The exact prompts are described in
the paper (see Algorithm 1). Final labels and segment boundaries were checked by the authors.

No LLM was listed as an author. We verified all LLM outputs for factual accuracy and correctness,
and we remain fully accountable for the paper’s content.
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