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Abstract. Embodied Vision-Language Models (VLMs) have demon-
strated impressive performance and generalization in robotics, partic-
ularly within Vision-Language-Action frameworks. However, a signifi-
cant gap remains between the high-level semantic focus of standard
text-guided pre-training paradigms and the low-level spatial and phys-
ical knowledge critical for execution in embodied environments. In this
paper, we introduce GEM, a Generative-supervised Embodied vision-
language Model designed to bridge this divide. We propose integrating
a depth map generation task directly into the VLM pre-training phase.
By training this generative objective jointly with the main model, we
observe substantial improvements in embodied intelligence, significantly
enhancing both semantic understanding and physical operation capa-
bilities. To support this paradigm, we curate and release GEM-4M, a
comprehensive large-scale dataset featuring a mixture of grounding, rea-
soning, and planning data paired with high-quality depth supervision.
Extensive experiments demonstrate that GEM achieves state-of-the-art
results across diverse embodied benchmarks. Furthermore, our deployed
action model, GEM-VLA, exhibits vastly superior task execution abilities
in both simulation environments and real-world evaluations. Code, mod-
els, and datasets are available at https://zhaorw02.github.io/GEM/.

Keywords: Embodied Intelligence - Vision-Language Models - Vision-
Language-Action Models

1 Introduction

Recent advancements in Vision-Language Models (VLMs) [2,/4}35,/441/66] have
unlocked remarkable capabilities in embodied understanding, encompassing crit-
ical skills such as spatial recognition, physical grounding, and complex task
planning. By effectively aligning visual perception with natural language rea-
soning, these models [23}[28}|45.[76] have emerged as robust foundation architec-
tures for Vision-Language-Action (VLA) frameworks [51/2732//64]. Consequently,
Embodied VLMs are increasingly being leveraged to drive a massive array of
downstream operational tasks, demonstrating potential for generalization and
autonomous execution within dynamic, real-world physical environments.
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Fig.1: Overview of GEM. GEM is a generative-supervised embodied VLM that
strengthens semantic reasoning and physical grounding by combining language model-
ing with an auxiliary depth-generation objective (center). Trained on the high-quality,
large-scale pre-training datasets spanning diverse embodied tasks (left), GEM achieves
strong performance across a wide range of embodied benchmarks. Based on the ar-
chitecture of GEM, the extending GEM-VLA attains state-of-the-art success rates on
LIBERO and generalizes well to real-world robot manipulation (right).

Despite these foundational successes, the predominant paradigm for train-

ing embodied VLMs relies heavily on scaling up massive visual
question answering datasets . While this approach effectively
boosts performance on high-level semantic benchmarks and passive comprehen-
sion tasks , it inherently creates a disconnect from the physical
constraints of real-world applications. Because these datasets primarily empha-
size descriptive reasoning over active, physical interaction, a critical bottleneck
emerges: superior semantic comprehension does not invariably translate to profi-
cient task execution in complex, real-world environments. Conversely, alternative
lines of research attempt to bridge this gap by explicitly integrat-
ing spatial, temporal, and low-level physical knowledge directly into downstream
VLA models to enhance operational performance. However, these low-
level physical priors are typically injected late in the pipeline or treated as sepa-
rate entities from the broad textual pre-training data. This isolates critical phys-
ical grounding from the rich, open-vocabulary semantic guidance of linguistic
models, preventing the development of a truly unified, embodied representation.
Consequently, a critical and emerging question arises: how can we seamlessly
embed essential spatial and physical knowledge directly into the foundational
pre-training phase of vision-language models, such that it tangibly elevates both
abstract semantic reasoning and actionable, real-world operational intelligence?

To overcome these limitations, we propose GEM, a Generative-supervised
Embodied vision-language model. To effectively capture fine-grained structural
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details and complete spatial and geometric relations within visual scenes, we
establish depth map prediction [41] as an intrinsic generative target. This is
achieved through a novel hybrid autoregressive-diffusion architecture |11,{70] de-
signed to seamlessly blend generative and representational supervision. Specifi-
cally, our approach conditions a diffusion transformer [4253] on the hidden visual
features extracted by an auto-regressive understanding model [2]| to synthesize
accurate depth maps. To facilitate this integration, we implement a progressive
training strategy that initially stabilizes the generation module before jointly
optimizing for both depth synthesis and linguistic knowledge acquisition. Fur-
thermore, to synergize with our architectural and training advancements, we
introduce GEM-4M, a high-quality, large-scale embodied pre-training dataset.
GEM-4M encompasses extensive embodied question-answering pairs that rig-
orously cover physical grounding, spatial-temporal planning, and physical rea-
soning tasks. Ultimately, the comprehensive spatial and semantic representa-
tions learned by the GEM architecture can be effortlessly extended into a VLA
model, denoted as GEM-VLA, facilitating robust, autonomous performance in
real-world robotic deployments.

Extensive experimental evaluations demonstrate that GEM and GEM-VLA
show remarkable performance under a wide range of benchmarks from recogni-
tion to real-world operations. GEM establishes a new state-of-the-art, consis-
tently outperforming leading open-source general-purpose models, as well as
spatial and embodied specialists, on key reasoning benchmarks. Specifically,
GEM attains the highest overall scores on the challenging spatial-related bench-
marks [19[65}|78,/81] and shows large gains over its initialization backbones. For
instance, the VSI-Bench [78] score improves from 50.4 to 62.8 for the 2B model
and from 57.9 to 70.6 for the 8B model. On benchmarks that require fine-grained
spatial grounding [61,87,/99], GEM far exceeds the performance of the strong
proprietary baseline, Gemini-3-Pro, by 10%. Furthermore, our vision-language-
action model, GEM-VLA, achieves a record-breaking 96.1% average success rate
on the LIBERO [43| benchmark, outperforming standard VLAs such as 7y and
spatial-enhanced VLAs [56,86]. GEM-VLA also transfers robustly to challenging
real-world settings and surpasses recent methods [26}[54] with an average success
rate of 43%, marking a substantial improvement over the previous state-of-the-
art’s 28.7%.

2 Related Work

2.1 Vision-Language Models for Embodied Intelligence

Enhancing the embodied reasoning capabilities of state-of-the-art Vision-Language
Models (VLMs) has become a central research focus. A number of data-driven
methodologies have emerged to support such reasoning capabilities, including
object affordances for manipulation, object counting, spatial relationship under-
standing, and action planning that determines subsequent steps based on the
current states. For instance, some studies [1,23,|331|49}/55}/63},76] contribute cu-
rated datasets specifically tailored for embodied tasks, emphasizing multi-modal
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understanding and action-aware visual-language alignment. Additionally, other
works [18128,88,193,99] construct synthetic spatiotemporal reasoning datasets
enriched with Chain-of-Thought (CoT) annotations [68] and then incorporate
Reinforcement Fine-Tuning (RFT) [60] to further refine reasoning performance
of Embodied VLMs. Nevertheless, existing approaches mainly focus on high-level
semantic understanding, while overlooking the explicit modeling of fine-grained
structural information in visual inputs. As a result, the visual features fail to
preserve fine-grained geometric cues, leading to ambiguous spatial relationships.
This issue is particularly critical for embodied tasks, where precise perception
of object geometry and relative distances is essential for robust manipulation
and interaction. In this paper, we imitate this issue by introducing generative
supervision to facilitate the fusion of structural and semantic features for more
comprehensive embodied reasoning.

2.2 Spatial-Aware Vision-Language-Action Models

Robotic manipulation has evolved from single-task specialists to generalist mod-
els trained on broad, diverse datasets. Fueled by advances in VLMs |2}/4}14L/66],
and large-scale robot action datasets [6,[31}/52}|711|72], this evolution has given
rise to the architecture of Vision-Language-Action (VLA) models [5}|10}/27,32]
391146,/47,164,69], which integrate the VLM backbone with robot action output
head. Inheriting the rich perceptual and linguistic representations of pretrained
VLMs, VLA models demonstrate improved adaptability and zero-shot capabil-
ities in interpreting and executing human instructions. Despite their promising
performance, current VLAs are primarily confined to 2D observation inputs and
lack precise perception and comprehension of the 3D physical world. To bridge
this gap, early efforts augmented VLAs with 3D or 2.5D inputs [36}38,89/97./98].
However, such approaches suffer from expensive computational and data acquisi-
tion costs. More recent works |3756}/627386] instead explore various implicit en-
hancement strategies that implicit enhancement strategies that integrate global
spatial context into the semantic representations from 2D observations, to in-
ject geometric priors. Nevertheless, these methods mainly rely on simple feature
fusion, which limits their ability to substantially improve spatial perception.
Other works [9}24}/29.|401|50}/67,911|92/94] incorporate generative world models
that predict future frames or states to inject world knowledge. Although this
improves planning by simulating futures, it contributes little to strengthening
the geometric encoding of the current scene. Overall, enhancing VLAs with a
robust and physically grounded perception of the real world remains an open
and challenging problem.

3 Method

In this section, we detail our design of GEM’s overall framework. We elaborate
our architecture design in Sec. and progressive training pipeline in Sec[3.2}
Then we describe the construction of our training dataset GEM-4M in Sec[3.3]
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Fig. 2: Architecture of GEM. GEM augments a VLM backbone with a DiT-based
depth generator conditioned on the backbone’s final-layer visual tokens. We adopt
a progressive training paradigm: (i) initialize the connector, (ii) warm up the depth
generator, (iii) perform end-to-end joint training, and (iv) train an autoregressive action
expert on GEM’s multimodal tokens. Building on GEM, the GEM-based VLA predicts
continuous actions from these representations, improving robot manipulation.

Finally, we explain how we extend our model to a VLA framework for down-
stream robot tasks in Sec. [3.4

3.1 Architecture

In current VLMs, given an instruction [ and visual input o, the VLM backbone
My encodes them into multimodal token representations h = (h,, h;) = My(o,1)
at its final layer. Then they are trained to maximize the likelihood of the target
token sequence vy, typically using a cross-entropy objective for supervised fine-
tuning:
T
Log ==Y 10gpo(yily<i, ho, hy) (1)
i=1
This objective helps the models align visual token features with text and
perform semantic understanding tasks. Despite demonstrating outstanding per-
formance in various visual tasks, their spatial reasoning ability, particularly in
embodied scenarios, is limited because h, contains only semantic information
from o and lacks sufficient physical structural cues for accurate spatial under-
standing and manipulation in real-world environments.
To address this, we introduce a depth generative objective for supervision.
As illustrated in Figure |2l GEM consists of a VLM backbone My, a lightweight
connector C;, and a Diffusion Transformer (DiT)-based depth generative head
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Gy. In our design, the visual tokens in h, denoted as h,, are projected into
a conditional embedding space via the connector: ¢ = Cy(h,). We propose to
utilize ¢ as the condition for the generative head to reconstruct the observation
o’s depth map d. We then employ a flow matching objective Lqo to optimize
the generative head, which learns the vector field v; at each timestep ¢t ~ U/(0,1)
that transforms a noised distribution x; into the ground-truth depth d:

Liow = Ed,t~ll(0,1),e~/\f(0,l) “|Vt(xta c) — uy(x; | d)HQ} (2)

where ug(x; | d) is the ground-truth velocity field that transforms x; into depth
d. We combine this generative supervision loss with Lcg to allow h, to en-
code adequate structural information for depth generation, as well as sufficient
semantic information for inference.

3.2 Progressive Training Recipe

Since there is a gap between the backbone’s output space and the DiT’s input
space, directly training the overall framework end-to-end may cause modality
interference between the generative head and the VLM backbone, leading to
unstable convergence. To address this, we adopt a progressive training recipe
to bridge the gap between the two feature spaces effectively. Specifically, the
training pipeline is divided into the following three distinct phases:

Stage 1: Connector Initialization In the first stage, we freeze both the pre-
trained VLM backbone and the DiT generative head, and only optimize the
connector for preliminary feature alignment. The connector projects the back-
bone’s semantic representations into the DiT’s input feature space to establish a
stable start for later training stages. At this stage, only the generative objective
Laow 1s used.

Stage 2: Generative Head Initialization After preliminary feature align-
ment, the generative head has not yet adapted to the conditioning features from
the VLM backbone. Therefore, we freeze the backbone and only optimize both
the connector and DiT head to equip the depth generative head with basic im-
age generation ability. At this stage, the generative objective Lgqy is used solely
to transform high-level semantic features into fine-grained structure features,
building the foundation for subsequent joint training.

Stage 3: Generative-Supervised Joint Training In the final stage, we per-
form end-to-end generative-supervised joint training. Since the first two stages
have established a stable initialization, we unfreeze the trainable parameters of
the entire framework, including VLM backbone, connector, and DiT head, to
foster synergy between the backbone’s semantic understanding and DiT’s gener-
ative capability. This allows VLM not only to understand semantics but also to
refine its representations to be more structure-aware, capturing subtle geometric
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cues and spatial relationships. At this stage, both cross-entropy text loss Lcg
and flow-matching generative loss Laow supervise the training process, with the
total loss defined as Liota = Lo + AMLlaow, Where A is the balancing weight.

3.3 Dataset

To advance the capability of GEM in perception and reasoning real-world sce-
narios grounded in physical knowledge, we construct a high-quality, large-scale
question-answer (QA) dataset, GEM-4M, for supervised fine-tuning. Here we
present an overview of the data building engine and sources, while more de-
tails about the construction methodologies are provided in the supplementary
materials.

Embodied Grounding Data To enhance the model’s object recognition and
localization capacities in embodied scenarios, we collect 1M high-quality question-
answer pairs to support multiple grounding tasks, including open-vocabulary ob-
ject detection with bounding boxes, localizing objects from instructions, and rec-
ognizing object affordances. These data are sourced from several publicly avail-
able embodied grounding datasets, such as PACO-LVIS [57]|, RoboPoint [87],
RoboAfford [22], ShareRobot 28|, and Roborefit [48]|. Additionally, to ensure
grounding in physical manipulation scenarios, we generate approximately 100k
point and bounding box annotations from open-source robot action datasets |6}
31152,/71] using SAMS3 [8]. This combination of open-source and self-curated data
covers a wide range of scenarios, enhancing the diversity and generalization of
visual grounding in real-world embodied environments. To handle varying im-
age resolutions, both bounding boxes and points are normalized to the range
[0,1000] to ensure consistency.

Physical, Spatial Reasoning Data This category of data aims to help the
model build a foundational understanding of the physical world, such as mea-
surement estimation and spatiotemporal reasoning. Specifically, We incorporate
open-source spatial datasets, including MindCube [85], ViCA |21], SPAR [90],
and VSI-590K [80], to support 3D spatial reasoning and physical attribute per-
ception. Additionally, we also augment these datasets with 100k manually anno-
tated spatial understanding samples from publicly available 3D scene datasets |3]
17,84], following the data processing pipeline proposed in VSI-Bench [80]. To im-
prove spatiotemporal abilities especially in robot tasks, we integrate 1 million
question-answer pairs aggregated from multiple publicly available datasets, such
as RoboVQA [59], Robo2VLM |[12], and RefSpatial [99]. The integration of these
diverse, high-quality data sources strengthens the model’s spatial awareness and
boosts performance in complex embodied reasoning tasks.

Spatiotemporal Planning Data To equip the embodied brain with the abil-
ity to plan sub-tasks and forecast the trajectory of each atomic action, we collect
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data from public robot datasets [6,|71/72] with sub-task annotations and con-
struct question-answer pairs. We extract individual frames from entire egocen-
tric videos based on sub-task annotations and identify the manipulated object in
each sub-task description using Qwen3 [75]. We then use SAM3 [8] to generate
object masks and track their trajectory using CoTracker3 [30]. Finally, based on
the sub-task descriptions and visualized trajectories, we create sub-task and tra-
jectory planning question-answer pairs respectively following the RoboVQA [59]
and MolmoACT [33] templates, resulting in a dataset of approximately 50K sam-
ples. The integration of these spatiotemporal data allows the model to combine
basic skills, generalize to new scenarios, and plan actions effectively.

3.4 Expanding to Vision-Language Action Model

We integrate GEM into a VLA framework to evaluate its transfer to robotic
manipulation. As illustrated in Figure 2] we integrate a Diffusion Transformer
(DiT)-based action expert, denoted as A, to generate continuous actions from
multi-modal observations via a diffusion policy. We extract the key—value tokens
of the multimodal observation history O from the attention blocks in backbone
My and use it as the conditioning representation c,.; for the action expert A,
to bridge high-level reasoning capabilities and low-level action generation. We
perform end-to-end joint optimization of the VLM Mjy, the depth generative
head Gy, and the action expert A, using a combination of both depth and
action generative objectives. Specifically, the action objective L.ction aims to
predict the vector field v; at each timestep ¢ ~ 2/(0,1) that transforms a noisy
action state a; = (1 — t)e + ta into the ground-truth action chunk a:

Laction = Eo aemn(0,1),t~2(0,1) [[[Ve(ar, Cact) — wi(ay | a)][3] (3)

The total loss is then defined as: Liotal = Laction + ALfow, Where A is the same
balancing weight.

4 Experiments

4.1 Implementation Details

We adopt Qwen3-VL [2] as our VLM backbone and Sana [74] as the depth
prediction head. We define a light connector comprising 2 layers of MLP that
bridge the backbone’s output space with the DiT’s input space. Since some of our
training data lack ground-truth depth annotations, we use DepthAnythingv3 [41]
to generate pseudo depth maps for supervision. We train for 500 steps in Stage 1,
4k steps in Stage 2, and 1 epoch in Stage 3. We set A = 0.1 to balance structural
synthesis with semantic understanding. The training process is performed on 32
NVIDIA A800 GPUs, with a cosine learning rate scheduler from 1le —5 to le —6.
In real-world VLA tasks, we adopt the dedicated action expert from RDT2 [47].
For each specific task, we jointly fine-tune the entire framework for 50k steps on
8 NVIDIA A800 GPUs, with a linear scheduler and a learning rate of 1e —5. The
balancing weight A in VLA finetuning is also set to 0.1. More implementation
details can be seen in the supplementary material.
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Table 1: Performance on embodied reasoning benchmarks for spatial under-
standing across different model types. The highest and second-highest accuracy
values are highlighted in bold and underlined, respectively. GEM-8B achieves state-
of-the-art (SOTA) performance and near-SOTA competitive results across general-
purpose and spatial specialist models.

Models CV-Bench VSI-Bench MMSI-Bench ~ EmbSpatial
All Abs. Dist. Rel. Dist. All All All
Gemini-3-Pro |14] 82.5 42.8 56.6 53.0 45.9 81.0
Seed1.8 [58| 86.5 28.0 50.3 47.2 34.6 78.7
GPT-4o |25] 78.6 5.3 37.0 34.0 30.3 71.9
Qwen3-VL-2B |2] 80.0 40.7 49.6 50.4 23.6 69.0
Qwen3-VL-8B |2 85.1 47.5 58.2 57.9 27.7 7T
InternVL3.5-8B |66] 81.5 40.9 47.7 54.1 28.4 74.2
LLava-OneVision-7B |35] 61.9 20.2 42.5 32.4 26.6 73.1
SpaceR-7B |51| 74.8 28.6 38.2 35.8 26.4 65.8
VLM-3R |20 71.8 49.4 65.4 60.7 27.9 68.2
VST-7B |79 83.5 43.8 60.0 60.6 32.6 73.6
CambrainS-7B [80] 76.9 494 66.9 67.5 24.2 70.0
SenseNova-SI-8B |7] 83.2 48.0 64.1 67.9 43.3 77.6
Qwen3-VL-2B-SFT 80.7 45.1 62.2 60.0 28.9 2.7
GEM-2B (Ours) 81.4 484 64.1 62.8 30.6 73.0
Qwen3-VL-8B-SFT 85.6 53.7 71.4 68.6 32.8 78.3
GEM-8B (Ours) 86.6 56.3 72.3 70.6 35.3 79.4

4.2 Evaluation on Embodied Reasoning Capacities

We evaluate on public spatiotemporal embodied reasoning benchmarks, includ-
ing CV-Bench [65], VSI-Bench [78], MMSI-Bench [81] and EmbSpatial [19]. As
shown in Table [1] both scales of GEM yield significant improvements across all
tasks compared to their base models, Qwen3-VL. For instance, on the challeng-
ing VSI-Bench and MMSI-Bench, GEM improves the scores by roughly 10%.
In particular, compared with open-source general-purpose baselines [2}35(66],
the 8B-scale variant of GEM achieves the strongest overall performance on the
majority of benchmarks, and remains highly competitive on the remaining. Fur-
thermore, it also achieves superior performance even when compared to spatial
specialist models [7420,511/79,80]. These strong results highlight our model’s pow-
erful spatiotemporal reasoning capabilities, which can be effectively transferred
to downstream tasks.

We further evaluate our model on benchmarks, including RefSpatial [99],
Where2Place [87], and RoboSpatial [61], which focus on object placement and
referring in embodied environments. The results summarized in Table [2] show
that the 8B variant of GEM achieves the best overall performance compared
with both general-purpose and embodied specialist models [123,[28][49.|77],
while the 2B variant also remains highly competitive with many larger-scale
models [1,49,[77]. It is also worth noting that GEM exceeds the strong propri-
etary baseline, Gemini-3-Pro [63], by about 10% on average across benchmarks.
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Table 2: Performance on the object placement and grounding spatial bench-
marks across different model types. The highest and second-highest accuracy
values are highlighted in bold and underlined. * denotes results obtained from their
reports. It shows that GEM-8B achieves the best performance, compared with general-
purpose and embodied specialist models.

Models RefSpatial Where2Place RoboSpatial
Loc. Pla. All T Seen Unseen All T All T
Gemini-3-Pro [14] 30.0 35.0 34.3 58.6 43.3 54.0 57.4
Seed1.8 |58 65.0 41.0 50.2 54.2 53.3 53.8 66.9
GPT-4o0 |25| 8.00 9.55 8.78 20.3 20.7 20.4 43.5
Qwen3-VL-2B |2 36.0 29.0 27.4 45.7 43.3 45.0 40.7
Qwen3-VL-8B |2 54.0 36.7 38.0 61.0 62.2 61.3 65.4
VeBrain-8B [49] 0.03 0.57 0.30 12.3 9.17 11.3 42.5
Magma-8B |77 1.00 8.00 4.50 9.93 13.1 10.9 33.7
RoboBrain-2.0-7B” [28] 36.0 29.0 32.5 64.3 61.9 63.6 54.2
Mimo-Embodied-7B" [23] - - 48.0 - - 63.6 61.8
Cosmos-Reason2-8B [1] 48.0 27.0 33.2 52.9 43.3 50.0 65.7
Qwen3-VL-2B-SFT 37.0 29.0 29.6 56.7 51.4 53.0 44.6
GEM-2B (Ours) 41.0 33.0 32.1 52.8 53.3 53.0 474
Qwen3-VL-8B-SFT 53.0 40.0 45.8 60.0 62.9 62.0 65.4
GEM-8B (Ours) 57.0 38.0 444 65.7 63.3 65.0 66.9

Such competence highlights GEM’s outstanding spatial reasoning capabilities in
embodied environments, making it a versatile backbone for embodied Al brains.

Moreover, to assess the impact of depth generative supervision, we exclude
this component and fine-tune the base models on the constructed dataset, re-
ferred to as Qwen3VL-2B-SFT and Qwen3VL-8B-SFT. As shown in Table
and Table [2] the performance of both scales drops compared to the full mod-
els. This is because the full model leverages generative supervision to integrate
global structural features with semantic features within a shared representa-
tion space, which benefits stronger spatial perception capabilities. Notably, on
distance-related questions in VSI-Bench |7§]|, the full models significantly out-
perform their counterparts, demonstrating that depth supervision enhances the
model’s ability to perceive relative distance and spatial relationships.

4.3 Evaluation on Downstream VLA tasks

Simulation Evaluation We perform evaluation on the widely adopted LIBERO
benchmark [43]. It comprises four task suites: Spatial, Object, Goal, and Long,
each containing 10 diverse tasks with 50 trials per task. For comprehensive com-
parison, we select high-performance VLA models, including both standard mod-
els [13,/27,|32,|64] and spatially-enhanced VLA models [34}/56,/861/92, /98| as base-
lines. Unlike prior models pre-trained on robot data, we fine-tune GEM-2B and
its action expert from scratch for action prediction on LIBERO for 20k steps,
following the StarVLA implementation [15]. The evaluation results, shown in Ta-
ble 3] demonstrate that GEM-VLA achieves the highest success rate across all
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Table 3: Success rates on the LIBERO benchmark across four task suites. It
is demonstrated that GEM-VLA exhibits better performance than all baselines, sug-
gesting that implicit geometry reasoning from depth generative supervision improves
generalization across diverse manipulation tasks.

Models Spatial Object Goal Long Average 1
Diffusion Policy [13] 78.3 92.5 68.3 50.5 72.4
Octo-Base |64] 78.9 85.7 84.6 51.1 75.1
OpenVLA |32] 84.7 88.4 79.2 53.7 76.5
mo (reported) |27 96.8 98.8 95.8 85.2 94.2
TraceVLA [98| 84.6 85.2 75.1 54.1 74.8
Spatial VLA |56] 88.2 89.9 78.6 55.5 78.1
MolmoACT |34 87.0 95.4 87.6 7.2 86.6
DreamVLA [92] 97.5 94.0 89.5 59.5 92.6
DepthVLA (86 96.4 98.0 95.8 89.2 94.9
Qwen3VL-SFT-VLA 97.2 98.4 95.6 88.4 94.9
GEM-VLA (Ours) 99.0 98.8 97.1 89.3 96.1

task types. This indicates that despite large-scale action pretraining, standard
VLAs still lack sufficient spatial grounding for precise manipulation. Further-
more, GEM-VLA also outperforms other spatially enhanced VLAs, showcasing
the strongest physical grounding capacities. Additionally, the performance of
the VLA based on GEM also surpasses that based on the standard SFT model,
which further underscores the benefit of depth generative supervision for accu-
rate action prediction.

Real-World Evaluation We extend GEM to GEM-VLA following the ap-
proach in Sec. [3:4] and deploy it on a UR5 platform to evaluate its performance
on real-world manipulation tasks. We compare our model with most advanced
baselines mo-FAST [54] and 7o 5 [26]. We finetune each model on several chal-
lenging real-world tasks, including long-horizon tasks (e.g., table bussing) and
deformable object manipulation (e.g., folding clothes, unzipping a zipper). Task
descriptions are shown in Figure [4

As summarized in Figure [3] our GEM-VLA demonstrates superior perfor-
mance across all task and subtask categories. In both deformable manipulation
tasks, GEM achieves higher success rates than all baselines [26,54], particularly
on the complex multi-step cloth folding task. For the long-horizon table bussing
task, GEM-VLA achieves a significantly higher average progress score, which in-
dicates its stronger long-horizon robustness and stability. These results confirm
that GEM effectively transfers its pre-trained physical knowledge to state-of-
the-art performance in diverse challenging real-world robotic manipulation.

Moreover, we also investigate the effectiveness of depth generative supervi-
sion during VLA fine-tuning. We freeze the depth head and train only the VLM
backbone and action expert with the action objective in Eq. [3] As shown in the
Figure [3] performance drops on almost all tasks when depth generative supervi-
sion is removed, indicating that auxiliary depth prediction enables more accurate
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Fig. 3: Comparison of GEM and baseline models on challenging real-world
tasks. The progress score refers to the average percentage of sub-tasks completed in
the long-horizon task. It is noted that the full GEM-VLA model outperforms previous
baselines in success rate and progress score across all tasks and sub-tasks.

manipulation. Notably, the VLA fine-tuned from pre-trained GEM still outper-
forms its counterpart finetuned on the standard SF'T model, which suggests that
depth generative supervision facilitates learning physical priors in the embodied
VLM, translating into stronger performance on downstream robot tasks.

5 Ablation Studies

5.1 Superiority of Depth Supervision over RGB

We investigate why depth is a more suitable supervisory signal compared to
other alternatives. Specifically, we compare our depth-based generation with an
RGB-based image generation task, where the model is trained to regenerate the
input image. For fair comparison, we fine-tune both models on the open-source
VSI-590K dataset [80], keeping all other training hyper-parameters and strate-
gies default. We evaluate each model on the representative spatial reasoning
benchmarks, including CV-Bench [65], VSI-Bench [78|, and RoboSpatial [61].

The results, summarized in Table}4] (rows 1 and 3), reveal that replacing depth
supervision with RGB reconstruction leads to inferior performance, particularly
on distance-related questions in VSI-Bench. This suggests depth provides more
explicit cues about spatial relationships, such as relative distance, making it a
more effective supervisory signal than RGB.

5.2 Effectiveness of Progressive Training Strategy

We evaluate the effectiveness of the proposed progressive three-stage training
strategy. To compare, we perform a direct end-to-end training on both the depth
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Task 3: Unzipping Grab the Zipper Unzip Finish

Fig. 4: Demonstrations of three finetuned real-robot tasks, including one long-horizon
task table bussing and two deformable object manipulation tasks folding clothes
and unzipping a backpack’s zipper.

Table 4: Comparison between GEM and different settings. The results show
that the default model yields the best performance, which indicates that depth super-
vision enhances structural learning compared to RGB and direct end-to-end training
fails to effectively integrate semantic and structural features.

Models CV-Bench VSI-Bench RoboSpatial
All Abs.Dist. Rel. Dist. All 1 All t
RGB Supervision 80.9 47.5 62.8 60.0 44.6
Direct End-to-End Co-Training 79.7 42.1 60.0 57.6 44.0
Default Setting (GEM) 81.1 47.8 65.2 63.0 48.9

generative head and understanding backbone using the VSI-590K dataset ,
and evaluate its performance on the same benchmarks above. The
comparison results are shown in Table[d] in the second and third rows. It can be
observed that direct end-to-end training underperforms the default three-stage
training paradigm. This is because the generative head and connector fail to
receive an appropriate initialization, which limits the effective fusion of seman-
tic and structural features. Therefore, direct end-to-end co-training negatively
affects the understanding model’s performance.

5.3 Effect of Generative Supervision on Structural Priors Learning

To investigate whether standard SFT visual representations contain sufficient
geometric information for embodied reasoning, we feed the final-layer visual
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Fig. 5: Qualitative visualization of generation results from visual features
in GEM and Qwen3-VL-SFT. Results from standard SFT features exhibit lim-
ited structural details, suggesting insufficient geometric cues in semantic-dominated
representations. GEM features show clearer structural patterns, indicating that depth
generative supervision helps capture spatial cues beneficial for embodied perception.

token features from Qwen3-VL-SFT into GEM’s depth generator and use the
reconstructed depth maps as a qualitative visualization of the encoded geomet-
ric cues. As shown in Figure [5] the depth maps generated from Qwen3-VL-SFT
features exhibit limited structural details, suggesting that standard SF'T repre-
sentations are mainly dominated by high-level semantic signals and may lack
explicit low-level geometric information. Such feature-level misalignment moti-
vates the design of our depth generation module, which introduces depth genera-
tive supervision to encourage geometry-aware visual representations. In contrast,
GEM produces depth maps with clearer structural patterns, indicating that the
proposed supervision helps preserve spatial and geometric information from 2D
inputs.

6 Conclusion

In this paper, we introduce GEM, a novel Generative-supervised Embodied
vision-language framework designed to bridge the gap between high-level seman-
tic reasoning and low-level physical grounding by learning depth generation as
an intrinsic target for scene geometry. A progressive training recipe is adopted
to optimize depth synthesis and language objectives to better fuse structural
and semantic representations. Beyond architectural and training advancements,
we also construct a large-scale dataset that covers various embodied tasks to
support training. Extensive evaluations demonstrate that GEM achieves strong
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performance across a variety of embodied benchmarks. Furthermore, the VLA
model built on GEM sets new records on simulation benchmarks and shows
robust generalization in real-world robotic tasks.
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