
TDSR-VLA: Transition-aware Denoising
Sequence Representations for

Vision-Language-Action

Dongwoo Kim1*, Keunho Song1*, Seungmin Lee1*, Hwanhee Ju1, Eun Sang
Cha1†, and Daekyum Kim1,2†

1 Department of Mechanical Engineering, Korea University, Seoul, Republic of Korea
2 School of Smart Mobility, Korea University, Seoul, Republic of Korea

kimdongwoo@korea.ac.kr, bill1869@korea.ac.kr, albert31115@gmail.com, jhh0415@korea.ac.kr,

jessecha@korea.ac.kr, daekyum@korea.ac.kr
*Equal contribution. †Corresponding authors.

Abstract. Vision–language–action (VLA) policies often become brit-
tle under deployment distribution shift when only limited target-domain
demonstrations are available. Subgoal-image planning addresses this is-
sue by providing an explicit visual target. However, the target image
specifies what future scene to reach, not how the robot should transition
toward it. We propose TDSR-VLA, a VLA framework that reuses condi-
tioning states from a diffusion-based Vision Planner to guide action gen-
eration. The Vision Planner predicts a subgoal image and provides two
representations: a Sequence Representation (SR) grounded in the current
observation and an Updated Sequence Representation (USR) refined dur-
ing denoising steps. A flow-matching Action Expert generates continuous
action chunks by injecting these representations through layer-wise pre-
fix key–value conditioning. On real-world tasks, TDSR-VLA achieves an
average OpenArm score of 0.83, outperforming GR00T N1.5 (0.74), π0

(0.71), and SmolVLA (0.58), with the largest gains on object-cooperative
tasks (0.88 vs. 0.70). On LIBERO, TDSR-VLA reaches 82.0% on Goal
and 56.0% on Long without robot-demonstration pretraining, outper-
forming OpenVLA on both suites and π0 on Long. Ablation studies show
that planner-side conditioning states provide action-relevant transition
cues, improving long-horizon manipulation under limited training data.

Keywords: Vision–Language–Action Models · Robot-Learning · Robotics

1 Introduction

Reliable real-world robot behavior remains a central challenge in robotics, re-
quiring robots to understand semantic goals, perceive complex environments, and
execute appropriate actions. Recent vision–language–action (VLA) models build
on pretrained vision–language models (VLMs) and further train them for robot
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Fig. 1: TDSR-VLA Architecture. The Vision Planner generates a subgoal image
and action-useful planner-side transition cues (SR, USR) from the current observation
and language instruction. The Action Expert then produces a continuous action chunk
via conditional flow matching [34], conditioned on SR/USR and SigLIP-encoded visual
tokens from multiple current views (e.g., top-down and wrist cameras) as well as the
generated subgoal image, enabling current-grounded yet subgoal-guided control.

control with diverse multi-robot demonstrations [16, 19, 27]. This approach uses
the semantic knowledge of pretrained VLMs for language grounding and action-
relevant representation learning. However, VLA policies still face challenges in
long-horizon execution, cross-embodiment transfer and zero-shot generalization
to unseen environments or task variations [27,38,40].

Among these challenges, long-horizon execution has motivated planning-to-
control interfaces [2, 5, 25, 32, 41, 42] that condition the policy on intermediate
planning signals rather than relying only on direct observation-to-action predic-
tion. A widely used planning-to-control interface for manipulation is subgoal-
image planning [2, 5, 25, 32,41, 42]. In this approach, a model predicts a subgoal
image that depicts a future state, and the policy uses this image as a visual
target for action generation [5, 25, 41]. Diffusion-based visual planners are well
suited to this model, because their multi-step generative process can synthe-
size high-fidelity subgoal images from language and visual context. However, the
subgoal image mainly specifies what future state to reach and provides limited
information about how to move toward that state. Recent methods supplement
subgoal images with additional transition signals for policy conditioning, such
as flow-based motion tokens [42], video features [32], and generated demonstra-
tions [2]. Yet, these signals are typically produced as separate motion artifacts
or features. They do not directly reuse the internal states of the subgoal genera-
tor. This leaves underexplored whether the denoising-time planner states already
produced inside a diffusion visual planner can serve as action-conditioning repre-
sentations. We therefore reuse these states to provide action-useful planner-side
transition cues beyond the final subgoal image without training an additional
flow, video, or features.
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TDSR-VLA implements this idea with a decoupled Vision Planner and Ac-
tion Expert. A diffusion–transformer Vision Planner [13, 28] predicts a subgoal
image at a fixed horizon, conditioned on the current observation and instruc-
tion [5,25]. In addition to the subgoal image, the planner provides action-useful
planner-side transition cues that trace how it refines the current scene context
toward the predicted subgoal [5,13,25,28]. We cache two versions of these cues,
an early Sequence Representation (SR) and a final Updated Sequence Repre-
sentation (USR). SR anchors the grounded current context, while USR reflects
instruction and subgoal-aligned updates. The Action Expert is a transformer
policy trained to generate continuous action chunks via conditional flow match-
ing [4, 21, 34, 35]. Rather than conditioning only on the final subgoal appear-
ance, TDSR-VLA injects SR/USR into Action Expert layers via layer-wise prefix
key–value conditioning [20,35]. This lets lower layers stabilize current grounding
while upper layers align actions with the planned transition. To enable stable
learning from a small dataset, we fine-tune the Vision Planner with LoRA [18],
precompute its subgoals and SR/USR outputs, and train the Action Expert with
frozen Vision Planner on these cached planning signals.

We show that TDSR-VLA improves VLA execution through evaluations
on both the LIBERO benchmark and real-world bimanual tasks [12, 22]. On
LIBERO, TDSR-VLA achieves the success rate of 82.0% on Goal and 56.0% on
Long without robot-demonstration pretraining, improving over OpenVLA [19]
on both suites and showing a trade-off with π0 [4]. On real-world bimanual
manipulation, TDSR-VLA achieves the best overall score of 0.83, outperform-
ing the strongest baseline, GR00T N1.5 [14, 26] (0.74). The largest gains ap-
pear on object-cooperative tasks requiring coordinated bimanual transitions.
Together with USR ablations and frozen-feature probes, these results support
that denoising-time planner representations serve as transition-aware action-
conditioning signals for small-data, long-horizon, transition-sensitive VLA ex-
ecution.

2 Related Work

2.1 Vision-Language-Action Models (VLA)

Vision–Language–Action (VLA) models map visual observations and language
instructions to robot actions, typically by adapting large pretrained vision–
language backbones (e.g., CLIP [29]/OpenCLIP [8] and T5 [30]-family encoders)
with robot demonstrations and then fine-tuning for deployment [4, 8, 11, 16, 19,
29, 30, 43]. Recent open and scalable VLAs emphasize multi-task, multi-robot
control and parameter-efficient adaptation, making fast fine-tuning a first-class
capability for real-world use [16, 19, 37]. In parallel, world-model-style VLAs
augment action learning with future visual prediction to better capture environ-
ment dynamics and support planning, but still face a gap between pretraining
and deployment-time control [7, 42].
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2.2 Action Experts and Continuous Action Generation

Many VLA pipelines improve continuous control by using an action expert
that maps multimodal representations into action chunks, often trained with
diffusion-style objectives that can model multi-modal behaviors in contact-rich
manipulation [9,16,23]. Flow matching offers an alternative continuous-generation
paradigm by learning conditional vector fields with simulation-free objectives,
and supports efficient variants such as conditional flow matching and rectified
flow [21,24,34]. However, even strong continuous generators must still infer what
to do next and how to recover from limited supervision; under distribution shift
and long horizons, missing transition cues remain a key failure mode [41,42].

2.3 Image Generators and Visual Subgoals for Planning

Image/video generative models can be reused for planning by predicting future
observations or synthesizing reachable goal/subgoal images that a controller can
track [5, 25, 32, 41]. Subgoal-image and visual-CoT [31]-style approaches make
what to reach explicit and can improve instruction grounding by inserting inter-
mediate visual targets before acting [25, 41]. Complementarily, web-scale video
generation can provide motion priors, enabling policies to condition on generated
demonstrations to reduce robot-data requirements in novel scenarios [2, 32, 36].
Still, a single subgoal image mainly specifies appearance and underconstrains
stepwise transition and correction strategy.

3 Methodology

This section describes TDSR-VLA, a two-module Vision-Language-Action frame-
work designed for small-data long-horizon manipulation under distribution shift.
As shown in Fig. 1, TDSR-VLA explicitly decouples (i) visual planning, which
benefits from large-scale pretrained visual priors, from (ii) action execution,
which must remain learnable and stable with only a small number of robot
demonstrations. Concretely, we combine a diffusion-based Vision Planner that
produces a future-oriented visual plan with a flow-matching Action Expert that
generates continuous action chunks conditioned on both the subgoal and action-
useful planner-side transition cues. This design directly addresses the key bottle-
neck highlighted in the introduction: in small-data settings, end-to-end policies
must learn “what to do next” and “how to do it” with the same parameters,
causing brittle adaptation and error accumulation.

3.1 TDSR-VLA Overview

Problem setup and notation At environment time step t, TDSR-VLA re-
ceives a language instruction (task text) ℓ, a low-dimensional robot state qt ∈ Rdq
(e.g ., on LIBERO, dq = 16 on real-world tasks), and RGB observations I1t (main
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view) and I2t , I
3
t , . . . , I

n
t depending on the camera setup or robot embodiment.

The current observation is formulated as

ot = [I1t , I
2
t , . . . , I

n
t , qt]. (1)

The model outputs a continuous action chunk

At:t+H−1 = {at, at+1, . . . , at+H−1}, H = 50, (2)

where each action at+i ∈ Rda (e.g ., da = 7 on LIBERO). Internally, actions are
padded to a fixed dimension dmax = 32 (denoted pad(·)) for a uniform interface.
Decoupled generative factorization TDSR-VLA models a joint conditional
distribution over an action chunk and planning signals:

Pθ(At:t+H−1, St+∆, Rt | ot, ℓ). (3)

St+∆ is a subgoal image representing a reachable future scene at a fixed horizon
∆, and Rt = (SRt, USRt) denotes action-useful planner-side transition cues
extracted from the Vision Planner’s diffusion transformer [28] during subgoal
generation. We explicitly factorize the model as

Pθ(At:t+H−1, St+∆, Rt | ot, ℓ)
= Pψ(St+∆, Rt | I1t , qt, ℓ)Pφ(At:t+H−1 | St+∆, Rt, ot, ℓ).

(4)

The first term on the right-hand side, Pψ(St+∆, Rt | I1t , qt, ℓ), represents the
visual planning policy parameterized by the Vision Planner, which infers the
subgoal image and action-useful planner-side transition cues (sequence represen-
tation and updated sequence representation). The second term, Pφ(At:t+H−1 |
St+∆, Rt, ot, ℓ), denotes the low-level control policy parameterized by the Action
Expert, which generates continuous action chunks conditioned on the explicit
visual plan provided by the Vision Planner.

A subgoal image provides a concrete target appearance: what the next reach-
able state should look like. However, in long-horizon execution with limited re-
covery coverage, appearance alone can underconstrain how to move and how to
correct small errors online. We therefore also condition the Action Expert on
Rt = (SRt, USRt), the planner-state pair derived from the planner’s internal
denoising transformer states. Intuitively, Rt provides planner-side, action-useful
transition cues beyond the final subgoal appearance.

3.2 TDSR-VLA Specification

Vision Planner We implement the Vision Planner as a modified Stable Dif-
fusion 3 (SD3) [13] pipeline with an MM-DiT [13] denoising transformer back-
bone. The planner maps (I1t , qt, ℓ) to a subgoal image St+∆ and produces Rt =
(SRt, USRt) as action-useful planner-side transition cues.

The planner uses three text-conditioning routes consistent with SD3 [13]-style
conditioning: prompts for CLIP-L [29], CLIP-G [8], and T5 [30]. We construct
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Fig. 2: Vision Planner Architecture. The Vision Planner is an MM-DiT [13] dif-
fusion transformer [28] conditioned on a language prompt and SigLIP-encoded current
observations. It generates a subgoal image and exposes denoising-time hidden sequences
(SR and USR) that are forwarded to the Action Expert as action-useful planner-side
transition cues.

these prompts from the task text ℓ, the current state vector qt serialized in
decimal fixed-point format (6 digits), and a fixed template that indicates the
prediction horizon ∆ (default offset: 10 frames). As shown in Fig. 2, to ground
planning in the physical scene, we additionally encode the current observation
I1t using a SigLIP vision encoder to obtain visual tokens. These visual tokens
are integrated into the diffusion transformer [28]’s conditioning stream, i.e., the
planner receives a unified multimodal conditioning sequence. This explicit visual
grounding mitigates the mismatch between text-only planning and real camera
observations under deployment shifts.

For Vision Planner training, we supervise subgoal generation using the ground-
truth future observation at horizon ∆. Let Sgt

t+∆ denote the target subgoal image
and let

xS0 = EVAE(S
gt
t+∆) (5)

be its latent representation. Following the rectified-flow formulation used in
SD3 [13], we sample ϵ ∼ N (0, I) and a flow time τ , and construct a straight
interpolation between the subgoal latent and noise:

xSτ = (1− τ)xS0 + τϵ, uSτ = ϵ− xS0 . (6)

The Vision Planner predicts a velocity field conditioned on the current image,
robot state, and instruction:

vψ = fψ(x
S
τ , τ | I1t , qt, ℓ). (7)

We train the Vision Planner with the rectified-flow objective

LRF = Eτ,xS
0 ,ϵ

[∥∥vψ − uSτ
∥∥2
2

]
. (8)

During Vision Planner denoising, we extract two conditioning-stream hidden
sequences from the MM-DiT [13]. The Vision Planner encodes multimodal con-
ditions (instruction ℓ, current view(s) It, and state qt) into conditioning tokens,
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projects them to the MM-DiT [13] hidden dimension, and jointly processes them
with noised latent tokens throughout denoising. While SD3 [13] decodes the final
denoised latent into an RGB subgoal image St+∆, the conditioning-side hidden
states produced during this joint attention are typically discarded; we explicitly
reuse them as planning-aware features for the Action Expert.

1) sequence representation: an early-step conditioning hidden sequence
that anchors execution to the grounded current view I1t , state information qt,
and text instruction ℓ;

2) updated sequence representation: the final-step conditioning hidden
sequence after denoising, i.e., conditioning tokens iteratively updated via joint
attention with the noised latent across MM-DiT [13] blocks.

We write

Rt = (SRt, USRt), SRt ∈ RLp×dSD3
p , USRt ∈ RLp×dSD3

p , (9)

with dSD3
p = 1536 and token length Lp = 333, and inject them into the Action

Expert layer-wise, where SRt provides grounded current-context cues and USRt
provides plan-aligned transition cues.

Action Expert The Action Expert is a decoder-only transformer [35]. Un-
like autoregressive token policies, we generate continuous actions via conditional
flow matching [34], which is well-suited for smooth high-dimensional control and
supports efficient sampling with a small number of ODE solver steps [4].

We represent each continuous action vector at ∈ Rda in a fixed-width format
by zero-padding it to dmax = 32 [4]. The padded action is then mapped to the
transformer hidden space through a learned linear projection, producing a latent
action token sequence of length H. After flow-based sampling in the latent space,
we map tokens back to the action space with an output projection and keep only
the first da dimensions.

We embed the continuous flow time τ using sinusoidal encoding [35] followed
by an MLP. The resulting embedding conditions the transformer via Adaptive
RMSNorm (AdaRMS) [3, 10], enabling time-aware velocity prediction.

In the phase-specific prefix rule, lower layers use SRt to preserve current-state
grounding, whereas upper layers use USRt as prefix keys and SigLIP(St+∆) as
prefix values to guide subgoal-aligned trajectory generation.

As shown in Fig. 3, at each layer i, queries are produced from the current
action suffix tokens, while keys/values are formed by concatenating a visual
prefix (built from Vision Planner outputs and SigLIP [39] tokens) with suffix
keys/values computed from the same action tokens. We reduce the planner states
SRt and USRt into key tokens, and reduce SigLIP token sequences from current
views and the generated subgoal St+∆ into value tokens. We then define a layer-
wise prefix rule:

Layer0 : 11
current : Kpre

i = MLP(SRt), V
pre
i = MLP(SigLIP(I1:nt )), (10)

Layer12 : 17
subgoal : Kpre

i = MLP(USRt), V
pre
i = MLP(SigLIP(St+∆)). (11)
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Fig. 3: Action Expert Architecture. The Action Expert is a Gemma [15]-based
transformer that generates continuous action chunks via conditional flow matching [34].
It performs prefix KV conditioning by injecting SR/USR as keys and SigLIP [39] tokens
from multiple current views and the subgoal image as values, using lower layers for
current grounding and higher layers for subgoal guidance.

Within each layer, Action Expert also produces suffix keys/values Ksuf
i , V suf

i

from action tokens and concatenates them with the prefix along the sequence
dimension:

Kall
i = concat(Kpre

i ,Ksuf
i ), V all

i = concat(V pre
i , V suf

i ). (12)

We perform self-attention over a prefix–suffix sequence: the visual prefix provides
planner/vision evidence, and the action suffix contains latent action tokens to
be updated. Within the suffix, action tokens attend bidirectionally across the
entire H-step chunk, allowing the model to coordinate mutually dependent ac-
tion steps jointly rather than committing left-to-right. As a result, the Action
Expert produces smoother and more globally consistent action chunks under
high-dimensional visual guidance from the prefix. For each training sample, we
draw z ∼ N (0, I) and τ ∼ Beta(α = 1.5, β = 1.0), followed by τ ← 0.999τ+0.001
to avoid degenerate endpoints. We construct noisy actions:

xτ = (1− τ)x0 + τz, uτ = z − x0. (13)

The Action Expert predicts a velocity field conditioned on time and prefix-KV:

vφ = fφ
(
xτ , τ | {Kpre

i , V pre
i }

17
i=0

)
, (14)

and we minimize
LCFM = Eτ,x0,z

[
∥vφ − uτ∥22

]
. (15)
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Algorithm 1 TDSR-VLA test-time closed-loop control
Require: Vision Planner Pψ, Action Expert fφ, instruction ℓ, initial observation o0
Require: Hyperparameters: subgoal offset ∆, chunk length H, ODE steps K, replan-

ning horizon m ≤ H
1: t← 0; ot ← o0
2: while not done do
3: (I1:nt , qt)← Parse(ot)
4: (St+∆, SRt, USRt)← Pψ(I

1
t , qt, ℓ)

5: (prefixKV, prefixMask)← BuildPrefixKV(SRt, USRt, I
1:n
t , St+∆)

Keys: SRt for layers 0–11, USRt for layers 12–17
Values: SigLIP(I1:nt ) for layers 0–11, SigLIP(St+∆) for layers 12–17

6: x(0) ∼ N (0, I); ∆τ ← −1/K
7: for k = 0 to K − 1 do
8: τk ← 1− k/K
9: vk ← fφ(x

(k), τk | prefixKV,prefixMask)
10: x(k+1) ← x(k) +∆τ vk
11: end for
12: At:t+H−1 ← Projout(x

(K)[:, : da])
13: Execute actions at, . . . , at+m−1

14: Observe ot+m; ot ← ot+m; t← t+m
15: end while

This objective encourages the model to learn a direct transport from noise to
the action distribution while conditioning on both observation- and plan-derived
signals, improving stability in small-data long-horizon training.

3.3 Training Recipe

Training for Vision Planner We train Vision Planner [13] to predict a subgoal
image at horizon ∆ from (I1t , qt, ℓ). We use LoRA [18] on MM-DiT [13] while
freezing the VAE and text/vision encoders. The planner is trained with the
rectified-flow objective LRF defined in Eq. (8). This stage transfers large-scale
visual priors into a task- and robot-aware subgoal generator.

Precomputing before Training Action Expert Diffusion-based planning
is computationally expensive if executed inside every Action Expert training
step. To make training practical and reproducible, we run the fine-tuned Vi-
sion Planner over the training dataset and cache generated subgoal images St+∆
and the two Vision-Planner hidden sequences (SRt, USRt). Concretely, we store
(St+∆, SRt, USRt). During Action Expert training, a precomputed-only mode
loads these cached signals from disk, bypassing repeated diffusion inference. Miss-
ing cache entries cause a runtime error, so complete cache coverage is required
for training/evaluation. This strategy has a second, conceptual benefit: by freez-
ing the Vision Planner and using its cached outputs, we keep planning signals
stable while training the Action Expert, directly preventing the planning–control
coupling highlighted as a core failure mode in small-data adaptation.
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Training for Action Expert We train the Action Expert with the conditional
flow-matching [34] loss LCFM. Trainable parameters include the Action Expert
weights, action input/output projections, the time-embedding MLP (AdaRMS
conditioning), and the Vision Planner/SigLIP [39]-MLP reducers. We normal-
ize low-dimensional states and actions using quantile normalization to improve
training stability and reduce sensitivity to scale changes across tasks.

Inference Mechanism At test time, TDSR-VLA runs in a closed-loop receding-
horizon manner.

1) Planning step. Given (I1t , qt, ℓ), the Vision Planner generates St+∆ and
extracts (SRt, USRt).

2) Prefix construction. We compute SigLIP [39] tokens for observations
and the generated subgoal, reduce all planner/vision features to 256-dimensional
tokens, and build layer-wise prefix-KV {Ki, Vi}.

3) Action sampling by ODE integration. We sample an initial latent
action x(0) ∼ N (0, I) and integrate the learned ODE with Euler steps (default
K = 10) over a time grid {τk} from 1 to 0:

x(k+1) = x(k) +∆τ fφ

(
x(k), τk | {Kpre

i , V pre
i }

)
, (16)

where ∆τ is the step size (negative when integrating from 1 to 0). After K
steps, we map x(K) back to actions using Projout, slice the first da dimensions,
and execute the action chunk. We outline the overall control loop in Algorithm 1.

4 Experiments

We evaluate TDSR-VLA in two settings: single-arm manipulation in simulation
and bimanual manipulation in the real world. Our study addresses three ques-
tions: (1) how TDSR-VLA compares with strong VLA baselines [4, 14, 26, 33],
(2) how performance depends on the depth of layer-wise subgoal injection, and
(3) how the Updated Sequence Representation (USR) affects control quality.
We therefore use two evaluation tracks and two ablations: (i) LIBERO [22]
benchmark evaluation for standardized simulation generalization, and (ii) Open-
Arm [12] real-world evaluation under matched data budgets, training schedules,
and rollout protocols; plus ablations on subgoal-layer depth and USR usage.

4.1 LIBERO Benchmark Evaluation

LIBERO Evaluation Setup. We evaluate on LIBERO [22] Goal and Long
(10 tasks each, 50 demonstrations per task), following the standard protocol of
500 episodes per suite and reporting suite-wise average success rates. TDSR-
VLA uses the optimized hyperparameters (subgoal-injection depth and planner
denoising steps). We compare against π0 [4] under the same pretraining setting
without robot-demonstration pretraining, following the success rate reported by
SmolVLA [33].
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Table 1: LIBERO Benchmark Results.
Models Pre-training LIBERO Goal LIBERO Long

OpenVLA Yes 79.2 53.7
π0 No 89.0 48.0
TDSR-VLA (Ours) No 82.0 56.0

Main Results. Table 1 reports the main LIBERO results, where success
rates are computed over 50 evaluation trials per task. Relative to OpenVLA
(with pre-training), TDSR-VLA improves both Goal (82 vs. 79.2) and Long (56
vs. 53.7). Compared with π0 [4] (without pre-training), TDSR-VLA is lower
on Goal (82 vs. 89) but higher on Long (56 vs. 48). This trend suggests that
TDSR-VLA can effectively handle long-horizon tasks even without robot-data
pretraining. As further discussed in Section 4.2, this long-horizon capability is
also reflected in bimanual real-robot experiments.

4.2 Real-World Evaluation

Real-World Evaluation Setup. We evaluate TDSR-VLA and three base-
lines [4, 14, 26, 33] on six real-world bimanual tasks using two 7-DOF torque-
controlled OpenArm v0.3 arms [12] with 1-DOF parallel-jaw grippers of Open-
Arm v1.0 shown in Fig. 4. A Pinocchio [6]-based gravity-compensation controller
runs at 100 Hz during both collection and evaluation.

We record synchronized joint states, gripper states, and RGB images from
three RealSense D435 cameras (one overhead and two wrist-mounted) at 30 Hz.
The dataset contains 100 demonstrations per task. All methods are fine-tuned
for 10 epochs and evaluated with 20 trials per task; all methods run at 30 Hz.
To quantify trial-level uncertainty, we compute nonparametric 95% bootstrap
confidence intervals and paired bootstrap differences over matched task-trial
indices. TDSR-VLA achieves the highest mean OpenArm score of 0.825 with
95% confidence interval of [0.767, 0.879], with a positive paired gain over GR00T
N1.5 of +0.083 with a 95% confidence interval of [0.004, 0.163].

Fig. 4: Real-world OpenArm evaluation setup. Two 7-DOF OpenArm v0.3 ma-
nipulators with parallel-jaw grippers are used with one overhead and two wrist-mounted
RGB cameras for bimanual task evaluation.
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Table 2: Task descriptions and per-arm scoring metrics.
Task Description Score metrics

Task a
(Sequen-
tial Tasks)

Move the basket to the right side and
put the paper roll into the basket
(Paper Roll into Basket)

0.5 (Left Arm): Move the basket to the right.
0.5 (Right Arm): Grab the paper roll and put
it into the basket.

Task b
(Sequen-
tial Tasks)

Put the umbrellas into the basket
(Umbrella Placing)

0.5 (Left Arm): Put the left umbrella into the
basket.
0.5 (Right Arm): Put the right umbrella into
the basket.

Task c
(Object–
Cooperative
Tasks)

Move the Rubik’s Cube on the right
end to the left end using both arms
(Bimanual Cube Transfer)

0.5 (Left Arm): Move the Rubik’s Cube from
the center to the left end.
0.5 (Right Arm): Move the Rubik’s Cube from
the right end to the center.

Task d
(Sequen-
tial Tasks)

Open the first floor of the drawer and
put the steel cup into the opened
floor (Steel Cup into Drawer)

0.5 (Left Arm): Open and close the drawer.
0.5 (Right Arm): Put the steel cup into the
opened floor.

Task e
(Sequen-
tial Tasks)

Put the brown cup into the basket
and put the green cup on the plate
(Dual Cup Sorting)

0.5 (Left Arm): Put the brown cup into the
basket.
0.5 (Right Arm): Put the green cup on the
plate.

Task f
(Object–
Cooperative
Tasks)

Pass the orange wine glass to the left
arm to put the orange wine glass into
the basket (Glass Handover)

0.5 (Left Arm): Grab the orange wine glass
from the right arm and put it into the basket.
0.5 (Right Arm): Grab the orange wine glass
and pass it to the left arm.

We compare with SmolVLA [33], π0 [4], and GR00T N1.5 [14, 26], all fine-
tuned from their public robot-demonstration-pretrained checkpoints [4,14,26,33].
For TDSR-VLA, we fine-tune the SD3 [13]-based Vision Planner, cache subgoal
and planner-sequence outputs on the training set, freeze the planner, and train
the Action Expert for 10 epochs without robot-policy pretraining. We use a
per-arm scoring rule in Table 2.

Main Results. Fig. 5 reports average trial scores across six tasks. TDSR-
VLA achieves the best overall score (0.83), outperforming GR00T N1.5 [14, 26]
(0.74), π0 [4] (0.71), and SmolVLA [33] (0.58). On sequential tasks, TDSR-
VLA obtains 0.80, modestly above π0 [4] and GR00T N1.5 [14, 26] (both about
0.76). On object-cooperative tasks, the gain is larger: 0.88 for TDSR-VLA versus
GR00T N1.5 [14,26] (0.70) and π0 [4] (0.63), i.e., a +0.18 gain over the strongest
baseline. These results indicate that explicit visual subgoals and planner-side
transition-cue conditioning are particularly effective for tightly coordinated bi-
manual control.

4.3 Ablation Studies

We conduct ablations on two factors: the degree of subgoal-image injection in
the Action Expert and the use of the Updated Sequence Representation (USR)
in subgoal layers.

Performance Evaluation by Subgoal-Injection Depth. We evaluate
OpenArm scores while varying the number of subgoal layers in the Action Ex-
pert, with results shown in Fig. 6(a). Using three subgoal layers yields perfor-
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Fig. 5: Main results on OpenArm bimanual tasks. This figure compares the
average per-trial OpenArm [12] score across six real-world bimanual tasks (sequen-
tial versus object-cooperative) under the per-arm scoring protocol, where TDSR-VLA
achieves the best overall score of 0.83, outperforming GR00T N1.5 [14,26] (0.74), π0 [4]
(0.71), and SmolVLA [33] (0.58).

mance close to the six-layer setting. In contrast, performance drops when the
number of subgoal layers increases to nine, and using zero subgoal layers is also
slightly worse than three layers. These findings indicate that the Action Ex-
pert performs best when maintaining an appropriate ratio between lower layers
that ground actions in current states and upper layers that guide trajectory
generation by attending to USR-based transition cues and SigLIP [39]-encoded
subgoal-image tokens.

Performance Evaluation with and without USR. We ablate USR in
subgoal layers to quantify its contribution to bimanual real-world performance
under an otherwise fixed TDSR-VLA configuration. We fix the Action Expert to
the best-performing six-layer subgoal-injection setting and compare two variants
that differ only in subgoal-layer keys: (i) using USR as keys in subgoal layers
and (ii) using the initial Sequence Representation (SR) as keys in subgoal lay-
ers, identical to current layers. As shown in Fig. 6(b), enabling USR improves
the average OpenArm score from 0.70 (without USR) to 0.83 (with USR) un-
der the same evaluation protocol. This gain indicates that subgoal layers benefit
from plan-aligned transition cues, strengthening corrective behavior after mi-
nor deviations and mitigating compounding errors. Accordingly, we inject USR
only into subgoal layers while earlier current layers retain SR, yielding better
phase-specific conditioning. Compared with π0 [4]-style fixed prefix-KV condi-
tioning, this design may incur modest overhead but provides stronger goal-phase
alignment for bimanual coordination and handover timing.

To analyze why USR improves performance, we conduct frozen-feature ridge
probing [1,17] on unseen LIBERO trajectories. As shown in Fig. 7, USR outper-
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Fig. 6: Ablation results on subgoal image injection and Updated Sequence
Representation (USR) in the Action Expert. (a) This figure shows the OpenArm
score as the number of subgoal injection layers varies: using three layers achieves com-
parable performance to the six-layer setting, while nine layers degrade performance;
removing subgoal layers is slightly worse than using three. (b) With six subgoal layers
fixed, using USR as keys in subgoal layers improves the average OpenArm score from
0.70 to 0.83 compared to using the initial Sequence Representation (SR).

forms State, Subgoal Image, and Shuffled USR features on future end-effector
displacement (∆EE10), future action statistics (Mean Action10), and progress
prediction (Progress Bin), reaching R2 = 0.48 for ∆EE10, R2 = 0.40 for Mean
Action10, and 0.74 Macro-F1 for Progress Bin classification. Since the Subgoal
Image probe uses the same SigLIP pathway as the Action Expert and Shuf-
fled USR removes timestep alignment, these results suggest that USR improves
policy performance by providing planner-side, action-useful transition cues.

5 Conclusion, Limitations and Future Work

In this work, we introduce TDSR-VLA, a novel Vision-Language-Action frame-
work that decouples visual planning from low-level control to address the data
inefficiency and functional entanglement of traditional end-to-end models. By
utilizing a Stable Diffusion 3 [13]-based Vision Planner to generate explicit sub-

Fig. 7: Frozen-feature probing of USR. USR outperforms State, Subgoal Im-
age, and Shuffled USR on unseen LIBERO future-motion, future-action, and progress
probes, indicating timestep-aligned transition cues beyond final-subgoal appearance.
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Table 3: Chunk- and task-level execution analysis. (a) Per-chunk latency of
synchronous TDSR-VLA, dominated by Vision Planner inference. (b) Mean rollout
duration across real-world tasks.

(a) Chunk-level latency

Metric Value Notes
Vision Planner latency 3014.8 ms Planner forward time/chunk
Action Expert latency 438.6 ms Action Expert time/chunk
Total latency 3453.4 ms End-to-end time/chunk
Estimated idle time 1.79 s Sync. replanning at 30 Hz

(b) Mean rollout duration

Model Time (s)
SmolVLA 32.60
π0 30.78
GR00T N1.5 46.42
TDSR-VLA (Ours) 43.20

goal images alongside action-useful planner-side transition cues, our model effec-
tively guides a flow-matching Action Expert through a hierarchical conditioning
structure. Comprehensive experiments across diverse real-world bimanual ma-
nipulation tasks show that TDSR-VLA substantially surpasses existing VLA
baselines, with especially strong gains in scenarios that demand tight object-
level coordination. Ultimately, by demonstrating that explicit visual reasoning
can be efficiently transferred to low-level control, TDSR-VLA establishes a ro-
bust foundation for scalable, long-horizon robot manipulation in data-scarce
environments.

While TDSR-VLA demonstrates strong overall performance, its sequential
planning-then-acting architecture introduces latency as a primary systems limi-
tation. As shown in Table 3(a), per-chunk latency is dominated by Vision Plan-
ner inference (3014.8 ms out of 3453.4 ms total, ≈87%), and naive synchronous
replanning can induce an estimated 1.79 s idle interval before the next chunk
becomes available. This limitation is most visible in tasks requiring fine-grained,
continuous motor execution, such as Dual Cup Sorting, where TDSR-VLA scores
0.55, slightly below GR00T N1.5 [14, 26] (0.58), which maps VLM embeddings
directly to actions through its Diffusion Transformer [28] without an interme-
diate image-generation step. Table 3(b) further shows that TDSR-VLA has a
task-level rollout duration comparable to GR00T N1.5 [14,26]; together with Ta-
ble 3(a), this indicates that the runtime cost of TDSR-VLA is primarily driven
by repeated per-chunk Vision Planner inference. Addressing this latency through
asynchronous subgoal generation that overlaps planning with execution is there-
fore an important direction for future work.
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