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Unified models for robot manipulation aim to equip one policy with both the semantic priors of pretrained VLMs and
the physical dynamics learned through future prediction. In practice, existing designs tend to erode the semantics of
the pretrained backbone, suffer interference among heterogeneous objectives, and learn future prediction from scratch
in pixel space, leaving the dynamics priors of pretrained video generators unexploited. We present InternVLA-A1.5,
which builds the policy on a native VLM backbone that keeps training on VQA and subtask prediction, and attaches a
lightweight unified expert for continuous action generation. Future prediction is recast as a latent-querying problem,
where a small set of learnable foresight tokens condenses the task-relevant future into a compact latent code under
the supervision of a frozen pretrained video generation model, so the policy inherits world-model dynamics priors
without ever learning pixel-level generation. The video branch is discarded at inference, keeping real-time control.
Pretrained on 1.2M robot episodes and 3M multimodal samples, InternVLA-A1.5 achieves the best overall results
on all six simulation benchmarks. In the real world, the preserved semantics deliver the strongest compositional
generalization on held-out instruction bindings, and the two designs together sustain long-horizon execution.
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InternVLA-A1.5 Unifying Understanding, Latent Foresight, and Action for Compositional Generalization

Figure 1. Overview of InternVLA-A1.5. InternVLA-A1.5 unifies understanding, latent foresight,
and action by attaching a lightweight expert to a pretrained VLM backbone. It is co-trained on
vision-language and robot manipulation data, and introduces learnable foresight tokens to extract
task-relevant future information as a compact latent representation. This representation is supervised
by a frozen video generation model, which is used only during training and removed at inference.
Extensive simulation and real-world experiments validate the effectiveness of the design.
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1. Introduction

Developing general-purpose robots that can manipulate diverse objects under language instructions
is a long-standing goal of embodied intelligence, with broad application value in homes, factories,
and other unstructured environments. The strong generalization of vision-language models (Achiam
et al., 2023; Beyer et al., 2024; Qwen Team, 2026) and the powerful generative ability of video
generation models (Agarwal et al., 2025; Wan et al., 2025) have motivated researchers to explore
transferring such capabilities to embodied control. This has given rise to Vision-Language-Action (VLA)
models (Bjorck et al., 2025; Intelligence et al., 2024, 2025a,b, 2026; Yu et al., 2026), which inherit
rich semantic priors from pretrained vision-language backbones and generalize well across objects
and instructions. In parallel, Video Action and World Action models (Bi et al., 2025; GEAR, 2026;
Kim et al., 2026; Li et al., 2026; Team et al., 2026; Zhou et al., 2026) learn to predict future visual
states and thus acquire a strong sense of physical dynamics. This complementarity has motivated a
growing body of work to explore whether a single unified model (Cai et al., 2026a; Hu et al., 2026;
Liu et al., 2026; Lu et al., 2025; Luo et al., 2026; Sun et al., 2026) can combine the strengths of both.
Along this line, our prior work InternVLA-A1 (Cai et al., 2026a) makes an early attempt by treating
future visual states and actions jointly as training targets within a unified architecture, showing clear
gains especially in dynamic manipulation.

Despite their effectiveness, current unified models that bring future prediction and action together
still share several limitations rooted in how the two objectives are combined. First, the understanding
component is often left out of large-scale VQA or language training once heavy generation and action
objectives are imposed on top of it (Cai et al., 2026a; Liu et al., 2026; Lu et al., 2025; Luo et al.,
2026; Sun et al., 2026). The semantic knowledge of the pretrained vision-language backbone then
gradually drifts, and the instruction-following ability is weakened. Second, the sub-modules are
optimized towards objectives of different forms and scales, for example regressing future visual
latents, flow-matching action prediction, and language modeling, and these heterogeneous objectives
tend to interfere with one another during joint training (Luo et al., 2026; Sun et al., 2026; Yu et al.,
2026). Third, the visual prediction module is usually trained from scratch to reconstruct future states,
so it does not exploit the spatiotemporal and dynamics priors already contained in large pretrained
video generation models (Cai et al., 2026a; Hu et al., 2026). Overall, these limitations reflect a
common tension in unifying semantics and dynamics: how to inject knowledge of world dynamics
into the policy without degrading its semantic ability or paying the full cost of pixel-level generation.

To address these limitations, we present InternVLA-A1.5. First, we build the policy on a native
vision-language model (Qwen Team, 2026) and keep training it during policy learning with VQA,
subtask prediction, and a discrete action token objective (Intelligence et al., 2025b). This preserves
and even strengthens the semantic and instruction-following ability of the underlying VLM, while
the discrete action objective provides an action-aware signal that speeds up convergence. Second,
instead of training a generation module from scratch to regress future images in pixel space, we
recast future prediction as a latent-querying problem: a small set of latent foresight queries attends
to the shared multimodal context and reads out the task-relevant future as a compact latent code.
This code is then used as the conditioning input of a frozen pretrained video generation model (Wan
et al., 2025), and a video prediction loss is back-propagated through the frozen generator down to
the foresight queries. In this way, the foresight queries are optimized to become a code that can
steer a powerful generative world model toward the correct future, so that the policy inherits the
model’s spatiotemporal dynamics priors without ever learning pixel-level generation, and the auxiliary
foresight objective is unified with action learning into a single and more consistent training framework.
Notably, the video generation branch is used only during training and visualization; at deployment,
action prediction does not invoke the generator, so the policy keeps a real-time inference speed.
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Figure 2. Framework of InternVLA-A1.5. The architecture adopts a Mixture-of-Transformers design
comprising a pretrained VLM for multimodal perception and a lightweight unified expert that shares
full attention layers with the VLM while maintaining separate linear attention layers. The unified
expert uses learnable foresight tokens for training-only visual foresight supervision and action query
tokens decoded via flow matching for continuous action prediction.

We conduct extensive experiments in both simulation and the real world. In simulation, InternVLA-
A1.5 is evaluated on six benchmarks, where LIBERO (Liu et al., 2023), RoboTwin 2.0 (Chen et al.,
2025a), EBench (Gao et al., 2026), and SimplerEnv (Li et al., 2025) cover single-arm, bimanual,
and mobile manipulation as well as real-to-sim evaluation, while LIBERO-Plus (Fei et al., 2025) and
DOMINO (Fang et al., 2026) serve as zero-shot generalization tests. In the real world, we design
three instruction-following tasks where only part of the instruction bindings are seen during training,
together with a long-horizon chemistry procedure, and compare against 𝜋0.5 (Intelligence et al.,
2025b) and Motus (Bi et al., 2025). InternVLA-A1.5 achieves the best results on all six simulation
benchmarks and stays ahead on both zero-shot tests. In the real world, it delivers the strongest
compositional generalization on the held-out bindings and clearly leads in long-horizon execution.

2. InternVLA-A1.5 Model Design

In this section, we present the design of InternVLA-A1.5, which adopts a Mixture-of-Transformers
(MoT) architecture that unifies vision-language understanding, visual foresight, and action generation
within a single framework. As illustrated in Figure 2, InternVLA-A1.5 comprises two core components:
(1) a pretrained VLM that serves as the backbone for multimodal perception and reasoning, and (2) a
lightweight unified expert that shares the same architectural blueprint as the VLM backbone but
operates with a smaller hidden dimension, enabling efficient action prediction. We adopt Qwen-3.5
2B (Qwen Team, 2026) as the VLM backbone, which employs an efficient hybrid attention mechanism
that interleaves 3 Gated DeltaNet (Yang et al., 2025) linear attention layers with 1 standard full
attention layer. The VLM and the unified expert only interact through the shared full attention layer,
while maintaining separate Gated DeltaNet layers for modality-specific processing.

The VLM backbone is initialized from pretrained weights. At each timestep 𝑡, the multi-view
observations 𝑜𝑡 from robot cameras and the language instruction 𝑙 are encoded into visual and text
tokens following the standard VLM processing pipeline. In addition, the robot proprioceptive state
𝑞𝑡 is discretized via uniform binning and appended as discrete tokens, along with a control mode
token that specifies the action space. This input formulation preserves the native representation of the
pretrained VLM, allowing InternVLA-A1.5 to fully leverage its multimodal understanding capability.
We employ a multi-stage training pipeline, with details described in Section 3. Depending on the task
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configuration, the VLM may predict textual outputs such as answers to visual questions or sub-task
descriptions of the current state, as well as action chunks encoded as discrete tokens via the FAST
tokenizer (Pertsch et al., 2025).

The unified expert adopts the same hybrid architecture as the VLM backbone (i.e., Qwen-3.5-Text)
but with a reduced hidden dimension (460M parameters), and interacts with the VLM through the
shared full attention layer to receive multimodal context. The input to the unified expert consists of
two parts. The first part is a set of learnable foresight tokens that serve as latent queries for future
prediction. These tokens attend to the shared multimodal context via the full attention layer and
produce output embeddings that act as conditioning signals for a frozen pretrained video generation
model. Specifically, we adopt WAN2.2-5B (Wan et al., 2025) as the video generator and replace its
original T5 text encoder with the foresight query outputs. The model is supervised with a video
prediction loss over future frames spanning the same temporal horizon as the action chunk. Crucially,
the video generation branch is used only during training; at inference time, the video model is
discarded entirely, introducing no additional latency compared with world-model-based methods that
require expensive generation at deployment. Following the foresight tokens, a set of action query
tokens is appended and decoded via a flow matching head to predict continuous action chunks. The
action head can attend to all preceding non-action tokens.

3. Training Recipe

The training of InternVLA-A1.5 follows a multi-stage recipe. The first pretraining stage co-trains
the VLM backbone on a mixture of Vision-Question-Answer and large-scale robot data, in the spirit
of recent works like 𝜋0.5 (Intelligence et al., 2025b). The model is jointly supervised to predict
the question answer, the next subtask, and a discrete action chunk. This turns the VLM into a VLA
executor while preserving its pretrained reasoning and instruction-following ability. The second
pretraining stage introduces the unified expert together with a foresight-reasoning mechanism. A set
of learnable foresight tokens condenses world knowledge from a frozen pretrained video generation
model, injecting spatiotemporal priors into action prediction. The post-training stage follows the
same recipe as the second pretraining stage. The video generation branch can be optionally kept
active to fine-tune the foresight tokens on downstream demonstrations.

3.1. Pretraining Stage 1: VLM Transferring

To make full use of the understanding capability carried from the pretrained VLM, we cast both robot
data and VQA data into a single tokenized format and train the VLM under one unified framework.
The remainder of this subsection describes the encoding of each input modality and the prompt
construction, the training objective, and the attention-mask layout.

Input structure. At each timestep 𝑡, the input to the VLM consists of 𝐾-view observations 𝑜𝑡 =
{𝑜(𝑘)𝑡 }𝐾

𝑘=1, a language instruction 𝑙, a control mode 𝑚 ∈ {<joint>,<end_effector>,<vqa>}, and, for
robot data, a proprioceptive state 𝑞𝑡 ∈ ℝ𝐷 with 𝐷 ≤ 32. Images are processed by the Qwen3.5 vision
pipeline and inserted as 𝐾 blocks of <|vision_start|><|image_pad|><|vision_end|> tokens, with
padded views masked out. The proprioceptive state is uniformly discretized per dimension into 256
bins over [−1, 1]. Action targets are encoded as discrete tokens, where each fixed-horizon action
chunk 𝑎𝑡:𝑡+𝐻 is mapped to a short sequence of tokens via the FAST tokenizer. In practice, we adopt an
action vocabulary of size 2048 and append it to the original VLM vocabulary, so that action tokens
share the same embedding table and language head as the rest of the model. VQA and robot samples
follow the unified chat-template layout shown in Figure 3, which makes the prompt-versus-label split
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<|vision_start|><image_pad><|vision_end|>
×𝐾 images

Task: heat food in microwave oven. Control Mode: <joint>/<end_effector>

State: 7 231 … 128
Discrete State

Output: <SubTask, Action>
SubTask

Open the microwave switch with the left hand.

Action Token
<action_51>…..<action_132> Label

<|vision_start|><image_pad><|vision_end|>
×𝐾 images

Task: Pinpoint all instances of juggling balls in the image. Control Mode: <vqa>

Output: <Answer> [(293, 350), (188, 271)]Label

Figure 3. The chat-template layout. Robot action samples and VQA samples share the same prompt-
and-label structure. The prompt concatenates 𝐾 image blocks, the task instruction, the control mode
𝑚, and the discretized state. The label part carries the supervised target: a subtask description and a
FAST action token segment for robot data, or the answer span for VQA. Only label tokens contribute
to the next-token cross-entropy.

explicit. For robot data, the prompt concatenates the image blocks, task instruction, control mode,
and discretized state, and the label spans a subtask description followed by a FAST action segment,
with a label-mode flag selecting which of the two (or both) is supervised per sample. For VQA, the
prompt drops the state segment and sets 𝑚 to <vqa>, while the label collapses to a single answer
span.

Training objective. Themodel is trained with a next-token prediction objective over the label portion
of each sequence. Following 𝜋0.5 (Intelligence et al., 2025b), we decompose the joint distribution of
subtask output ℓ̂ and action chunk a𝑡:𝑡+𝐻 as:

𝜋𝜃(a𝑡:𝑡+𝐻 , ℓ̂ | o𝑡, ℓ) = 𝜋𝜃(a𝑡:𝑡+𝐻 | o𝑡, ℓ̂) 𝜋𝜃(ℓ̂ | o𝑡, ℓ), (1)

where o𝑡 comprises multi-view images, instruction and the discretized proprioceptive state, and ℓ is the
language instruction. Since ℓ̂ = (ℓ̂1, . . . , ℓ̂𝑀) is placed before the FAST action tokens a = (𝑎1, . . . , 𝑎𝑁)
in the label sequence, the autoregressive factorization naturally conditions action prediction on the
predicted subtask. Denoting the full label sequence as 𝑦 = (𝑦1, . . . , 𝑦𝑀+𝑁) = (ℓ̂1, . . . , ℓ̂𝑀 , 𝑎1, . . . , 𝑎𝑁),
the training objective is the standard cross-entropy loss over all label tokens:

Lstage1 = −𝔼(o𝑡 , ℓ, 𝑦) ∼ D

[
𝑀+𝑁∑︁
𝑖=1

log 𝑝𝜃(𝑦𝑖 | o𝑡, ℓ, 𝑦<𝑖)
]
, (2)

where D denotes the mixture of robot and VQA datasets. For VQA samples, ℓ̂ reduces to the answer
span and the action term vanishes. Since action tokens are appended to the VLM vocabulary and
share the same embedding table and output projection, all label tokens are supervised under a single
cross-entropy loss without auxiliary heads or separate loss weighting.

3.2. Pretraining Stage 2: Foresight and Action Generation

Although Stage 1 turns the VLM into a semantic-aware executor, its discrete autoregressive action
prediction is inefficient for real-world closed-loop control, where low latency, precision, and smooth-
ness are critical. To overcome this limitation, Stage 2 pretraining introduces a unified expert that
performs MoT joint attention with the VLM backbone. The unified expert models the continuous
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action distribution and generates action chunks through flow-matching-based sampling. Further-
more, to enhance the model’s ability to reason about future scene states, we introduce a lightweight
foresight-reasoning mechanism, where learnable foresight tokens query and absorb world-model
knowledge from a frozen pretrained video generation model. Overall, this stage retains the semantic
and task-level reasoning ability acquired in Stage 1, while equipping the model with a future-aware,
efficient, and control-oriented action generation interface.
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Figure 4. The foresight reasoning mechanism. Learnable foresight query tokens attend to the
current visual-language context through the unified expert and produce conditioning embeddings for
the frozen video generation model. The video supervision loss encourages these tokens to encode
future-relevant information, which is further reused to guide continuous action generation.

Foresight reasoning. Figure 4 illustrates the overall foresight reasoning pipeline and how learnable
query tokens interact with the frozen video generation model. To leverage the dynamics priors
encoded in pretrained video generation models, we insert 𝑀 learnable foresight tokens into the unified
expert sequence before flow-matching-based action prediction. These tokens interact with the current
visual-language context through the unified expert transformer, producing a compact representation
that bridges future-state modeling and continuous action generation. Denoting the learnable foresight
tokens as 𝑄 𝑓 ∈ ℝ𝑀×𝑑 , the visual-language hidden states encoded from (𝑜𝑡, ℓ, ℓ̂) as 𝐻𝑡, the unified expert
transformer as Φ𝜃, and the foresight-token positions as F , the contextualized foresight embeddings
are obtained by

𝑍
𝑓
𝑡 = Φ𝜃

(
[𝐻𝑡;𝑄 𝑓 ]

)
F
. (3)

The foresight embeddings are then projected into the conditioning space of the video generation
model as 𝐶 𝑓

𝑡 = 𝑃WAN(𝑍 𝑓𝑡 ).

We instantiate the video generation model with a pretrained WAN2.2 model (Wan et al., 2025)
and freeze it during all training stages. Instead of using the original T5 text encoder (Raffel et al.,
2020), we use 𝐶

𝑓
𝑡 as the condition and inject it through the native cross-attention layers of the

WAN denoising transformer. For each action chunk, we uniformly sample 𝑁 future frames as the
prediction target, with 𝑁 = 4 in practice. Denoting the concatenated current-and-future video clip as
𝑉𝑡 ∈ ℝ(1+𝑁 )×𝐻𝐼×𝑊𝐼×3, the WAN-VAE encoder compresses it into a clean video latent 𝑥1.

Following the flow-matching objective used in WAN, we sample a noise latent 𝑥0 ∼ N(0, 𝐼) and an
interpolation timestep 𝑠 ∈ [0, 1]. Let 𝑥𝑠 = (1 − 𝑠)𝑥0 + 𝑠𝑥1 be the interpolated latent and 𝑣𝑠 = 𝑥1 − 𝑥0 be
the target velocity. The video supervision loss is defined as

Lvideo = 𝔼
𝑥0,𝑥1,𝐶

𝑓
𝑡 ,𝑠




𝑢(𝑥𝑠, 𝐶 𝑓
𝑡 , 𝑠) − 𝑣𝑠




2 , (4)

where 𝑢 denotes the frozen WAN denoising transformer. Since the WAN parameters are frozen,
gradients from Lvideo are propagated only through the conditioning pathway, updating the foresight
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tokens 𝑄 𝑓 and the upstream unified expert layers that produce 𝐶 𝑓
𝑡 . As shown in Figure 4, the foresight

tokens function as learnable query slots that extract future-relevant signals from the current context,
while the frozen WAN backbone provides the spatiotemporal prior used for supervision. In this
way, the foresight queries are trained to retrieve video-model-readable information from the current
visual-language context, yielding future-aware embeddings that are further reused to condition
continuous action generation.

Action prediction. In parallel with foresight prediction, the unified expert is trained to generate
continuous action chunks with a flow-matching objective. Unlike Stage 1, where actions are repre-
sented as discrete FAST tokens, Stage 2 directly models the continuous control trajectory, which is
more suitable for low-latency closed-loop execution. Given the visual-language context 𝐻𝑡 and the
foresight query tokens 𝑄 𝑓 , the unified expert predicts a velocity field that transports Gaussian noise
to the expert action chunk.

Formally, let a𝑡:𝑡+𝐻 denote the ground-truth continuous action chunk. We sample Gaussian noise
𝜖 ∼ N(0, 𝐼) and an interpolation timestep 𝜏 ∼ Beta(1.5, 1.0), and construct the interpolated action
chunk

a𝜏𝑡:𝑡+𝐻 = (1 − 𝜏)𝜖 + 𝜏a𝑡:𝑡+𝐻 . (5)

The target velocity is therefore a𝑡:𝑡+𝐻 − 𝜖. The action prediction loss is defined as

Laction = 𝔼a𝑡:𝑡+𝐻 , 𝜖, 𝜏




𝑣act𝜃

(
a𝜏𝑡:𝑡+𝐻 , 𝐻𝑡, 𝑄

𝑓
)
− (a𝑡:𝑡+𝐻 − 𝜖)




2 , (6)

where 𝑣act
𝜃

is the velocity field predicted by the unified expert. The foresight tokens 𝑄 𝑓 serve as
future-aware signals, enabling the unified expert to generate actions not only from the current
observation and instruction, but also from the video-model-aligned representation of plausible future
scene evolution.

During inference, we initialize the action chunk from Gaussian noise, a0𝑡:𝑡+𝐻 ∼ N(0, 𝐼), and solve
the learned flow with Euler integration:

a𝜏+Δ𝜏𝑡:𝑡+𝐻 = a𝜏𝑡:𝑡+𝐻 + Δ𝜏 · 𝑣act𝜃

(
a𝜏𝑡:𝑡+𝐻 , 𝐻𝑡, 𝑄

𝑓
)
, (7)

where 𝜏 is advanced from 0 to 1 using 𝐾 integration steps with Δ𝜏 = 1/𝐾. The final sample a1𝑡:𝑡+𝐻 is
used as the predicted continuous action chunk.

Training objective. The Stage 2 objective combines the retained VLM next-token supervision with
the video supervision and action flow-matching losses:

Lstage2 = Lstage1 + 𝛼Lvideo + 𝛽Laction. (8)

Here, Lstage1 denotes the same VLM cross-entropy objective used in Stage 1, while Lvideo and Laction
supervise foresight conditioning and continuous action generation, respectively. The weights 𝛼 and 𝛽

balance the three loss terms; in practice, we set 𝛼 = 1 and 𝛽 = 10.

3.3. Attention Masking Pattern

As shown in Figure 5, InternVLA-A1.5 uses a hybrid attention masking pattern to jointly support
autoregressive language modeling and flow-matching-based action generation. For the VLM part,
including image tokens, instruction tokens, robot-state tokens, and the optional subtask tokens, we
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Figure 5. Attention masking pattern of InternVLA-A1.5 during training and inference. The VLM
tokens follow the causal attention pattern of Qwen3.5. The unified expert uses group-wise causal
attention across token groups and bidirectional attention within each group. During training, the
unified expert is prevented from attending to FAST action tokens to avoid information leakage and
gradient interference.

follow the original Qwen3.5 causal attention pattern. This preserves the standard next-token prediction
behavior used for subtask generation and, during training, for FAST action-token supervision. For the
unified expert, the learnable foresight query tokens and the noisy action embeddings are organized
as separate token groups. Across groups, we use a causal order: the foresight tokens attend to the
VLM context, while the noisy action embeddings attend to both the VLM context and the foresight
tokens. Within each action-expert group, we use bidirectional attention, allowing the foresight tokens
to exchange information with each other and the action embeddings to jointly model the whole action
chunk. This masking pattern matches the non-autoregressive nature of flow matching, where the
entire noisy action chunk is denoised in parallel.

During training, FAST action tokens are present in the sequence for the discrete autoregressive
objective, but we explicitly mask the attention from the unified expert to the FAST token span. This
prevents the continuous action generator from directly reading the ground-truth discrete action
tokens and also avoids gradient interference between the FAST-token prediction branch and the
flow-matching action branch. For position ids, the unified expert tokens are assigned as if they
were appended immediately after the optional subtask span, rather than after the FAST token span.
This keeps the positional layout of the unified expert consistent between training and inference.
During inference, FAST action tokens are not decoded. The unified expert reuses the KV cache of the
VLM context during the denoising process, so repeated flow-sampling steps only need to update the
denoising-dependent action computations.

3.4. Training Protocol and Hyperparameters.

During pretraining, we use the AdamW optimizer with a constant learning rate of 5 × 10−5 for 300K
steps in Stage 1 and 600K steps in Stage 2. Both stages use a batch size of 1024, a warmup of 2,000
steps, and a weight decay of 0.01. Gradient clipping is set to 1.0, and all models are trained in bfloat16
precision. For post-training, we use a smaller batch size of 128 and apply the AdamW optimizer with
a cosine decay schedule, where the learning rate decays from 5 × 10−5 to 5 × 10−6 over 60K steps.
The warmup is set to 2,000 steps, while weight decay and gradient clipping remain unchanged.

Detailed hyperparameter configurations are summarized in Table 1. The number of foresight
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tokens is set to 50.

Table 1. Training hyperparameters for InternVLA-A1.5.

Configuration Stage1 Pretrain Stage2 Pretrain Posttrain

Optimizer AdamW AdamW AdamW
Batch size 1024 1024 128
Learning rate 5 × 10−5 5 × 10−5 5 × 10−5 → 5 × 10−6

Warmup steps 2,000 2,000 2,000
Decay steps – – 60,000
Training steps 300,000 600,000 60,000
Foresight tokens – 50 50
Action chunk 50 50 50
Weight decay 0.01 0.01 0.01
Gradient clipping 1.0 1.0 1.0
Model precision bfloat16 bfloat16 bfloat16

4. Data Recipe

InternVLA-A1.5 is trained on two complementary data streams that mirror its two learning objec-
tives. A large-scale robot manipulation corpus supplies both the action supervision and the future
observations used for latent foresight, while a multimodal corpus preserves the semantic and spatial-
grounding ability of the VLM backbone. We describe each stream below and then specify the sampling
strategy used to combine their heterogeneous sources.

4.1. Robot Manipulation Data

The robot corpus aggregates six sources, one synthetic and five real-world, totaling 1.2M episodes and
861M frames (Figure 6.a). InternData-A1 (Tian et al., 2026) provides the synthetic foundation and
the largest share of frames, with broad coverage of embodiments, skills, and scenes. The real-world
sources (AgiBotWorld (Bu et al., 2025), UMI (Jin et al., 2026), DROID (Khazatsky et al., 2024),
Galaxea (Jiang et al., 2025), and RoboMind 1.0 (Wu et al., 2024)) add diversity in embodiments and
viewpoints and help bridge the sim-to-real gap. All sources are cast into the unified action space of
InternVLA-A1 (Cai et al., 2026a), with morphology-specific slots padded to a shared layout so that
every embodiment uses a single action head.

Each episode serves three roles during training. Its continuous action chunk supervises the action
prediction, and its future frames supervise the latent foresight tokens through the frozen video
generator. A FAST-tokenized form of the same action additionally provides discrete targets for the
VLM.

4.2. Multimodal Co-training Data

To keep the action and foresight objectives from eroding the VLM’s pretrained knowledge, we co-train
on the multimodal corpus of InternVLA-M1 (Chen et al., 2025b), which pairs general vision-language
understanding with robotics-oriented spatial grounding. It contains about 3M samples in four
categories (Figure 6.b). General QA (637K) maintains broad multimodal ability, covering captioning,
VQA, OCR, and knowledge grounding. The other three are robotics-oriented grounding tasks, namely
Box QA (879K) for referring detection, Point QA (832K) for free-space and object-point localization,
and Trajectory QA (684K) for end-effector waypoint prediction. All grounding targets use absolute
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(a) Robot Manipulation Data

Sim 46% Real 54%
inner: sim vs real · outer: per-source frame share

InternData-A1 Sim.

587,946 ep · 395.9M f · w = 0.20
AgiBotWorld Real

112,988 ep · 206.3M f · w = 0.25

UMI Real

377,018 ep · 201.3M f · w = 0.10
DROID Real

95,658 ep · 27.6M f · w = 0.15

Galaxea Real

19,085 ep · 25.0M f · w = 0.20
RoboMind 1.0 Real

8,638 ep · 5.4M f · w = 0.10

(b) Multimodal Data

Box QA  879K · referring detection
Point QA  832K · point localization
Trajectory QA  684K · waypoints
General
QA

 637K · VQA / OCR /
caption

Box QA
Q: Give the bounding box of the orange at
the bottom.
A: [341, 232, 406, 297]

Point QA
Q: Point out a free location on the left of the
bell.
A: [(337, 238)]

Trajectory QA
Q: Predict the end-effector trajectory to move
the silver pot to the upper right of the table.
A: [(235, 48), (237, 104), (138, 79),
…]

46.0%

23.9%

23.4%

DROID 3.2%
Galaxea 2.9%

RoboMind 0.6%

Sim

Real

861.5M
frames

1.2M
episodes

29%

27%

23%

21%

~3M
samples

Figure 6. Overview of the training data for InternVLA-A1.5. (a) Robot manipulation data. Six
sources, one synthetic (InternData-A1) and five real-world, are unified into a single action space and
together provide 1.2M episodes and 861M frames. Each card reports the episode count, frame count,
and sampling weight of a source, and the outer ring shows its share of frames. By frame count the
corpus is split roughly evenly between simulation and real-world data, while the sampling weights
shift the effective mixture toward the real-world sources. (b) Multimodal data. The InternVLA-M1
corpus contributes about 3M samples across four QA categories, one for general vision-language
ability and three for robotics-oriented spatial grounding, with representative examples shown on the
right.

image coordinates in a unified QA format, so they fit the same next-token objective as the robot
subtask and FAST targets. This stream keeps the VLM’s instruction-following and spatial-grounding
ability intact and available for the policy to exploit.

4.3. Sampling Strategy

The robot sources are imbalanced at two levels. Across sources, frame counts span more than an
order of magnitude, from 396M for InternData-A1 down to 5M for RoboMind 1.0. Within each source,
the distribution over its sub-datasets is long-tailed. Proportional sampling on raw frame counts would
therefore let a few large sources dominate every batch and starve the smaller real-world datasets that
contribute most of the embodiment and scene diversity.

We therefore adopt a two-level grouped sampling scheme. Each source forms a group, and within
a group sub-datasets are drawn with probability proportional to (#frames)𝛾. Setting 𝛾 = 1 recovers
frame-proportional sampling inside each group. The inter-group weights (Figure 6) are first obtained
with Re-Mix (Hejna et al., 2024) and then refined manually. The resulting weights up-weight the
smaller real-world sources (DROID, Galaxea, and RoboMind 1.0), whose raw frame share is small
but which add valuable embodiment and scene diversity, and down-weight the dominant synthetic
source.

Finally, the robot corpus and the multimodal corpus are sampled at a fixed 0.15:0.85 ratio, so that
the bulk of each batch reinforces the VLM’s semantic and grounding ability while the robot stream
drives action and foresight learning.
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5. Experiments

We conduct extensive experiments in both simulation and the real world to evaluate InternVLA-A1.5
from three perspectives, namely overall manipulation performance, training efficiency, and how
effectively it exploits the dynamics knowledge of the pretrained world model. In simulation, we
evaluate on six benchmarks. LIBERO (Liu et al., 2023), RoboTwin (Chen et al., 2025a), EBench (Gao
et al., 2026), and SimplerEnv (Li et al., 2025) together cover single-arm, bimanual, and mobile
manipulation as well as real-to-sim evaluation. LIBERO-Plus (Fei et al., 2025) and DOMINO (Fang
et al., 2026) serve as zero-shot generalization tests, where the model trained on LIBERO is evaluated
directly under the camera, language, layout, and other perturbations of LIBERO-Plus, and the model
trained on RoboTwin is evaluated directly on the dynamic manipulation tasks of DOMINO. In the
real world, we design four tasks. The first three probe instruction following, where only part of the
instruction bindings are seen during training, and the fourth is a multi-step chemistry procedure that
targets long-horizon execution. We further examine the training efficiency and the subtask-following
ability of InternVLA-A1.5, and analyze both qualitatively and quantitatively how the latent foresight
helps the policy exploit the pretrained world model.

5.1. Evaluation on Real-world Experiments

Sort Tubes Insert Tubes Move Tubes MOF

Figure 7. Overview of the four real-world tasks. The first three evaluate instruction following,
where the robot brings a specified tube to a specified target, namely a box in Sort Tubes, a hole of a
tube rack in Insert Tubes, and a position on the opposite side in Move Tubes. MOF is a long-horizon
chemistry procedure. In each panel, colored outlines mark the task-relevant tubes and targets.

We evaluate InternVLA-A1.5 on four manipulation tasks (Figure 7). The first three target instruc-
tion following. In each, the robot follows a language instruction that names a specified tube and a
specified target and must carry that tube to the target, and the three tasks differ only in the type
of target, a box in Sort Tubes, a hole of a tube rack in Insert Tubes, and a position on the opposite
side of the workspace in Move Tubes. All three tasks follow the same held-out design, where only
part of the (tube, target) bindings are demonstrated during training, and the remaining bindings are
evaluated only at test time, so that success requires grounding the tube and the target from language
rather than replaying a memorized motion. The fourth task, MOF, is a long-horizon metal-organic
framework preparation procedure that targets long-horizon execution. Detailed setups for all four
tasks are provided in Appendix A.1. All methods are fine-tuned on the same demonstrations and
evaluated under an identical protocol, and for each evaluated condition we run multiple trials with
randomized object placement and report the success rate (%), comparing against Motus (Bi et al.,
2025) and 𝜋0.5 (Intelligence et al., 2025b). All real-world experiments run on a single NVIDIA RTX
5090 GPU. With static-graph execution, SDPA, and the flash linear attention library (Yang and Zhang,
2024), one inference step of InternVLA-A1.5 takes about 0.1s. Since the video generation branch is
discarded at deployment, the policy avoids the second-level per-step generation cost of world-action
models that imagine future frames at test time, and supports real-time closed-loop control.
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Figure 8. Real-world results across instruction-following and long-horizon tasks. We report
overall success rates on Sort Tubes, Insert Tubes, Move Tubes, and MOF, comparing 𝜋0.5, Motus, and
InternVLA-A1.5.
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Figure 9. Generalization to seen and out-of-distribution instruction bindings. We decompose
performance into seen vs. OOD combinations across the three instruction-following tasks.

Figure 8 summarizes the overall real-world performance across all tasks. InternVLA-A1.5 improves
over Motus on all four tasks and achieves the best success rate on Insert Tubes, Move Tubes, and MOF,
while on Sort Tubes it is slightly behind 𝜋0.5 (75.9 vs. 77.8). The three instruction-following tasks
differ in the precision the target requires. Sort Tubes only asks the robot to drop the tube into an
open box, which is close to a plain pick-and-place skill, and we observe that 𝜋0.5 is already very strong
on such skills. Insert Tubes and Move Tubes instead require inserting the tube into a specific hole of
a rack, where InternVLA-A1.5 leads 𝜋0.5 by 20.8 and 7.8 points respectively. On the long-horizon
MOF task, InternVLA-A1.5 reaches 76.4% while 𝜋0.5 succeeds in only 29.3% of the trials and Motus
fails to complete the procedure in any trial, indicating a clear advantage in extended sequential
execution. We attribute this gap to the explicit subtask prediction, which keeps the policy aware of
task progress over long horizons, and to the learned dynamics priors, which let the policy reason about
environment-changing actions such as liquid pouring without an explicit memory mechanism. 𝜋0.5
also predicts subtasks but struggles to model such state transitions, and Motus lacks the subtask-level
structure needed to track progress.

Figure 9 decomposes the three instruction-following tasks into seen and held-out instruction
bindings. On the held-out bindings, InternVLA-A1.5 obtains the best success rate on all three tasks,
showing that its advantage does not come from replaying demonstrated bindings. This also puts the
Sort Tubes result in context, as the small overall gap to 𝜋0.5 comes mainly from the seen bindings,
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Table 2. Results on SimplerEnv (WidowX). All numbers are success rates (%). Baseline numbers are
compiled from prior studies that evaluate these models on this benchmark. The best and second-best
results are highlighted in bold and underline, respectively.

Method Put Spoon
on Towel

Put Carrot
on Plate

Stack Green Block
on Yellow Block

Put Eggplant
in Yellow Basket Average

𝜋0 (Intelligence et al., 2024) 29.1 0.0 16.6 62.5 27.1
𝜋0.5 (Intelligence et al., 2025b) 49.3 64.7 44.7 69.7 57.1
GR00T-N1.5 (Bjorck et al., 2025) 75.3 54.3 57.0 61.3 61.9
InternVLA-M1 (Chen et al., 2025b) 87.5 67.9 31.3 100.0 71.7
EO-1 (Qu et al., 2025) 63.6 54.5 81.8 90.9 72.7
Xiaomi-Robotics-0 (Cai et al., 2026b) 95.8 62.5 75.0 83.3 79.2

InternVLA-A1.5 (Ours) 92.4 85.4 69.5 75.7 80.8

Table 3. Results on RoboTwin. We report success
rates under clean and randomized evaluation set-
tings, together with their average.

Method Clean Rand. Avg.

𝜋0 (Intelligence et al., 2024) 65.9 58.4 62.2
𝜋0.5 (Intelligence et al., 2025b) 82.7 76.8 79.8
LingBot-VLA (Wu et al., 2026) 86.5 85.3 85.9
StarVLA (Community, 2026) 88.7 87.8 88.3
InternVLA-A1 (Cai et al., 2026a) 89.4 89.6 89.5
Motus (Bi et al., 2025) 88.7 87.0 87.8
LingBot-VA (Li et al., 2026) 92.9 91.5 92.2
Fast-WAM (Yuan et al., 2026) 91.9 91.8 91.8
Being-H0.7 (Luo et al., 2026) 90.2 89.6 89.9

InternVLA-A1.5 (Ours) 93.3 93.0 93.2

Table 4. Comparison on DOMINO. SR is the pri-
mary metric, and MS denotes manipulation score.
We mainly report the zero-shot settings; results of
our fine-tuned model are also reported.

Method SR (%) ↑ MS ↑
Zero-shot to dynamic manipulation

OpenVLA-OFT (Kim et al., 2025) 6.7 20.0
𝜋0.5 (Intelligence et al., 2025b) 7.5 20.4
LingBot-VLA w/ depth (Wu et al., 2026) 11.8 26.7
LingBot-VA (Li et al., 2026) 24.1 36.1
Qwen-VLA-Base (Wang et al., 2026) 21.1 37.4
Qwen-VLA-Instruct (Wang et al., 2026) 26.6 39.5

InternVLA-A1.5 (Zero-shot) 27.7 39.8
InternVLA-A1.5 (Fine-tuned) 29.3 42.5

and on the held-out bindings that the task is designed to probe, InternVLA-A1.5 stays ahead. We also
note that individual targets differ in physical difficulty, which is why some methods score higher on
certain held-out bindings than on their seen ones, so the drop from seen to held-out partly reflects
target difficulty rather than instruction grounding alone. Overall, InternVLA-A1.5 improves absolute
success rates and remains robust under compositional shifts.

5.2. Evaluation on Simulation Benchmarks

Benchmarks and setup. We evaluate InternVLA-A1.5 on six simulation benchmarks that span
different simulators, embodiments, and skill types. LIBERO (Liu et al., 2023) uses a 7-DoF single
arm and contains four suites (Spatial, Object, Goal, and Long), and we report the per-suite success
rate and their average. LIBERO-Plus (Fei et al., 2025) extends LIBERO with perturbations on camera,
language, layout, and other factors, and we evaluate the LIBERO checkpoint on it in zero-shot
without any further training. RoboTwin (Chen et al., 2025a) comprises 50 bimanual tasks under a
clean and a domain-randomized setting. DOMINO (Fang et al., 2026) builds dynamic manipulation
tasks with moving objects on top of RoboTwin, and we evaluate the RoboTwin checkpoint on it
zero-shot and additionally report a fine-tuned variant. EBench (Gao et al., 2026) is an indoor mobile
manipulation benchmark built on Isaac Sim that covers long-horizon, pick-and-place, and dexterous
skills. SimplerEnv (Li et al., 2025) provides a real-to-sim evaluation on the WidowX (Bridge) setup,
and we report the visual matching success rate. All fine-tuning starts from the same pretrained
checkpoint and follows the standard data format and evaluation protocol of each benchmark, with
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Table 5. Results on LIBERO. The best and second-best results are highlighted in bold and underline,
respectively.

Method Spatial Object Goal Long Average

𝜋0 (Intelligence et al., 2024) 98.0 96.8 94.4 88.4 94.4
𝜋0.5 (Intelligence et al., 2025b) 98.8 98.2 98.0 92.4 96.9
GR00T-N1.7 (Bjorck et al., 2025) 97.7 98.5 97.5 94.4 97.0
OpenVLA-OFT (Kim et al., 2025) 97.6 98.4 97.9 94.5 97.1
InternVLA-M1 (Chen et al., 2025b) 98.0 99.0 93.8 92.6 95.9
Xiaomi-Robotics-0 (Cai et al., 2026b) 98.8 100.0 98.8 97.2 98.7
Motus (Bi et al., 2025) 96.8 99.8 96.6 97.6 97.7
LingBot-VA (Li et al., 2026) 98.5 99.6 97.2 98.5 98.5
Fast-WAM (Yuan et al., 2026) 98.2 100.0 97.0 95.2 97.6

InternVLA-A1.5 (Ours) 98.6 99.8 98.6 98.4 98.9

Table 6. Results on LIBERO-Plus. The best and second-best results are highlighted in bold and
underline, respectively.

Method Camera Robot Language Light Background Noise Layout Total

𝜋0 (Intelligence et al., 2024) 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6
𝜋0.5 (Intelligence et al., 2025b) 78.4 73.6 80.8 96.2 94.1 89.0 84.5 84.4
StarVLA (Community, 2026) 52.5 49.8 88.5 95.7 95.7 73.0 76.9 74.1
Abot-M0 (Yang et al., 2026) 60.4 67.9 86.4 96.2 91.6 86.4 82.6 80.5
Cosmos-Policy (Kim et al., 2026) 75.8 63.3 81.7 96.5 88.9 92.7 82.2 82.2

InternVLA-A1.5 (Ours) 83.1 55.1 86.9 96.4 98.2 95.6 85.2 84.8

Table 7. Results on EBench. SR (%) is the primary metric, Score denotes continuous task progress
(%). The best and second-best results are highlighted in bold and underline, respectively.

Val-Train Val-Unseen Test

Method SR ↑ Score ↑ SR ↑ Score ↑ SR ↑ Score ↑
𝜋0 (Intelligence et al., 2024) 30.5 42.9 25.4 39.3 24.4 38.4
XVLA (Zheng et al., 2025) 28.3 42.1 22.7 35.9 24.7 37.5
InternVLA-A1 (Cai et al., 2026a) 33.1 44.2 20.8 33.8 27.6 40.2
𝜋0.5 (Intelligence et al., 2025b) 32.1 48.1 26.5 42.9 29.5 45.6
LingBot-VA (Li et al., 2026) 38.3 55.9 26.6 43.3 30.9 47.6

InternVLA-A1.5 (Ours) 43.1 54.1 32.8 46.4 35.2 49.5

benchmark-specific details given in Appendix A.2. Unless otherwise noted, we compare against the
strong baseline 𝜋0.5 (Intelligence et al., 2025b), which is available on every benchmark, together with
published baselines reported on each, including our prior model InternVLA-A1 (Cai et al., 2026a)
where it has been evaluated.

Results. Across all benchmarks, InternVLA-A1.5 achieves the best or highly competitive performance.
On SimplerEnv (Table 2), it attains the highest average success rate of 80.8%, outperforming 𝜋0.5
by 23.7 points. On LIBERO (Table 5), it reaches a 98.9% average, the best among all methods
while ranking first or second on every suite, indicating balanced proficiency across spatial, object,
goal, and long-horizon skills. On LIBERO-Plus (Table 6), our zero-shot model obtains the highest
total score of 84.8% and leads on the background, noise, and camera perturbations, demonstrating
strong robustness to visual and layout distribution shifts. On RoboTwin 2.0 (Table 3), it achieves the
best average of 93.2%, and its accuracy remains nearly unchanged from the clean (93.3%) to the
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Table 8. Ablation studies on the foresight reasoning. All experiments are conducted on the two-stage
pretrained InternVLA-A1.5.

Method LIBERO LIBERO-Plus RoboTwin DOMINO

InternVLA-A1.5 (Ours) 98.9 84.8 93.2 27.7

w/o video loss 97.9 78.0 91.1 25.3
w/o foresight tokens 98.6 77.9 90.2 23.8

randomized (93.0%) setting, confirming robust bimanual coordination under domain randomization.
On DOMINO (Table 4), it already surpasses all baselines in the zero-shot setting (27.7% SR) and
improves further to 29.3% after fine-tuning, reflecting the effectiveness of foresight reasoning for
modeling dynamic object interactions. Finally, on EBench (Table 7), it delivers the best success rate
across the Val-Train, Val-Unseen, and Test splits, underscoring its capability on long-horizon indoor
mobile manipulation.

5.3. Analysis

Ablation Studies. We conduct ablation studies to analyze the contribution of the proposed foresight
reasoning mechanism. Experiments are evaluated on four benchmarks, including LIBERO, LIBERO-
Plus (zero-shot), RoboTwin, and DOMINO (zero-shot), under the same pretrained model while
varying the inference-time configuration.

As shown in Table 8, removing the video supervision loss leads to consistent performance degra-
dation across all benchmarks. The drop is more pronounced in zero-shot settings, particularly on
LIBERO-Plus and DOMINO. On LIBERO-Plus, which introduces variations in viewpoint, lighting,
and object layout, the gain can be attributed to improved invariance to visual perturbations learned
through video-level prediction. On DOMINO, which requires accurate modeling of highly dynamic
object interactions, video supervision further benefits performance by strengthening future-state
awareness and motion consistency. Furthermore, removing the learnable foresight tokens also results
in a performance drop across all benchmarks. This indicates that the foresight tokens serve as a
key interface for distilling structured dynamics knowledge from the pretrained video model into the
unified expert, enabling effective transfer of spatiotemporal priors for control.

InternVLA-A1
𝝅𝟎.𝟓

InternVLA-A1.5

Figure 10. Training efficiency analysis. Comparison of SFT loss curves under identical settings.

Training Efficiency. To investigate whether stronger pretraining improves optimization efficiency
during downstream adaptation, we compare the SFT loss curves of 𝜋0.5, InternVLA-A1, and InternVLA-
A1.5 on RoboTwin under the same fine-tuning setup. All models are trained for 60K steps, correspond-
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Figure 11. Foresight-conditioned future rollouts from the frozen world model. The model predicts
future frames (𝑡 ∼ 𝑡 + 4) conditioned on foresight embeddings extracted from the VLM context,
demonstrating both accurate motion prediction and physically consistent scene evolution.

ing to roughly 1.2 epochs. As shown in Figure 10, InternVLA-A1.5 consistently exhibits the fastest
convergence and achieves the lowest final training loss. In particular, while 𝜋0.5 and InternVLA-A1
both start from relatively higher loss regimes and exhibit slower early-stage decay, InternVLA-A1.5
reaches a low-loss regime significantly earlier and maintains a more stable optimization trajectory
throughout training. This behavior suggests that the representations learned during pretraining induce
a more favorable optimization landscape for downstream SFT, effectively reducing the difficulty of
policy adaptation.

World Model Exploitation. To study how foresight reasoning leverages pretrained world model
priors, we visualize future rollouts generated by the frozen WAN model conditioned on the learned
foresight embeddings. As shown in Figure 11, the model produces plausible multi-step predictions over
𝑡 to 𝑡 + 4 across both standard evaluation and zero-shot settings. In the first example, the predictions
closely track fine-grained articulated robot motion, indicating that the foresight embeddings effectively
capture control-relevant dynamics such as object manipulation trajectories and contact interactions. In
the second example, the model further exhibits consistent physical reasoning by accurately modeling
downstream environmental effects, such as changes in liquid level within a container, reflecting an
understanding of causal scene evolution beyond pure kinematics.
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Notably, even in zero-shot scenarios, the model maintains temporally coherent and physically
plausible rollouts, suggesting that the foresight tokens successfully distill spatiotemporal priors from
large-scale video pretraining and ground them into action-conditioned world modeling.

6. Conclusion and Limitations

In this work, we presented InternVLA-A1.5, a unified framework that integrates vision-language
understanding, visual foresight, and action generation on top of a native VLM backbone with a
lightweight unified expert. Rather than learning to synthesize future frames, the policy reads out
the task-relevant future from its multimodal context through a small set of latent foresight tokens,
supervised during training by a frozen pretrained video generation model that is discarded entirely at
deployment. Extensive experiments across six simulation benchmarks and four real-world tasks show
that InternVLA-A1.5 achieves the best or highly competitive performance, with the clearest gains on
zero-shot generalization and long-horizon execution, while keeping a real-time inference speed.

Beyond the results, our study suggests two lessons for building unified models. The first is that
prompt design matters. Casting states, control modes, and actions into the native chat template of
the VLM, where all targets share one vocabulary and one next-token loss, preserves the pretrained
representation, and in our experience this simple choice makes training noticeably more stable and
transfers the semantic and instruction-following ability of the VLM into the policy much more fully.
The second is that a unified model does not have to learn pixel-level generation from scratch to
benefit from future prediction. A handful of latent tokens is enough to encode the future information
that action learning needs, so the policy only learns what to imagine while the pretrained generator
already carries the knowledge of how the world evolves, and querying this knowledge through a
compact latent code comes at a small fraction of the cost of modeling future videos.

Limitations. Two limitations remain. First, the foresight supervision spans only the short horizon of
one action chunk, so the policy absorbs local dynamics priors but does not yet perform long-horizon
imagination or explicit planning with the world model. Second, the video generator stays frozen and
generic, so the inherited priors are bounded by how well its pretraining covers embodied scenes. We
will address these limitations in future work.
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A. Contributors

Haoxiang Ma∗, Junhao Cai∗, Xiaoxu Xu∗, Hao Li∗, Yuyin Yang∗, Yang Tian∗, Jiafei Cao∗, Hongrui Zhu,
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Xing Gao, Hanqing Wang, Feng Yuan, Kailin Li, Xueyue Zhu, Tai Wang, Yan Ding, Jiangmiao Pang,
Jia Zeng, Jingjing Zhang, Bowen Zhou, Yao Mu, Chunhua Shen, Weinan Zhang†

A.1. Real-world Task Details

Figure 12. Test-tube sorting task. From left to right: (left) the raw scene, containing orange- and
blue-tipped plastic tubes and a left and right box; (middle) the seen bindings present in the training
demonstrations; and (right) the held-out bindings, evaluated only at test time, where the arm-to-color
assignment is reversed. In (middle) and (right), each tube and its target box are drawn in matching
outline colors.

Sort Tubes. The workspace contains orange- and blue-tipped plastic tubes together with a left and
a right collection box, and the robot operates with two arms. Each instruction names an arm and a
tube color, such as “Using the right arm, pick up the orange-tipped plastic tube and place it into the
right box”, and the robot uses the named arm to pick a tube of the named color and place it in the
box on the same side, so the target box is determined by the chosen arm. There are four (arm, color)
bindings in total, and we evaluate two settings. In the full-coverage setting, all four bindings appear
in the training demonstrations, which measures how well the policy follows instructions it has already
seen. In the held-out setting, the policy is trained only on blue with the left arm and orange with the
right arm, and is evaluated on the reversed bindings, blue with the right arm and orange with the left
arm, which never appear during training. We run 15 trials per binding under each setting. Figure 12
shows the seen and held-out bindings. We choose the held-out bindings so that two shortcuts a policy
might otherwise learn both fail on them. A policy that ties each arm to a fixed motion would always
grasp blue with the left arm and orange with the right arm, and a policy that ties each color to a
fixed arm would always send blue to the left and orange to the right. Both behaviors fit the trained
bindings but fail on the held-out ones, so a policy can succeed only by grounding the arm and the
color from the instruction independently.

Insert Tubes. The workspace contains orange- and blue-tipped plastic tubes together with a rack
of four holes indexed from 1 to 4, and each instruction names a tube color and a target hole, such
as “Insert the blue-tipped plastic tube into hole 2”, so the robot picks a tube of the named color and
inserts it into the specified hole. During training we collect demonstrations for the blue tube at holes
1, 3, and 4 and for the orange tube at holes 1, 2, and 3, so each color covers only a subset of the four
holes. At test time we evaluate two settings, an in-domain setting on the (color, hole) bindings seen
during training and an out-of-distribution setting on the held-out bindings, namely the blue tube at

∗ Core contributors. † Corresponding author.
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hole 2 and the orange tube at hole 4, which never appear in the demonstrations. We run 15 trials per
binding under each setting, so that success on the held-out bindings requires grounding the color
and the target hole from the instruction rather than reproducing a memorized insertion.

Move Tubes. The workspace contains a left rack and a right rack, each with four holes indexed
from 1 to 4, and each instruction names a tube on the left rack and a target hole on the right rack,
so the robot picks the specified tube from the left rack and moves it into the specified hole of the
right rack. During training we collect demonstrations that move the specific orange tube on the left
to holes 1 and 3 on the right and the blue tube on the left to holes 2 and 4 on the right, so each
color covers only a subset of the right-side holes. At test time we evaluate two settings, an in-domain
setting on the (color, target hole) bindings seen during training and an out-of-distribution setting on
the held-out bindings, namely the orange tube to holes 2 and 4 and the blue tube to holes 1 and 3,
which never appear in the demonstrations. We run 16 trials per binding under each setting, so that
success on the held-out bindings requires grounding the source tube and the target hole from the
instruction rather than reproducing a memorized trajectory.

Instruction: Pour the liquid from the
graduated cylinder into the round-
bottom flask with the aid of a funnel.
Remove the funnel from the flask, place
the flask on the stirrer, insert the
stopper, and turn on the stirrer.

1. Pick up the funnel on the tube rack. 2. Insert the held funnel into the round
bottom flask on the platform.

3. Pick up the graduated cylinder on the
right side of the table with your right
hand.

4.  Pour the liquid from the held 
graduated cylinder into the round 
bottom flask through the funnel.

5. Place the graduated cylinder back on
the right side of the table with your
right hand.

6. Pick up the funnel on the top of the
round-bottom flask.

7. Place the funnel back on the tube 
rack.

8. Pick up the round bottom flask on the
table with your left hand and place it on
the black stirrer.

9. Place the held round bottom flask on
the black stirrer with the left hand.

10. Pick up the stopper from the tube
rack with your left hand.

11. Insert the stopper into the round
bottom flask.

12. Press the white switch on the right
bottom of the black stirrer with your
right hand.

13. Return to the initial position. 14. Task completed.

Figure 13. The long-horizon MOF task. The first panel gives the full instruction, and the remaining
panels show the 13 sequential subtasks together with the final completed state, from inserting the
funnel and pouring the liquid to stoppering the flask and switching on the stirrer. White outlines
mark the object or target involved in each step.

MOF. The task reproduces the solution preparation stage of a metal-organic framework synthesis
on a wet-lab bench, and unlike the three instruction-following tasks it contains no held-out bindings
and instead targets long-horizon execution. The workspace contains a graduated cylinder holding
the liquid on the right side of the table, a round-bottom flask placed on a platform, a funnel and a
stopper resting on a tube rack, and a magnetic stirrer, and the robot operates with two arms. A single
instruction describes the whole procedure, asking the robot to pour the liquid from the graduated
cylinder into the flask with the aid of the funnel, then remove the funnel, transfer the flask onto the
stirrer, insert the stopper, and turn on the stirrer. As shown in Figure 13, executing the instruction
takes 13 sequential subtasks. The robot first fetches the funnel from the rack and inserts it into the
flask neck, then grasps the graduated cylinder with the right arm, pours the liquid through the funnel,
and places the cylinder back. It then returns the funnel to the rack, carries the flask onto the stirrer
with the left arm, retrieves the stopper and seals the flask, presses the switch of the stirrer with the
right arm, and finally returns to the initial position. The subtasks must be completed in order, several
of them require precise insertion into the narrow flask neck, and pouring changes the scene state, so
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the policy has to track its progress across stages whose observations differ only in subtle cues such as
the liquid level in the flask. We run 20 trials with randomized initial object placements and report
the success rate.

A.2. Simulation Benchmark Details

LIBERO. The LIBERO benchmark (Liu et al., 2023) contains four task suites, namely Spatial, Object,
Goal, and Long, each consisting of 10 tasks with 50 human-teleoperated demonstrations per task,
for a total of 2,000 demonstrations. We fine-tune a single model jointly on the mixture of all four
suites and evaluate it on each suite separately, reporting the per suite success rate together with their
average over 500 rollouts per suite (50 rollouts per task).

LIBERO-Plus. LIBERO-Plus (Fei et al., 2025) augments the LIBERO tasks with systematic visual and
layout perturbations to probe robustness under distribution shift. We do not train on LIBERO-Plus;
instead, we evaluate the LIBERO checkpoint described above in a zero-shot manner and report the
success rate.

RoboTwin 2.0. RoboTwin 2.0 (Chen et al., 2025a) consists of 50 bimanual manipulation tasks, each
provided under an Easy (clean) and a Hard (domain-randomized) setting. We fine-tune InternVLA-
A1.5 on the ALOHA-AgileX embodiment using the full RoboTwin 2.0 training split, which contains
50 clean demonstrations and 500 randomized demonstrations for each task, resulting in 27,500
demonstrations in total. The policy predicts absolute joint actions with an executed action chunk
size of 18. We train for 100k steps on 24 GPUs, using a batch size of 16 per GPU. For RoboTwin 2.0,
the peak learning rate is set to 1 × 10−4 and decays for 140k steps. During evaluation, we report
results on both clean and random settings. Specifically, we evaluate 50 tasks in each setting with 100
rollouts per task, resulting in 10,000 evaluation rollouts in total.

DOMINO. DOMINO (Fang et al., 2026) is a recently introduced benchmark designed to evaluate
whether action models can generalize instructions into precise action execution under dynamic and
constrained manipulation scenarios. It introduces a hierarchical motion design together with a con-
tinuous Manipulation Score (MS), which measures execution quality beyond binary task completion
(Success Rate, SR). Following Qwen-VLA (Wang et al., 2026) and PUMA (Fang et al., 2026), we
evaluate InternVLA-A1.5 on the ALOHA-AgileX embodiment using the 35 Level-1 DOMINO clean
setting suites, covering all 35 clean Level-1 tasks with 100 rollouts per task and resulting in 3,500
evaluation rollouts in total. Specifically, we consider two evaluation settings. First, in the zero-shot
setting, we directly evaluate the model fine-tuned on RoboTwin 2.0 without any DOMINO training
data, which stands for a static-to-dynamic zero-shot evaluation. Second, in the fine-tuned setting,
we further fine-tune InternVLA-A1.5 on the DOMINO ALOHA-AgileX Level-1 training split, and then
complete a dynamic-to-dynamic evaluation.

EBench. EBench (Gao et al., 2026) is a benchmark for generalist mobile manipulation, comprising 26
diverse and challenging tasks annotated along 5 capability dimensions and 4 generalization dimensions.
Following the standard training protocol in EBench, we fine-tune the pretrained InternVLA-A1.5 using
a batch size of 128, the AdamW optimizer, and a cosine learning-rate schedule with linear warm-up,
with a peak learning rate of 5 × 10−5. Unlike baselines such as 𝜋0.5 and InternVLA-A1, we train for
only 100K gradient steps, benefiting from the faster convergence of InternVLA-A1.5.

SimplerEnv. The SimplerEnv benchmark (Li et al., 2025) evaluates cross-embodiment generalization
and the correlation between simulation and real-world performance. Evaluation is conducted on four
manipulation tasks. For fine-tuning, we optimize the pretrained InternVLA-A1.5 using the AdamW
optimizer with a batch size of 128 and a cosine learning-rate schedule with linear warm-up, where
the peak learning rate is set to 5 × 10−5.
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