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Abstract

Chunked vision-language-action (VLA) policies predict multi-step robot controls,
conditioning each update on the current visual observation alone. Yet robot actions
cause contact, occlusion, and object motion, and the geometry that later decisions
depend on can change before the next visual update arrives. Spatial VLAs improve
current-frame geometry. Temporal VLAs aggregate past frames. Neither maintains
an action-updated scene prior across chunks. We argue for a persistent action-
updated scene state across control calls, and introduce EvoScene-VLA. Its recurrent
scene prefix carries a geometry-aware scene state across chunks. At each vision-
language model (VLM) call, the VLM combines scene information from the
current observation with the action-updated prior from the previous chunk; the
action decoder outputs both the next action chunk and a compact scene update. This
update becomes the next prior, which the VLM corrects against the new observation
when the next call arrives. Each control call therefore starts from a scene prior
that reflects both recent actions and fresh visual evidence. During training, Scene
Predictor supplies future scene-token targets, and Geometric Anchor aligns scene
slots with frozen depth and 3D teachers. We discard both modules at deployment.
On 31 RoboTwin tasks, EvoScene-VLA raises average success from 86.4% to
88.8% in fixed evaluation and from 85.7% to 87.9% in randomized evaluation. On
the Galaxea R1-Lite real robot, EvoScene-VLA outperforms all baselines.

1 Introduction

Chunked vision-language-action policies predict multi-step robot controls, but they usually condition
scene context on observations rather than on the robot’s own actions. Yet actions can change the
scene before the next observation arrives: wiping the counter changes the surface state, closing a
drawer hides its contents, and lifting a cup leaves the shelf slot below it empty. Within a chunk, the
visual context may not reflect such changes at all. Across chunks, fresh observations do arrive, but
the policy still lacks a compact record of how its recent actions transformed the scene, and must
re-infer those changes from partial, noisy, or occluded visual evidence.

Spatial VLAs [32, 21, 18, 20, 52] improve geometric reasoning within a single image through depth
supervision, 3D encoding, or multi-view features. These methods help when the full scene is visible,
but they reason from current observations alone and do not update scene geometry once actions
have changed it. Temporal VLAs [35, 16, 22, 7, 50] retain past observations through memory banks,
trace prompts, or recurrent states, yet past observations alone do not specify how recent or planned
actions should update the scene. Action-conditioned prediction methods [51, 48] anticipate future
representations, but consume each prediction inside the current decision and discard it afterwards.
The missing piece, we argue, is an action-updated scene representation. The policy should pass this
representation to the next control call as a prior.

A useful scene representation for chunked control needs three properties. It should persist across
chunks, so the policy is not forced to re-infer it from each new observation. It should update under
the actions the policy generates, since those actions change the scene. And it should correct against
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Figure 1: Qualitative analysis of chunked-control failures. During one action chunk, the scene
can drift from the planning observation, so an action-only baseline commits to a stale target. In three
RoboTwin tasks (microwave handle, block stacking, cabinet placement), the baseline follows this
stale target and stalls mid-chunk (✘). EvoScene-VLA carries an action-updated scene prior into the
chunk, so each predicted action uses the scene state for its own step and completes the rollout (✔).

each new observation, so prediction errors do not accumulate. Missing any one of these undermines
the design: no persistence means no cross-chunk context, no action update means no post-action
prior, and no correction means errors compound.

We propose EvoScene-VLA, which implements this action-updated scene prior as a recurrent scene
prefix. The prefix holds two groups of scene tokens: one read from the current observation, one
inherited from the previous chunk. At each vision-language model call, the model refines both groups
against the new image. The action decoder then co-denoises the action chunk and a matched scene
chunk in a single flow-matching pass. The resulting scene chunk becomes the inherited group in the
next chunk’s prefix. The deployed model therefore carries an action-updated prior into each new
chunk without any separate online module for memory, prediction, or correction.

The action decoder needs supervision for the co-denoised scene chunk, but the deployed model should
not depend on an auxiliary predictor. Prefix scene tokens also need geometric grounding, or they risk
encoding generic appearance. We address both issues with two training-only modules: a Geometric
Anchor that grounds scene tokens in 3D, and a Scene Predictor that supplies future-frame targets.
Geometric Anchor operates at two levels: a local depth anchor [34] aligns each scene token with
per-pixel depth, while a global 3D-foundation-model (3DFM) anchor [41] aligns it with scene-
level features through a shared decoder that handles both current and future representations. Scene
Predictor maps the current scene and action sequence to future scene representations, supervised by
future-frame 3DFM features; flow matching then distills these targets into the action decoder’s scene
chunk. At inference, both modules are discarded, leaving only the recurrent scene prefix and the
scene chunk co-denoised by the action decoder.

On 31 RoboTwin tasks [28], EvoScene-VLA raises the average success rate from 86.4% to 88.8%
under fixed evaluation and from 85.7% to 87.9% under randomized initial conditions. The gains are
comparable under fixed and randomized conditions, suggesting that the scene prior remains effective
under pose and layout variation. Closed-loop trials on a Galaxea R1-Lite [13] dual-arm platform
confirm similar gains under real-world deployment. Ablations further show cumulative contributions
from future-scene supervision with the global anchor, local depth anchoring, and the recurrent prior.

Our contributions are threefold.

• We show that an action expert can produce an action-updated scene prior for the next call,
via a recurrent scene prefix and action–scene co-denoising, with no online predictor.

• We introduce a two-level Geometric Anchor that combines local depth with a global 3D-
foundation-model anchor, sharing one decoder to ground current and future scene latents.
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• We report consistent gains on the RoboTwin benchmark and on a Galaxea R1-Lite real-robot
platform, with ablations showing cumulative contributions from future-scene supervision,
geometric anchoring, and the recurrent prior.

2 Related Work

VLA policies use VLM backbones to map images and instructions to chunked motor controls. RT-
2 [4], π0 [2], and OpenVLA [14] establish this paradigm. EvoScene-VLA adds a recurrent scene
prefix to this decoder. We review geometric, temporal, and flow-based foundations.

Geometric scene representation. Spatial VLAs add geometry to the VLM prefix or visual encoder.
SpatialVLA [32] projects 3D-aware features into a spatial token grid, QDepth-VLA [21] supervises
quantized depth tokens, Spatial Forcing [18] enforces geometric consistency, and 3DS-VLA [20] and
VLA-4D [52] add multi-view or temporal 3D features. A parallel line uses 3D scene state: PerAct [36],
RVT [9, 10], 3D Diffusion Policy [47], and ManiGaussian [27]. Reconstruction systems such as
DUSt3R [40], MASt3R [17], and CUT3R [39] maintain state tokens for dense 3D reconstruction.
These methods improve current-frame geometry. They do not advance a policy-facing scene prior
with the robot’s own action chunk. EvoScene-VLA updates a compact geometric prior along the
generated action sequence, so the next VLM call can correct an already-advanced scene state.

Temporal memory and action-conditioned prediction. Temporal VLAs retain observed history
across calls. MemoryVLA [35] keeps a summary-token memory, HAMLET [16] and HiF-VLA [22]
use history-aware attention, Embodied-SlotSSM [7] applies slot state-space models, TraceVLA [50]
prompts the VLM with visual traces, and AVA-VLA [46] aligns action and visual history. Related
approaches learn trajectory representations from video [42, 12] or transfer across heterogeneous
demonstrations [38]. Other methods predict future states from actions. FLARE [51] inserts learnable
future tokens into the VLM, UP-VLA [48] predicts action-conditioned images or features, world
models [44, 11, 43, 5] roll out latent futures, and video-prediction policies [8, 3, 15] generate or
condition on pixel-level futures. These methods record history or predict a future for the current
decision. They do not keep a self-correcting prior across chunk boundaries. EvoScene-VLA persists
an action-updated scene prior in the recurrent scene prefix and corrects it with the next observation.

Flow matching and diffusion policies. Flow-matching and diffusion policies model robot control
as trajectory denoising. Diffusion Policy [6] popularized diffusion-based continuous control. π0 [2],
RDT [25], Octo [29], and flow-matching VLAs [23, 26] scale this formulation to pretrained VLAs.
Consistency Policy [31] accelerates sampling. These methods denoise actions only, so their decoders
do not evolve scene state. EvoScene-VLA co-denoises the action chunk and the evolved scene
representation in one flow-matching pass. This joint denoising grounds each action in the recurrent
scene prior without adding an inference-time predictor.

3 Method

EvoScene-VLA is built on LingBot-VLA [45], an open-source π0.5-style [30] policy with a Qwen2.5-
VL [33] backbone. At each control call, a VLM prefix encodes the multi-view images xt and the
language instruction ℓ into a key–value cache; a separate action expert then denoises an action chunk
from that cache with flow matching, and the chunk is executed open-loop before the next VLM
call. This interface is stateless across chunks: the prefix is recomputed at every call, so the policy
re-perceives the scene without recording how its own actions changed it.

3.1 Overview

As illustrated in Fig. 2, our framework processes spatial-temporal contexts via four key stages. First,
we construct a Recurrent Scene Prefix and refine the inherited prior using current observations
(Sec. 3.2). Next, we advance this updated state to forecast downstream actions (Sec. 3.3). To guide
feature learning, we incorporate a Geometric Anchor and a Scene Predictor during training (Sec. 3.4),
and finally synthesize these components into a unified objective function (Sec. 3.5).

3



𝑠obs attends to image + 𝑠obs

ҧs𝑡 attends + 𝑠obs + ҧs𝑡

image attends lang tokens + image

lang attends image tokens + lang sobs
Image tokens 𝑥𝑡

‘’Clean the sink”

Language 

tokens 𝓁

Action 

tokens
sp

തst

Local depth anchor masked-view reconstruction

masked view

depth head ℒgeo

Global 3D anchor
align to frozen 3DFM

scene 

decoder 

decoded 3D

align

Frozen 3DFM

ℒrep
sp

Scene 

tokens

ℒscene𝐹𝑀

Co-denoise

Replace 

Asymmetric

Attention Mask 

Ƹ𝑠𝑡+𝐾

Understanding Expert Action Expert

Geometric Anchor

Scene Predictor

Figure 2: Pipeline Overview. The policy receives multi-view images, an instruction, and the
robot state. The VLM prefix contains image and language tokens, per-view observation slots, and
recurrent prior slots. An asymmetric attention mask lets observation slots read the current views and
lets prior slots absorb this evidence while preserving the pretrained image and language pathways.
During training, Geometric Anchor grounds the scene slots with Monocular Depth Teacher and
3D-foundation-model features, and Scene Predictor supplies future scene-token targets to train the
action expert. At inference, the action expert denoises the actions and matched scene tokens together
in the flow-matching sampling. The scene token at the executed step becomes the prior for the next
VLM call, so each action chunk starts from an action-updated, observation-corrected scene prior.

3.2 Recurrent Scene Prefix

Let D denote the VLM hidden dimension, V the fixed camera views, Nobs the slots in each per-view
observation group, and Nprior the slots in the prior group. The observation slots s(v)obs ∈ RNobs×D,
v ∈ {1, . . . , V }, gather geometric evidence from each camera, while the prior slots s̄t ∈ RNprior×D

inherit the action-updated scene state from the previous chunk. Together with the multi-view image
input xt and language instruction ℓ, the prefix is ordered [xt, ℓ, s

(1:V )
obs , s̄t ]. At the first chunk, s̄t is

initialized from learnable scene embeddings; for later chunks, it carries the recurrent state denoised
by the action expert at the previous step. The VLM thus consumes a prior when one exists and falls
back to learned embeddings otherwise.

An asymmetric attention mask routes information through this prefix as illustrated in Fig. 2. Image
and language tokens ignore scene slots, preserving pretrained visual and linguistic paths. Each
observation slot attends to its own view’s image tokens and to other slots in its own observation group.
Prior slots attend to all observation slots and to themselves, but not to image or language tokens, and
no other token attends back to them. Current image evidence therefore reaches the prior slots only
through the observation slots. This isolation keeps scene slots out of the pretrained vision–language
pathway while giving the scene state a dedicated bottleneck. Let sp ∈ RNprior×D denote the VLM
output at the prior-slot, which we take as the corrected scene representation for the current chunk:

sp = VLMscene

(
xt, ℓ, s

(1:V )
obs , s̄t

)
prior

(1)

The representation sp is the recurrent scene state. The action expert advances and writes it back,
while training supervision specifies its content.
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3.3 Action-Conditioned Scene Update

The action expert carries the recurrence. At deployment, each chunk runs one VLM forward followed
by the same Euler denoising loop as LingBot-VLA, which emits the action chunk together with K
scene states at sparse key-frame offsets {k1, . . . , kK} ⊆ {1, . . . ,H}. The robot executes the action
chunk, and the scene state at the final offset kK becomes the prior for the next chunk:

s̄t+1 = ẑ(kK), s t+1
p = VLMscene

(
xt+1, ℓ, s

(1:V )
obs , s̄t+1

)
prior

(2)

where ẑ(kK) is the denoised scene state at offset kK . The next VLM call corrects this scene prior
against the new observation, closing the loop. This recurrence defines deployment. The remaining
method explains how training grounds these state updates and distills them into the action expert.

3.4 Training-Only Supervision

The recurrent prefix specifies where the scene state lives but not what it should encode; without
supervision, the slots are free to absorb generic image features rather than 3D structure. The two-level
Geometric Anchor and a Scene Predictor close this gap. Both modules are discarded after training.

Cross-view 3D-feature supervision. The Global 3D anchor grounds the cross-view representation
sp in 3D structure by aligning it with frozen multi-view 3DFM features [41]. A lightweight view-
conditioned decoder g3D takes a set of learnable queries qdec and uses sp from Eq. (1) as keys and
values; a linear projector Wproj then maps the decoder output to the foundation-model feature space:

Ht = g3D(qdec; sp) , Pt = Wproj Ht. (3)

We supervise Pt to match the frozen foundation model’s features on the same multi-view input via an
ℓ1 loss on per-token layer-normalized features:

Lrep =
1

V

V∑
v=1

∥∥LN(
P

(v)
t

)
− LN

(
Z

(v)
t

)∥∥
1
, Zt = 3DFM(xt). (4)

Here LN is a parameter-free normalization along the feature dimension of each token, so the objective
constrains the direction and relative shape of each token’s feature rather than absolute magnitude.

Per-view depth supervision. The global anchor directly supervises the aggregated state sp, but
does not provide an explicit geometric target for each per-view observation slot s(v)obs. We therefore
add a Local depth anchor that grounds each observation slot with target-view depth supervision.
For each view vi, we mask its dense image tokens and use a lightweight cross-attention head gdepth

to predict its depth features from s
(vi)
obs , sp, and the remaining views:

f̂ d
t,i = gdepth

(
qtmpl,

[
h̃
img,(i)
t,v1 , . . . , h̃

img,(i)
t,vV , s

(vi)
obs , sp

])
, h̃

img,(i)
t,vj =

{
m, j = i,

himg
t,vj , j ̸= i.

(5)

Here qtmpl inherits from LingBot-VLA’s query tokens and m is a learned mask embedding. Masking
removes the dense target-image shortcut, forcing target-view geometry through the scene-slot bottle-
neck while the remaining views provide cross-view context. We supervise each prediction with a
frozen Monocular Depth Teacher (MDT) [37] applied to the unmasked target image:

Lgeo =
1

V

V∑
i=1

SmoothL1
(
f̂ d
t,i, f

d
t,i

)
, f d

t,i = MDT(xt,vi). (6)

Future scene targets. The Scene Predictor produces future targets ŝ for joint action and scene
flow matching. Let H denote the final action offset of the chunk. The module is a causal
Transformer that takes as input the robot state rt, the current scene representation sp, the ac-
tion sequence at:t+H , and K key-frame query groups q1, . . . , qK initialized from sp, arranged
as [ rt, sp, at, . . . , at+H , q1, . . . , qK ]. Under a causal mask, each query group qi attends to rt, sp,
the action prefix at:t+ki up to its target step, and earlier query groups, so that the prediction at step
t + ki is conditioned only on actions executed up to that step. The output is a sequence of future
scene latents ŝt+k1:t+kK

, with each ŝt+ki
∈ RNprior×D.
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This module reuses the view-conditioned decoder (g3D,Wproj) from Eq. (3): the same operator that
grounds sp also decodes each predicted future latent and matches it to foundation-model features
on the corresponding future multi-view frame. Let Zt+ki = 3DFM(xt+ki) denote the future-frame
teacher features:

Lpred =
1

K · V

K∑
i=1

V∑
v=1

∥∥P̃ (v)
t+ki
− Z

(v)
t+ki

∥∥
1
, P̃t+ki = Wproj

(
g3D(qdec; ŝt+ki)

)
. (7)

Joint action and scene flow matching. With the future targets now defined, training cou-
ples the action and scene paths under a single flow matching vector field, so the same denois-
ing loop learns to emit both outputs. We stack the future scene targets ŝt+k1:t+kK

and apply
LayerNorm without affine parameters over the feature dimension to obtain standardized targets
z0 = LayerNorm(ŝt+k1:t+kK

) ∈ RK×Nprior×D. LayerNorm gives each scene token zero feature
mean and unit feature variance, so the scene path can use ϵs ∼ N (0, I) directly, without additional
rescaling. We then sample flow matching time τ ∈ [0, 1] shared between the action and scene paths,
draw independent standard Gaussian noises ϵa and ϵs, and form linear interpolants

aτt:t+H = τ ϵa + (1− τ) at:t+H , zτ = τ ϵs + (1− τ) z0. (8)

The action expert receives the suffix [ rt
∣∣ zτ ∣∣ aτt:t+H ] under a causal suffix mask and attends to the

VLM prefix cache, which holds image, language, observation, and prior slots. It predicts a velocity
vθ for every token in the action and scene blocks. We stop gradients through both targets, so velocity
matching uses

LsceneFM =
∥∥v(s)θ (zτ , τ)− (ϵs − z0)

∥∥2
2
, LactFM =

∥∥v(a)θ (aτ , τ)− (ϵa − at:t+H)
∥∥2
2
. (9)

LactFM is the standard π0.5 action FM loss. LsceneFM distills future scene representations into the
action expert, which lets the same denoising pass replace the predictor at inference.

3.5 Training Objective

The full training objective combines the action flow-matching loss with the four scene-grounding and
scene-transfer terms introduced above:

L = LactFM + λ1Lgeo + λ2Lrep + λ3Lpred + λ4LsceneFM. (10)

The four scene-side losses play three roles: Lgeo and Lrep ground current scene representations in
geometry, Lpred trains future representations in the same coordinate, and LsceneFM transfers those
representations into the action expert. We train end-to-end in a single stage. All numerical settings,
including the loss weights, the slot counts Nobs and Nprior, the camera views V , the number of key
frames K, the final action offset H , and the number of Euler steps, are reported in Appendix A.

4 Experiments

4.1 Setup

Benchmarks and baselines. We evaluate EvoScene-VLA on RoboTwin [28], LIBERO [24], and
the Galaxea R1-Lite real robot (Sec. 4.4). On RoboTwin, we report main results on 31 tasks and
conduct ablations on RoboTwin-5Task, which covers single-arm, dual-arm, short-horizon, and long-
horizon tasks. We evaluate both RoboTwin sets under two settings. Clean fixes initial object positions
to the training distribution, whereas Rand randomizes their positions and orientations within the task
workspace while preserving the task goal. On LIBERO, we conduct component ablations across
the Spatial, Object, Goal, and Long suites. We initialize EvoScene-VLA from the public LingBot-
VLA [45] checkpoint and compare it with the released LingBot-VLA policy and LingBot-VLA∗,
which retains depth supervision during fine-tuning. All three models share the same backbone, chunk
length, sampling schedule, and training protocol. We provide the exact task list in Appendix D.

4.2 Main Results

Quantitative results. Tab. 1 reports success rates on the 31 RoboTwin tasks. EvoScene-VLA
raises the LingBot-VLA∗ average from 86.4 to 88.8 under Clean (+2.4) and from 85.7 to 87.9 under

6



Table 1: Success rates (%) on 31 RoboTwin tasks. C and R denote Clean and Rand. †marks published
results re-averaged over the same tasks; other rows are three-seed means. Bold marks the column
best. Per-task mean ± sample standard deviation is in Tab. 7.

Method
Avg.↑
(%)

Place Mouse
Pad

Click
Bell

Open
Microwave

Place
Shoe

Put Obj.
Cabinet

Stack Blocks
Three

Beat Block
Hammer

Turn
Switch

Open
Laptop

C R C R C R C R C R C R C R C R C R C R

X-VLA† [49] 70.7 71.1 70 70 100 100 79 71 96 95 46 48 6 10 92 88 40 61 93 100
π†
0.5 [30] 81.2 75.9 60 39 99 66 34 77 92 93 80 79 91 76 96 93 62 54 90 96

Motus† [1] 87.0 85.8 66 68 100 100 95 91 99 97 88 71 91 95 95 88 84 78 95 91
RotVLA† [19] 88.6 87.3 83 87 97 92 36 12 99 100 87 82 90 86 92 85 46 46 98 99

LingBot-VLA 84.6 83.6 84 88 68 60 66 54 97 95 82 80 95 90 90 85 64 75 98 97
LingBot-VLA∗ 86.4 85.7 84 87 95 96 70 58 97 98 82 83 95 88 87 83 71 71 97 98
Ours 88.8 87.9 85 91 96 97 82 61 95 99 85 87 96 95 93 84 72 75 99 99
∆ +2.4 +2.2 +1 +4 +1 +1 +12 +3 -2 +1 +3 +4 +1 +7 +6 +1 +1 +4 +2 +1

Place Dual
Shoes

Pick Dual
Bottles

Stack Bowls
Three

Place A2B
Left

Place A2B
Right

Place Empty
Cup

Move Can
Pot

Place Cont.
Plate

Press
Stapler

Place Phone
Stand

Place
Fan

C R C R C R C R C R C R C R C R C R C R C R

79 88 47 36 76 86 48 49 36 36 100 98 89 86 97 95 92 98 88 87 80 75
75 75 93 63 77 71 87 82 87 84 100 99 51 55 99 95 87 83 81 81 87 85
93 87 96 90 79 87 88 79 91 87 99 98 34 74 98 99 93 98 87 86 91 87
93 96 89 88 92 88 93 95 97 96 100 99 95 95 99 100 83 81 94 94 97 97

90 89 88 85 72 76 76 80 77 70 100 100 75 66 96 98 90 95 84 96 94 89
75 87 93 88 75 82 79 77 76 76 100 99 82 90 95 96 92 94 91 91 93 86
91 93 87 88 83 76 80 83 81 79 100 100 75 75 100 98 92 95 91 96 97 91

+16 +6 -6 +0 +8 -6 +1 +6 +5 +3 +0 +1 -7 -15 +5 +2 +0 +1 +0 +5 +4 +5

Rotate
QRcode

Place Obj.
Stand

Shake
Bottle

Scan
Obj.

Pick Diverse
Bottles

Place Bread
Skillet

Place Bread
Basket

Place Burger
Fries

Place Cans
Plasticbox

Put Bottles
Dustbin

Hanging
Mug

C R C R C R C R C R C R C R C R C R C R C R

34 33 86 88 99 100 14 36 58 36 77 67 81 71 94 94 97 98 74 77 23 27
89 87 91 85 99 97 18 17 81 71 85 66 77 64 94 87 94 84 84 79 77 71
89 73 98 97 100 97 67 66 90 91 86 83 91 94 98 98 98 94 81 79 38 38
95 95 97 100 100 100 88 85 88 88 89 88 96 93 99 98 100 100 91 88 44 52

78 86 96 90 100 99 57 47 78 69 91 91 90 90 96 96 98 98 80 83 72 76
83 87 96 85 98 99 56 38 80 74 89 91 91 91 95 99 99 96 88 87 75 82
88 87 98 96 100 100 49 57 83 80 89 87 92 91 99 97 99 99 94 93 83 76
+5 +0 +2 +11 +2 +1 -7 +19 +3 +6 +0 -4 +1 +0 +4 -2 +0 +3 +6 +6 +8 -6

Rand (+2.2), and it attains the higher mean on 22 of 31 tasks under Clean and 23 of 31 under Rand.
Against the † reference rows, it exceeds Motus (87.0/85.8) and is on par with the strongest, RotVLA
(88.6/87.3). The Rand setting introduces additional layout variation. Such variation can make the
scene harder to perceive from a single observation and allow perception errors to accumulate across
chunks. Nevertheless, the gain remains broadly distributed across tasks and does not materially shrink
under Rand. This result is consistent with the recurrent scene prefix mitigating these effects.

Qualitative results. Fig. 1 examines the failure mode at the rollout level. For each of three tasks,
the figure shows the LingBot-VLA∗ rollout next to ours from the same initial scene at three time slices
(start, middle, end). Because chunked baselines plan the entire chunk from the start-state observation,
they lack any view of the intermediate state that the chunk itself produces: in Open Microwave, the
gripper retracts before reaching the door handle. EvoScene-VLA, whose action expert co-denoises a
scene update alongside the action chunk, conditions on this intermediate scene state and continues
the motion through to completion. We also inspect the recurrent scene representation directly. Fig. 3
passes Pt, which the trained view-conditioned decoder produces from sp, through the frozen 3DFM
point head. The resulting maps preserve coarse relative geometry without fitting an additional probe.

The benefit also shows in motion quality. Fig. 4 plots end-effector trajectories in 3D for two
representative episodes; EvoScene-VLA produces noticeably smoother paths than LingBot-VLA.
Co-denoising ties each predicted action to a consistent scene context, so the action expert avoids the
abrupt corrections of action-only chunked baselines. Additional tasks are shown in Appendix H.
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Open Microwave Stack Blocks
RGB 3DFM reference Decoded from sp RGB 3DFM reference Decoded from sp

Figure 3: Geometry decoded from the recurrent scene representation. 3DFM reference decodes the frozen
targets Zt; Decoded from sp applies the same frozen point head to Pt produced from sp. Each triplet shares a
reference-fitted colour range. The decoded maps retain coarse relative geometry while omitting fine details.

Figure 4: End-effector trajectories in 3D. Two representative RoboTwin episodes comparing LingBot-VLA
with EvoScene-VLA. Left- and right-arm paths run from start (●) to end (✘); ours are smoother.

4.3 Ablations

Tab. 2 reports additive ablations on RoboTwin-5Task. The first two rows show the LingBot-VLA
baselines. Both lack our Geometric Anchor, Scene Predictor, and recurrent prior. The first step adds
the global anchor (Lrep) and Scene Predictor (Lpred) jointly, since the two share the view-conditioned
decoder and only become useful together. The local depth anchor (Lgeo) further improves performance
by grounding each observation slot in per-view geometry, complementing the cross-view supervision
from the global anchor. Finally, propagating the recurrent prior across chunks at inference, rather
than reinitializing s̄t from learnable embeddings at every chunk, further improves performance and
isolates the contribution of cross-chunk recurrence. By contrast, Tab. 4 organizes the same three
components on LIBERO as independent configurations rather than cumulative additions. With the
recurrent prior disabled, scene-only and local-only improve overall success from the matched baseline
of 82.75% to 83.35% (+0.60 percentage points) and 83.60% (+0.85 percentage points), respectively.

Table 2: Ablation study. Success rates averaged
over the RoboTwin-5Task subset.
Variant Clean Rand

LingBot-VLA∗ 87.8 84.6
baseline 81.6 75.8

+ Lpred & Lrep 89.3 86.2
+ Lgeo 90.1 86.5
+ recurrent prior-on 90.8 87.8

Table 3: Real-robot experiments. Success rates (%) on
Galaxea indoor-cleaning tasks.

Task π0.5
LingBot

VLA
LingBot
VLA∗ Ours

Mirror 28 27 26 29
Sink 42 44 49 51
Cutting-board 44 34 37 46

Avg.↑(%) 38.0 35.0 37.3 42.0

Table 4: Full factorial LIBERO component ablations. Success rates across four suites, each with 10 tasks and
500 rollouts (2,000 total). ✓/× denote enabled/disabled components; ∆ is the overall change from the baseline.
The global 3DFM anchor (Lpred/Lrep) directly supervises the recurrent state: without it, enabling the recurrent
prior falls below the baseline (−2.15), and Lgeo alone does not recover it (−1.47).

Method Components LIBERO suite Overall ∆

Lpred

Lrep
Lgeo

Recurrent
prior-on Spatial Object Goal Long

baseline × × × 74.6 94.2 86.6 75.6 82.75 0.00

EvoScene-VLA

✓ × × 74.4 92.6 90.2 76.2 83.35 +0.60
× ✓ × 80.4 90.0 88.2 75.8 83.60 +0.85
× × ✓ 72.3 89.2 86.1 74.8 80.60 -2.15
✓ ✓ × 79.4 93.4 90.2 74.4 84.35 +1.60
✓ × ✓ 79.2 91.9 90.4 76.8 84.58 +1.83
× ✓ ✓ 72.5 90.2 87.3 75.1 81.28 -1.47
✓ ✓ ✓ 80.2 93.8 90.8 77.0 85.45 +2.70
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4.4 Real-Robot Evaluation

Platform and dataset. We evaluate EvoScene-VLA on the Galaxea R1-Lite dual-arm platform
(Fig. 5(a)), training on the indoor-cleaning subset of the Galaxea Open-World Dataset [13] (mirror,
sink, and cutting-board cleaning). Following the standard VLA interface, the policy uses one
head stream and two wrist streams as its three-view input. The subset spans 7 recording sessions,
439 episodes, 48,419 frames, and 1,756 video clips, totaling approximately 9 hours of bimanual
demonstrations at 15 fps. We use all demonstrations for training and evaluate on the physical robot.

3 omnidirectional 
steering wheels

3-DoF torso

head stereo 
cameras

6-DoF arms
1-DoF grippers

wrist cameras

(a) Robot platform. (b) Real-robot experimental setup.
Figure 5: Real-robot evaluation. (a) Galaxea R1-Lite with three policy cameras. (b) Indoor-cleaning setup for
the mirror, sink, and cutting-board tasks; ketchup is the removable stain.

Training and evaluation protocol. Unlike in simulation, we train and deploy four methods for the
real-robot comparison under the same single-stage schedule: π0.5, the two LingBot-VLA baselines,
and EvoScene-VLA. We run all inference on a single NVIDIA RTX 4090 GPU. We evaluate one
fixed checkpoint per method over 100 physical closed-loop rollouts per task and report success rates
under randomized object placements, lighting, and initial robot states.

Real-robot Results. The three long-horizon tasks shown in Fig. 5(b) require the robot to track how
its tool changes the surface. The surface state evolves during wiping, and subsequent controls must
target unwiped regions that can be subtle, occluded, or ambiguous in the current view. Tab. 3 reports
success rates on the Galaxea cleaning tasks. EvoScene-VLA improves average success from 37.3%
to 42.0%. These gains show the same pattern as simulation: the method helps when the robot changes
the scene as it acts. Each method uses one fixed checkpoint, and Appendix F reports 95% Wilson
confidence intervals for every result. Fig. 6 shows one closed-loop execution; Appendix G presents
its full sampled sequence alongside a failed rollout.

Initial Grasp cloth Enter basin Wipe surface Return

Figure 6: Representative real-robot rollout on Clean The Sink. Frames progress from cloth acquisition to
basin contact and wiping. The evolving interaction state motivates recurrent scene context.

5 Conclusion

EvoScene-VLA gives a chunked VLA a recurrent latent scene interface. The VLM prefix carries
two slot groups. Observation slots read the current image. Prior slots inherit the evolved scene
representation from the previous chunk. The action decoder jointly denoises motor commands and
scene tokens at different key frames in one flow-matching pass. The scene token at the executed step
becomes the next chunk’s prior. Training uses two-level Geometric Anchor and a training-only Scene
Predictor to supply geometric and latent supervision; inference retains only the recurrent scene prefix
and the action–scene co-denoising. On 31 RoboTwin tasks, EvoScene-VLA lifts average success
from 86.4 to 88.8 under clean evaluation and from 85.7 to 87.9 under randomized initial conditions.
Real-robot cleaning trials on Galaxea R1-Lite show the same pattern: the robot’s own actions evolve
the scene state. For chunked VLAs, the action decoder should take the latent prior into account for
the next visual update, rather than rebuilding it from each observation alone.
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Overview

This appendix supplements the main paper with implementation, evaluation, and discussion details.
Appendix A reports the optimization recipe, hyperparameters (Tab. 5), and frozen-teacher pipeline.
Appendix B (Tab. 6) consolidates the symbols used throughout the method, and Appendix C provides
pseudocode for one training step (Algorithm 1) and one inference chunk (Algorithm 2). Appendix D
lists the 31 RoboTwin tasks, the RoboTwin-5Task ablation subset, and baseline configurations.
Appendix E reports the per-task mean ± sample standard deviation across three seeds (Tab. 7),
expanding Tab. 1 of the main paper, and Appendix F reports 95% Wilson binomial confidence
intervals for the real-robot study (Tab. 8). Appendix G shows two closed-loop real-robot rollouts
(Fig. 7). Appendix H presents additional 3D end-effector trajectory comparisons (Fig. 8). Appendix I
visualizes geometry decoded from the learned scene representation on RoboTwin (Fig. 9), and
Appendix J quantifies the decoded depth and isolates what the recurrent prior contributes beyond the
current observation (Fig. 10, Tab. 9, Tab. 10). We close with limitations (Appendix K) and broader
impact (Appendix L).

A Implementation

Optimization recipe. Following LingBot-VLA’s recipe (Tab. 5), the action expert is held in fp32
while the rest of the model runs in bf16 storage with fp32 reductions. The full model optimizes
Eq. (10); the w/o Geometric Anchor variant drops the local and global anchor losses.

Hyperparameters. The loss weights λ1–λ4 in Tab. 5 are tuned on RoboTwin-5Task and reused on
the full RoboTwin and Galaxea evaluations without further sweeping.

Table 5: Hyperparameters introduced by EvoScene-VLA. Optimization values are inherited from the
LingBot-VLA recipe; loss weights are EvoScene-VLA-specific.

Optimization

Optimizer AdamW
Learning rate (constant) 1×10−4

Effective batch size 256
Total update steps 20,000
Mixed precision bf16 storage / fp32 reductions

Architecture

VLM backbone Qwen2.5-VL-3B-Instruct
Hidden dimension D 2048
Camera views V 3 (head, left wrist, right wrist)
Image resolution 224×224
Template bank size 256
Observation slots per view Nobs 8
Prior slots Nprior 16
Key frames K 3
Action chunk length 50

Loss weights (Eq. (10))

λ1 on Lgeo 0.04
λ2 on Lrep 0.10
λ3 on Lpred 0.10
λ4 on LsceneFM 0.01

Inference

Flow-matching Euler steps 10
Re-observation period 1 chunk (50 steps)

Frozen teachers. The local depth head gdepth reuses the LingBot-Depth alignment block, super-
vised by LingBot-VLA’s MoRGBD pipeline [37] (MoGe-2 ViT-B normal variant combined with
the LingBot-Depth masked-depth-modeling teacher) on the unmasked target view. The global 3D
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supervisor is the frozen Pi3 multi-view 3D foundation model [41], applied to the current-frame
multi-view input for Lrep and to the future-frame multi-view input for Lpred.

B Notation

Tab. 6 consolidates the symbols used throughout Secs. 3.2 to 3.4.

Table 6: Notation used in EvoScene-VLA. Shapes are written as R(dimensions) where applicable.
Symbol Meaning

Indices and dimensions
t Discrete time index of the current control chunk
D VLM hidden dimension (Qwen2.5-VL-3B: D=2048)
V Number of camera views (V=3: head, left wrist, right wrist)
Nobs Number of slots per observation group (Nobs=8)
Nprior Number of slots in the prior group (Nprior=16)
K Number of scene key-frame query groups (K=3)
H Final action offset of the chunk; chunk length H+1=50
{k1, . . . , kK} Sparse key-frame offsets, ki ∈ {1, . . . , H}
Inputs
xt Multi-view image input at step t
xt,vi Image of view i ∈ {1, . . . , V }
ℓ Language instruction
rt Robot proprioceptive state
at:t+H Ground-truth action chunk

Recurrent scene prefix
s
(v)
obs∈RNobs×D Observation slots for view v, gather geometric evidence per camera
s̄t∈RNprior×D Prior slots inherited from the previous chunk
sp∈RNprior×D VLM output at the prior-slot positions; cross-view scene representation
himg
t,v VLM image tokens for view v

m ∈ RD Learned mask embedding for cross-view masking

Geometric Anchor (training only)
qtmpl 256-token template query bank reused for gdepth
gdepth Cross-attention head producing per-view depth representations
f̂ d
t,i Predicted depth representation for masked target view i
MDT Frozen Monocular Depth Teacher (MoGe-2 + LingBot-Depth)
g3D View-conditioned cross-attention decoder for the global anchor
qdec Learnable view-aware queries for g3D
Wproj Linear projector to the 3D foundation-model feature space
Pt, Zt Projected output / frozen 3DFM features for the current frame

Scene Predictor (training only)
q1, . . . , qK Key-frame query groups initialized from sp, each of size Nprior

ŝt+ki ∈RNprior×D Predicted absolute future scene latent at offset ki
P̃t+ki , Zt+ki Projected predicted feature / frozen 3DFM feature on the future frame

Joint action–scene flow matching
z0∈RK×Nprior×D Standardized future-scene targets (LayerNorm of ŝ)
ẑ(ki)∈RNprior×D Denoised standardized scene state emitted by the action expert at offset ki
τ ∈ [0, 1] Shared flow-matching time
ϵa, ϵs Independent Gaussian noises on action / scene paths
aτ
t:t+H , zτ Straight-line interpolants

v
(a)
θ , v

(s)
θ Predicted velocities for action / scene blocks

Losses (Eq. (10))
Lgeo Cross-view masked depth reconstruction loss
Lrep Global anchor ℓ1 loss for the current frame
Lpred Future-scene ℓ1 loss for the K key frames
LsceneFM, LactFM Scene / action flow-matching losses in the action expert
λ1, λ2, λ3, λ4 Loss weights (0.04, 0.10, 0.10, 0.01)
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C Algorithms

Algorithm 1 states one training step. Algorithm 2 states the deployed forward path.

Algorithm 1 EvoScene-VLA training step.

Require: Sample
(
xt, ℓ, rt, at:t+H , xt+k1

, . . . , xt+kK

)
and prior carry s̄t (learnable embedding

for the first chunk in an episode).
1: Form prefix [xt, ℓ, s

(1:V )
obs , s̄t ] with the asymmetric attention mask (Sec. 3.2).

2: Run VLM forward; read sp from the prior-slot positions (Eq. (1)).
3: for each view i ∈ {1, . . . , V } do ▷ Local depth anchor
4: Mask himg

t,vi←m, keep other views unchanged.

5: f̂ d
t,i ← gdepth(qtmpl, [ h̃

img,(i)
t,v1:V

, s
(vi)
obs , sp ])

6: end for
7: Lgeo ← 1

V

∑
i SmoothL1

(
f̂ d
t,i, MDT(xt,vi)

)
▷ Eq. (6)

8: Pt ←Wproj g3D(qdec; sp) ▷ Global anchor
9: Lrep ← 1

V

∑
v

∥∥LN(P (v)
t

)
− LN

(
3DFM(xt)

(v)
)∥∥

1
10: ŝt+k1:t+kK

← ScenePredictor(rt, sp, at:t+H , q1, . . . , qK)

11: P̃t+ki ←Wproj g3D(qdec; ŝt+ki) for each i

12: Lpred ← 1
KV

∑
i,v

∥∥P̃ (v)
t+ki
− 3DFM(xt+ki)

(v)
∥∥
1

13: z0 ← LayerNorm(ŝt+k1:t+kK
) ▷ Standardize future-scene targets

14: Sample τ∼U [0, 1], ϵa, ϵs∼N (0, I)
15: aτ ← τϵa + (1−τ)at:t+H , zτ ← τϵs + (1−τ)z0
16: v

(a)
θ , v

(s)
θ ← ActionExpert

(
[ rt | zτ | aτ ]; prefix cache

)
17: LactFM ← ∥v(a)θ − (ϵa − at:t+H)∥22
18: LsceneFM ← ∥v(s)θ − (ϵs − z0)∥22
19: L ← LactFM + λ1Lgeo + λ2Lrep + λ3Lpred + λ4LsceneFM

20: Backpropagate L; update VLM, action expert, and all training-only modules.

Algorithm 2 EvoScene-VLA inference per chunk.

Require: Current observation xt, instruction ℓ, robot state rt, prior buffer s̄t (learnable embedding
for the first chunk).

Ensure: Action chunk ât:t+H executed on the robot; updated prior s̄t+1.
1: Form prefix [xt, ℓ, s

(1:V )
obs , s̄t ] and run one VLM forward.

2: Read sp at the prior-slot positions; cache the prefix KV. ▷ Geometric Anchor / Scene Predictor
not loaded.

3: Initialise a1∼N (0, I), z1∼N (0, I).
4: for each Euler step τ ∈{1, 1−∆τ, . . . ,∆τ} (10 steps total) do
5: v(a), v(s) ← ActionExpert([ rt | zτ | aτ ]; prefix cache)
6: aτ−∆τ ← aτ −∆τ v(a), zτ−∆τ ← zτ −∆τ v(s)

7: end for
8: ât:t+H ← a0;

(
ẑ(k1), . . . , ẑ(kK)

)
← z0 ▷ Joint denoised outputs

9: Execute ât:t+H on the robot.
10: s̄t+1 ← ẑ(kK) ▷ Write the denoised final-offset scene state back as the next prior
11: Re-observe xt+1 and return to step 1 for the next chunk.

D Datasets and Tasks

RoboTwin 31 tasks. We use 31 language-conditioned manipulation tasks from RoboTwin 2.0 [28],
covering single-arm and dual-arm, short-horizon and long-horizon settings. The full task list is:
place_mouse_pad, click_bell, open_microwave, place_shoe, put_object_cabinet,
stack_blocks_three, beat_block_hammer, turn_switch, open_laptop,
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place_dual_shoes, pick_dual_bottles, stack_bowls_three, place_a2b_left,
place_a2b_right, place_empty_cup, move_can_pot, place_container_plate,
press_stapler, place_phone_stand, place_fan, rotate_qrcode, place_object_stand,
shake_bottle, scan_object, pick_diverse_bottles, place_bread_skillet,
place_bread_basket, place_burger_fries, place_cans_plasticbox,
put_bottles_dustbin, and hanging_mug. Each task uses RoboTwin’s standard episode
length and the 50-step action chunk.

RoboTwin-5Task ablation subset. For ablations we use a 5-task subset that spans single-arm, dual-
arm, short-horizon, and long-horizon types and keeps the ablation budget controlled: click_bell,
open_microwave, place_shoe, put_object_cabinet, and stack_blocks_three.

Baselines. LingBot-VLA∗ is the depth-augmented LingBot-VLA, corresponding to the
robotwin_load20000h_depth configuration of the LingBot-VLA repository. EvoScene-VLA
shares its training data, chunk length, and compute budget with all baselines. The † rows of Tab. 1 are
published results rather than our reproductions: the X-VLA and Motus values come from the per-task
tables of Motus [1] and the RotVLA values from RotVLA [19]. Those models are jointly trained on
all 50 RoboTwin 2.0 tasks with 50 clean and 500 randomized demonstrations per task, so we select
the 31 tasks used here from the source tables and report their unweighted mean.

E Per-Task Multi-Seed Results

Tab. 7 expands Tab. 1 with the per-task uncertainty. For the LingBot-VLA baselines and EvoScene-
VLA we trained three independent seeds and evaluated each with 100 rollouts per task and setting,
and we report the mean ± sample standard deviation across those three seeds. The ∆ row gives
the paired per-task improvement of EvoScene-VLA over LingBot-VLA∗ together with the standard
deviation of that difference. Aggregating over the 31 tasks, the macro averages are 86.4± 0.7 versus
88.8 ± 0.2 under Clean (+2.4 ± 0.4) and 85.7 ± 0.3 versus 87.9 ± 0.5 under Rand (+2.2 ± 0.2).
EvoScene-VLA attains the higher mean on 22 of 31 tasks under Clean and 23 of 31 under Rand, so
the gain is broadly distributed rather than concentrated in a few tasks.

F Real-Robot Rollout Uncertainty

Each real-robot method is deployed from a single fixed checkpoint, so cross-seed or cross-checkpoint
standard deviation is not defined for the study in Sec. 4.4. We therefore quantify the remaining source
of variability, namely the finite number of physical rollouts, with 95% Wilson binomial confidence
intervals. Tab. 8 reports the interval for every method–task cell, computed from that cell’s 100
rollouts, and for every pooled Overall entry, computed from that method’s 300 rollouts. The pooled
intervals are [36.6, 47.7] for EvoScene-VLA and [32.1, 42.9] for LingBot-VLA∗.

G Real-Robot Closed-Loop Rollouts

Fig. 7 contrasts a failed execution (Rollout 1) with the successful execution summarized in Fig. 6
(Rollout 2). Both are closed-loop executions of EvoScene-VLA on Clean The Sink, the longest-
horizon of the three real-robot tasks. Frames are sampled uniformly from the head camera over each
execution. The task requires the robot to pick up the cloth, bring it to the basin, and wipe across the
surface; because wiping changes the surface state, later controls must target regions the tool has not
yet covered, which is exactly the condition the recurrent prior is meant to serve. These are physical
executions on Galaxea R1-Lite under the protocol of Sec. 4.4, not dataset replay.

H Additional Trajectory Visualizations

Fig. 8 shows six additional 3D end-effector trajectory comparisons complementing Fig. 4.
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Table 7: Per-task success rates on the 31 RoboTwin tasks under the Clean and Rand settings
(%). Expanded version of Tab. 1. Each cell is the mean ± sample standard deviation over three
independently trained seeds, with 100 rollouts per task, setting, and seed. The ∆ columns give the
paired improvement of EvoScene-VLA over LingBot-VLA∗, with the standard deviation of that
difference across the three seeds. Per-row best per setting is bolded among the three methods. Tasks
appear in the same order as in Tab. 1.

LingBot-VLA LingBot-VLA∗ EvoScene-VLA (Ours) ∆

Task Clean Rand. Clean Rand. Clean Rand. Clean Rand.

Place Mouse Pad 84.0 ± 2.6 88.0 ± 4.6 84.0 ± 3.6 87.0 ± 6.0 85.0 ± 4.6 91.0 ± 4.0 +1.0 ± 1.0 +4.0 ± 5.3
Click Bell 68.0 ± 5.3 60.0 ± 6.0 95.0 ± 5.3 96.0 ± 2.6 96.0 ± 1.7 97.0 ± 2.6 +1.0 ± 4.4 +1.0 ± 5.2
Open Microwave 66.0 ± 5.6 54.0 ± 5.0 70.0 ± 6.0 58.0 ± 3.0 82.0 ± 2.6 61.0 ± 1.7 +12.0 ± 8.2 +3.0 ± 4.6
Place Shoe 97.0 ± 2.0 95.0 ± 5.0 97.0 ± 1.0 98.0 ± 1.7 95.0 ± 3.0 99.0 ± 1.0 −2.0 ± 3.6 +1.0 ± 2.6
Put Object Cabinet 82.0 ± 1.0 80.0 ± 3.6 82.0 ± 2.0 83.0 ± 3.0 85.0 ± 5.6 87.0 ± 4.6 +3.0 ± 3.6 +4.0 ± 6.9
Stack Blocks Three 95.0 ± 1.7 90.0 ± 4.0 95.0 ± 2.0 88.0 ± 4.4 96.0 ± 2.6 95.0 ± 4.6 +1.0 ± 4.4 +7.0 ± 3.6
Beat Block Hammer 90.0 ± 6.0 85.0 ± 3.6 87.0 ± 5.0 83.0 ± 4.6 93.0 ± 6.0 84.0 ± 6.0 +6.0 ± 9.5 +1.0 ± 9.6
Turn Switch 64.0 ± 2.6 75.0 ± 5.3 71.0 ± 3.5 71.0 ± 5.6 72.0 ± 3.6 75.0 ± 2.6 +1.0 ± 2.6 +4.0 ± 3.5
Open Laptop 98.0 ± 1.7 97.0 ± 5.2 97.0 ± 1.0 98.0 ± 1.0 99.0 ± 1.0 99.0 ± 1.0 +2.0 ± 1.0 +1.0 ± 1.0
Place Dual Shoes 90.0 ± 4.6 89.0 ± 2.6 75.0 ± 4.6 87.0 ± 5.0 91.0 ± 3.6 93.0 ± 5.3 +16.0 ± 4.0 +6.0 ± 7.9
Pick Dual Bottles 88.0 ± 2.6 85.0 ± 2.0 93.0 ± 2.6 88.0 ± 2.6 87.0 ± 5.3 88.0 ± 3.5 −6.0 ± 7.8 +0.0 ± 1.0
Stack Bowls Three 72.0 ± 4.0 76.0 ± 3.5 75.0 ± 5.3 82.0 ± 1.7 83.0 ± 1.7 76.0 ± 4.4 +8.0 ± 3.6 −6.0 ± 5.3
Place A2B Left 76.0 ± 4.6 80.0 ± 5.0 79.0 ± 3.6 77.0 ± 5.0 80.0 ± 3.6 83.0 ± 2.6 +1.0 ± 6.9 +6.0 ± 2.6
Place A2B Right 77.0 ± 4.4 70.0 ± 3.0 76.0 ± 5.2 76.0 ± 4.0 81.0 ± 3.5 79.0 ± 5.2 +5.0 ± 7.5 +3.0 ± 2.6
Place Empty Cup 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 99.0 ± 1.0 100.0 ± 0.0 100.0 ± 0.0 +0.0 ± 0.0 +1.0 ± 1.0
Move Can Pot 75.0 ± 4.4 66.0 ± 4.4 82.0 ± 3.6 90.0 ± 2.0 75.0 ± 6.0 75.0 ± 5.0 −7.0 ± 4.4 −15.0 ± 7.0
Place Container Plate 96.0 ± 2.6 98.0 ± 1.0 95.0 ± 4.6 96.0 ± 1.7 100.0 ± 0.0 98.0 ± 2.0 +5.0 ± 4.6 +2.0 ± 3.6
Press Stapler 90.0 ± 3.5 95.0 ± 5.0 92.0 ± 3.6 94.0 ± 1.7 92.0 ± 5.6 95.0 ± 4.4 +0.0 ± 2.0 +1.0 ± 5.6
Place Phone Stand 84.0 ± 5.6 96.0 ± 1.0 91.0 ± 2.6 91.0 ± 3.0 91.0 ± 1.7 96.0 ± 2.6 +0.0 ± 2.6 +5.0 ± 3.6
Place Fan 94.0 ± 4.0 89.0 ± 4.6 93.0 ± 2.6 86.0 ± 5.6 97.0 ± 3.6 91.0 ± 3.0 +4.0 ± 1.0 +5.0 ± 5.3
Rotate QRcode 78.0 ± 5.3 86.0 ± 2.0 83.0 ± 6.0 87.0 ± 2.6 88.0 ± 1.0 87.0 ± 3.6 +5.0 ± 6.6 +0.0 ± 5.3
Place Object Stand 96.0 ± 3.5 90.0 ± 3.6 96.0 ± 1.0 85.0 ± 2.0 98.0 ± 3.5 96.0 ± 1.7 +2.0 ± 2.6 +11.0 ± 2.6
Shake Bottle 100.0 ± 0.0 99.0 ± 1.0 98.0 ± 1.7 99.0 ± 1.0 100.0 ± 0.0 100.0 ± 0.0 +2.0 ± 1.7 +1.0 ± 1.0
Scan Object 57.0 ± 5.6 47.0 ± 3.6 56.0 ± 4.6 38.0 ± 2.6 49.0 ± 2.0 57.0 ± 4.4 −7.0 ± 4.4 +19.0 ± 3.0
Pick Diverse Bottles 78.0 ± 5.3 69.0 ± 2.0 80.0 ± 3.6 74.0 ± 5.0 83.0 ± 3.5 80.0 ± 6.0 +3.0 ± 1.0 +6.0 ± 11.0
Place Bread Skillet 91.0 ± 1.0 91.0 ± 6.0 89.0 ± 1.0 91.0 ± 2.6 89.0 ± 6.0 87.0 ± 5.3 +0.0 ± 6.6 −4.0 ± 4.6
Place Bread Basket 90.0 ± 4.6 90.0 ± 3.6 91.0 ± 3.6 91.0 ± 5.3 92.0 ± 5.0 91.0 ± 4.6 +1.0 ± 6.9 +0.0 ± 7.0
Place Burger Fries 96.0 ± 2.0 96.0 ± 3.6 95.0 ± 2.0 99.0 ± 1.0 99.0 ± 1.0 97.0 ± 5.2 +4.0 ± 2.6 −2.0 ± 5.3
Place Cans Plasticbox 98.0 ± 2.6 98.0 ± 2.6 99.0 ± 1.0 96.0 ± 4.0 99.0 ± 1.0 99.0 ± 1.0 +0.0 ± 1.0 +3.0 ± 5.0
Put Bottles Dustbin 80.0 ± 4.4 83.0 ± 4.0 88.0 ± 2.6 87.0 ± 3.5 94.0 ± 1.0 93.0 ± 5.0 +6.0 ± 3.0 +6.0 ± 6.1
Hanging Mug 72.0 ± 2.6 76.0 ± 5.3 75.0 ± 2.0 82.0 ± 5.3 83.0 ± 4.6 76.0 ± 2.0 +8.0 ± 4.4 −6.0 ± 6.9

Average 84.6 ± 0.6 83.6 ± 0.4 86.4 ± 0.7 85.7 ± 0.3 88.8 ± 0.2 87.9 ± 0.5 +2.4 ± 0.4 +2.2 ± 0.2

Table 8: Real-robot rollout uncertainty. For every method–task pair we report the success rate (SR,
%) over 100 physical closed-loop rollouts and its 95% Wilson binomial confidence interval. The
Overall row pools the 300 rollouts of each method (100 per task); the full study comprises 1,200
rollouts across the four methods. These intervals quantify rollout sampling uncertainty for one fixed
checkpoint and do not represent cross-seed variation.

π0.5 LingBot-VLA LingBot-VLA∗ EvoScene-VLA (Ours)

Task SR (%) 95% CI SR (%) 95% CI SR (%) 95% CI SR (%) 95% CI

Mirror 28.0 [20.1, 37.5] 27.0 [19.3, 36.4] 26.0 [18.4, 35.4] 29.0 [21.0, 38.5]

Sink 42.0 [32.8, 51.8] 44.0 [34.7, 53.8] 49.0 [39.4, 58.7] 51.0 [41.3, 60.6]

Cutting Board 44.0 [34.7, 53.8] 34.0 [25.5, 43.7] 37.0 [28.2, 46.8] 46.0 [36.6, 55.7]

Overall 38.0 [32.7, 43.6] 35.0 [29.8, 40.6] 37.3 [32.1, 42.9] 42.0 [36.6, 47.7]

I Decoding Geometry from the Scene Representation on RoboTwin

The global anchor in Sec. 3.4 trains Pt, which the view-conditioned decoder produces from sp, to
match frozen 3DFM features Zt. To inspect the learned representation without fitting an additional
probe, we pass Pt and Zt through the same frozen 3DFM point head. Fig. 9 renders log depth across
two RoboTwin frames and all three camera views. Each pair uses a shared colour range fitted on its
3DFM reference, so independent normalization cannot make the two outputs appear more similar.
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Rollout 1 (failure)

Rollout 2 (success)

Figure 7: Real-robot closed-loop rollouts on Clean The Sink. Two executions of EvoScene-VLA
on Galaxea R1-Lite, read left to right and top to bottom within each rollout. The robot picks up the
cloth, transports it to the basin, and wipes across the surface. Rollout 1 fails with visible ketchup
remaining in the basin at the end, whereas Rollout 2 clears the basin and succeeds.

J Decoding Depth from the Scene Representation

Appendix I provides qualitative RoboTwin decodes. This section quantifies the same question on
LIBERO. Because Pt is trained to match Zt, it already lives in the frozen 3DFM’s feature space, so
that model’s own point head decodes it to depth without fitting anything on our data. A favourable
score therefore cannot be attributed to a probe that learned depth on its own. The reference depth is
the same head applied to Zt.

Protocol. We evaluate 501 warm-history LIBERO-10 samples drawn from 167 episodes (1002
images over two views), disjoint by seed from any diagnostic used during development. Lrep

compares layer-normalized features (Eq. (4)), so training never constrains the absolute feature scale:
the readout’s feature norm is 22.1× the teacher’s. Raw decoded depth is consequently on the wrong
scale, and we align each prediction to the reference with a least-squares scale and shift in log depth
before scoring. All numbers below are therefore claims about relative geometry, not metric depth.

Table 9: Depth decoded from the scene representation, scored against the frozen 3DFM reference
over 1002 images after log-depth scale-shift alignment. Constant predicts each image’s median
reference depth and bounds what is achievable with no geometric content.

Readout source AbsRel ↓ δ1 ↑ δ2 ↑ Pearson ↑
Recurrent prior 0.130 0.828 0.968 0.879
Cold prior 0.130 0.824 0.963 0.872
Constant baseline 0.360 0.389 0.816 0.000

The representation carries geometry: δ1 is 0.825 against 0.389 for the constant baseline, and AbsRel
is 0.130 against 0.360. Fig. 10 shows the corresponding decodes. Coarse layout, support surfaces,
and arm placement survive; object-level detail does not, and the 16× 16 token grid leaves visible
block structure. Wrist views are consistently weaker than the agent view.
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(a) place_phone_stand (b) place_fan

(c) grab_roller (d) place_bread_skillet

(e) place_burger_fries (f) place_cans_plasticbox

Figure 8: Additional 3D end-effector trajectory comparisons on six RoboTwin tasks, complementing
Fig. 4. EvoScene-VLA produces noticeably smoother paths than LingBot-VLA across all six cases.

What the recurrent prior contributes. Tab. 9 also shows that carrying the prior across chunks
buys almost nothing when every view is visible: query-warm beats the cold prior by +0.0013 δ1
(episode-balanced paired margin over 167 episodes, 108W/59L, p < 10−5) — statistically detectable
but negligible in size. This is expected, because the current frame already determines the current
frame’s geometry.

We therefore isolate the prior’s content by replacing each sample’s incoming prior with one captured
from a different episode, and repeat the comparison with one camera view replaced by another
episode’s frame so that view’s geometry is absent from the observation. Depth is then scored on the
replaced view only.

Table 10: Own versus cross-episode donor prior, episode-balanced paired δ1 margins over 167
episodes. The prior’s content is irrelevant while the scene is fully observed and becomes measurable
once a view is removed.

Observation ∆δ1 (own − donor) Episodes won p

All views visible +0.0003 90/167 0.218
Agent view replaced +0.0027 110/167 < 10−5

Wrist view replaced +0.0022 104/167 < 10−5

The dissociation is clean: swapping in another episode’s prior changes nothing under full observation
(p = 0.218) and costs measurable accuracy once a view is missing (p < 10−5 for both views,
comfortably past a Bonferroni threshold over the twelve paired tests we ran). The magnitude is
nonetheless small — removing the agent view costs 0.206 δ1, of which the prior’s content restores
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RGB 3DFM reference Decoded from sp

place_cans_
plasticbox

High

Left wrist

Right wrist

click_bell
High

Left wrist

Right wrist

Figure 9: Geometry decoded from the recurrent scene representation. Two RoboTwin frames
with three camera views each. 3DFM reference decodes the frozen features Zt, while Decoded from
sp applies the same frozen point head to Pt produced from sp. Each pair shares a colour range fitted
on its reference. The decoded maps retain coarse scene layout, support surfaces, and relative depth
ordering, although fine details remain incomplete.
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RGB Reference Decoded from sp

Agent view

Agent view

Wrist view

Wrist view

Figure 10: Depth decoded from the scene representation. Four LIBERO images covering two
agent views and two wrist views. Reference decodes the frozen 3DFM target; Decoded decodes Pt

through the same frozen head. Each row shares a colour range fitted on its reference.

0.0027, or 1.3%; the wrist view restores 2.2%. We report this as directional evidence that the recurrent
state carries episode-specific geometry, not as a claim that it substitutes for observation. Replaying
each sample’s own prior through the explicit intervention path reproduces the query-warm readout
exactly (maximum absolute error 0.0), so the comparison is not confounded by the intervention itself.

K Limitations

EvoScene-VLA carries a latent recurrent state across chunk boundaries, and its geometric content is
only partially legible. Decoding it through the frozen 3DFM head recovers relative structure but not
absolute scale, and only at the resolution of a 16×16 token grid (Appendix J); the prior’s own content
contributes measurably only when a camera view is missing, and even then restores a small fraction
of what the missing view provided. The value of the prior must therefore still be judged primarily
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through downstream behavior and through the controlled ablation in Tab. 2. Future-scene supervision
flows through a frozen 3D foundation model on future frames, so target quality upper-bounds the
prior the action expert can learn. We train Scene Predictor and the action expert’s scene branch only
at a fixed set of key-frame offsets {k1, . . . , kK}. Deployments that re-observe at intervals diverging
from these offsets therefore receive a temporally misaligned prior at the next chunk. Real-robot
evaluation is currently limited to three indoor-cleaning tasks on a single dual-arm platform; behavior
under category shift, novel scenes, and multi-step task chaining remains future work. The effect of
chunk length on prior quality is likewise unresolved: longer chunks may raise the value of recurrence
by creating larger scene changes, but they also push Scene Predictor targets farther into the future,
and we have not separated these two effects under a fixed training budget. A useful next step is to
treat the mismatch between observation slots and prior slots as an uncertainty signal for replanning or
adaptive chunk execution.

L Broader Impact

EvoScene-VLA is a manipulation policy aimed at indoor household assistance. Robots that run such
policies inside homes raise standard considerations around physical safety, user privacy from on-robot
camera streams, and potential displacement of routine paid labor. These considerations apply to
vision–language–action policies broadly and are not specific to the recurrent scene prefix introduced
here. All training data in this work come from public datasets or platform-provided demonstrations
under their respective licenses; real-robot evaluation is conducted in a controlled lab setting only.
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