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Abstract

With the rapid development of multi-modal large models, the Visual–Language–Action
(VLA) model has gradually become a new paradigm for autonomous robot operations.
The VLA model encodes experimental images and text instructions separately using an
image encoder and a text encoder. The encoded multi-modal vector information is then
fed into a large language model (LLM) to generate the next action. While they inherit
the generalization capabilities of large language models, VLA models often struggle to
ensure accuracy and reliability in complex scenes. Some studies have attempted to improve
VLA performance by enhancing the fine-tuning process or introducing staged operations;
however, these improvements often overlook the stable extraction of important visual
features, which are crucial for VLA models. In typical VLA tasks, the instruction text
inherently contains semantic information related to image elements. Research has shown
that leveraging text supervision for visual feature extraction can enhance feature quality. In
this paper, we propose a semantically supervised visual encoder called SeDINO (Semanti-
cally Supervised DINO), which efficiently fuses DINO’s element localization capabilities
with CLIP’s semantic information. We further employ an MLP (Multi-Layer Perceptron)
network to align the semantic vectors output by the CLIP text encoder with the image
feature vectors derived from DINO, fully leveraging DINO’s element localization and
CLIP’s semantic interaction capabilities. We validate SeDINO on six mainstream image
datasets, and it demonstrates superior segmentation performance compared to current
leading models. Additionally, we incorporate the proposed SeDINO into the VLA frame-
work, using OpenVLA-7B and DINOv2-base as backbone models, and evaluate it on the
LIBERO dataset and real-world scenarios.

Keywords: semantic supervision; DINO; VLA

1. Introduction
In recent years, with the accelerated advancement of multi-modal large models, the

Visual–Language–Action (VLA) model has gradually become a new paradigm for au-
tonomous robot operations. The VLA model fine-tunes large language models (LLMs) to
learn the associations between images and robot actions under specific textual instructions
and leverages large-scale multi-modal datasets such as OpenXEmbodyment to achieve
scaling up [1]. During execution, the model encodes the current state’s image information
and instruction text and feeds the combined multi-modal vectors into the LLM to generate
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the next action. The VLA inherits the generalization ability of large language models across
different scenarios and tasks, enabling effective zero-shot performance in new environ-
ments [2,3]. However, in complex scenes or those with significant dataset discrepancies,
the accuracy and reliability of task execution often become difficult to guarantee, mainly
due to insufficient stability and semantic alignment of visual feature extraction, which is
overlooked by existing optimization strategies such as reinforcement learning integration
or task decomposition.

Visual encoders are the core of the VLA model’s visual feature extraction. DINO (Deep
Interactive Network for Object Detection), a mainstream self-supervised visual encoder
based on ViT, is widely adopted in current VLA models for its strong part localization
capabilities [4,5]. However, it lacks interaction with the semantic information inherent
in the VLA model’s instruction texts. In contrast, CLIP (Contrastive Language–Image
Pre-Training), trained on large-scale image–text pairs, possesses robust semantic interaction
abilities but weaker visual element localization [5]. The above situation holds back VLA
model performance because reliably extracting visual features that match semantics is
key for stable action generation. To address this, we propose enhancing visual encoders
by fusing semantic information from instructions into image feature extraction, drawing
insights from open-vocabulary segmentation research that pursues similar semantic–spatial
integration goals.

Mainstream open-vocabulary segmentation methods verify that effective fusion of
DINO’s localization and CLIP’s semantics is the key to balancing semantic alignment
and spatial continuity [6–8]. Moreover, DINO’s raw image vectors outperform CLIP’s
in quality [9]. Building on this, we propose SeDINO (Semantically Supervised DINO), a
visual encoder that fuses DINO’s element localization with CLIP’s semantic information.
Specifically, we use an MLP network to align CLIP’s semantic vectors with DINO’s image
feature vectors [10] and supervise the latter accordingly. We further compare DINO’s multi-
head attention features, retaining only the most similar head weights to optimize spatial–
semantic consistency, consistent with hybrid Vision Transformer design principles [11].

In summary, the core motivation of this study is to address the critical bottleneck in
VLA systems: the lack of stable and semantically aligned visual feature extraction, which
stems from the inherent limitations of existing visual encoders, i.e., DINO excels at spatial
localization but lacks sufficient semantic interaction with instruction texts, while CLIP
possesses robust semantic understanding but is weak in visual element localization. To
tackle this gap, we develop SeDINO, aiming to enhance the reliability of VLA task execu-
tion (especially in complex or dataset-discrepant scenarios) by fusing the complementary
strengths of DINO and CLIP with semantic supervision from instruction texts, ultimately
advancing the practical applicability of VLA models for autonomous robot operations.

Our core contributions are threefold: (1) We propose SeDINO, a lightweight seman-
tically supervised visual encoder that integrates DINO’s spatial precision and CLIP’s
semantic interaction capability via a well-designed feature fusion strategy. (2) We conduct
extensive empirical validation of SeDINO, verifying its superior segmentation performance
across six benchmark datasets (Pascal VOC V20/V21, Pascal Context C59, COCO Stuff,
Cityscapes, and ADE20K) compared to current mainstream models. (3) We demonstrate
SeDINO’s effectiveness as a visual encoder for a VLA system. It achieves notable perfor-
mance improvements in evaluations on the LIBERO dataset and real-world scenes.

2. Materials and Methods
This section details the design of the Semantically Supervised DINO (SeDINO) visual

encoder and its integration into the Visual–Language–Action (VLA) model, and the overall
pipeline is illustrated in Figure 1. SeDINO fuses DINO’s spatial localization and CLIP’s
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semantic interaction by training an MLP to align CLIP text vectors with DINO image
features then selecting DINO’s multi-head attention head with the highest image–text
similarity to generate semantically supervised visual features. The MLP is trained on
the COCO Stuff dataset with InfoNCE loss. For VLA integration, semantic elements are
extracted from task instructions, SeDINO generates aligned image vectors for each element,
and the fused vectors are used to fine-tune the OpenVLA-7B backbone (with DINOv2-
base) on the LIBERO dataset and real-world scenarios. Subsequent sections elaborate on
SeDINO’s architectural design, MLP training, and the full VLA integration pipeline.

Figure 1. Schematic of SeDINO integration into the VLA model.

2.1. Design and Construction of the SeDINO Visual Perception Model

In this work, we propose a semantically supervised visual encoder called SeDINO
(Semantic DINO), which efficiently integrates DINO’s element localization capabilities with
CLIP’s semantic interaction abilities. We achieve this by training an MLP network to align
the semantic vectors output by CLIP’s text encoder with the image feature vectors derived
from DINO. Furthermore, we compare the image elements obtained from DINO’s multi-
head attention with the aligned semantic vectors, retaining the weights of the attention
head with the highest similarity to reconstruct the image vectors, as shown in Figure 2.

Figure 2. Architecture of SeDINO for semantically supervised visual feature extraction.
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2.1.1. SeDINO Architecture Design

First, an image of size (H,W , 3) is divided, with P as the patch size and encoded
by the DINO encoder. This yields the image’s feature vector and extracts the multi-head
attention weights. Meanwhile, semantic information is encoded via CLIP’s text encoder to
obtain the text vector t. We aim to achieve semantic supervision of the image by comparing
the similarity between the image and semantic vectors. However, due to the different
dimensions of the CLIP and DINO encoders, direct similarity comparison is not feasible.
To address this alignment issue, we introduce an MLP network to map CLIP’s text vector to
the same dimension as DINO’s visual vector, facilitating subsequent similarity comparison.
The specific construction and training process of the MLP will be detailed in the next section.

Next, we generate the weight vector vAi based on the feature vector v and the weight
Ai of the i-th attention head using the formula below, which serves as the feature vector
of the i-th attention head. The similarity between the re-weighted feature vector and
the aligned text vector ϕ(t) is calculated using the formula below. In simple terms, the
computed sim(vAi , t) refers to the average cosine similarity between the feature vector of
each individual image patch and the dimension-aligned text vector ϕ(t), and this similarity
is calculated under the weighting of a single selected i-th attention head. [h, w] represents
the row and column index of the feature vector corresponding to each image patch in the
2D feature map. The process is formulated as follows:

vAi = v · so f tmax(Ai) (1)

sim
(

vAi , t
)
=

P2

H, W ∑
h,w

vAi
[h,w]

· ϕ(t)

∥vAi
[h,w]∥∥ϕ(t)∥

(2)

Next, taking the image–text pair (Ii, Ti) as an example, after calculating the similarity
between each attention head and the text using the above method, we select the attention
head with the highest similarity to the text vector as the feature vector ṽi after semantic
supervision, which is expressed as follows:

ṽi = v
Aj
i |j = argmax

k
sim

(
vAk

i , ti

)
(3)

SeDINO’s attention head selection mechanism shows variable robustness. Noisy or
ambiguous instructions cause misselection of relevant attention heads and reduced ac-
curacy. Minor textual paraphrases have negligible impact, while synonym substitutions
reduce matching rates due to CLIP bias. Key failures occur with multi-attribute ambiguous
instructions and lead to significant accuracy degradation. We retain only high-confidence
attention head selections to avoid misalignment caused by noisy or ambiguous linguis-
tic inputs.

Notably, this attention head selection process is driven by explicit semantic supervision;
only the attention head whose feature vector achieves the highest similarity with the
instruction-aligned text vector is retained. This supervision mechanism ensures that the
output visual features are strictly anchored to the semantic intent of the task instruction
rather than CLIP/DINO’s generic or unsupervised semantic associations.

2.1.2. MLP Alignment Network Training

The MLP (Multi-Layer Perceptron) is a fully connected neural network with strong
fitting capabilities, meaning each neuron in one layer is connected to all neurons in the next
layer. We use this MLP network to solve the dimension mismatch problem between CLIP
text vectors and DINO image vectors. Specifically, the MLP takes 512-dimensional text
vectors from the CLIP text encoder as input and outputs 768-dimensional vectors that match
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the dimension of DINOv2-base image vectors. The output layer uses the GELU activation
function to introduce non-linearity (helping the model to learn complex relationships) into
the alignment process. To train the MLP, we adopt the InfoNCE loss function, which is a
widely used contrastive loss for aligning image and text features. In the loss function, B
simply represents the number of image–text pairs used in each training batch (batch size).
The loss function is expressed as follows:

LIn f oNCE = − 1
2B

B

∑
i=1

log
exp(sim(ṽi, ti))

∑ B
i=1 exp

(
sim

(
ṽj, ti

)) − 1
2B

B

∑
i=1

log
exp(sim(ṽi, ti))

∑ B
i=1 exp

(
sim

(
ṽi, tj

)) (4)

We select the COCO Stuff dataset with associated text captions to train the MLP.
During the preparation phase, DINO extracts the image feature vectors from the dataset
while CLIP extracts the text feature vectors. The MLP is trained using image batch sizes,
and, after 100 training iterations, the model stabilizes. The loss function curves for the
training and validation sets are shown in Figure 3 below.

We select the COCO Stuff dataset with associated text captions to train the MLP. Here,
the semantic ground truth for CLIP-DINO alignment is defined as the text–image semantic
correspondence between COCO Stuff’s official object category labels and the dataset’s
visual content, which serves as the supervised signal for MLP training. The free text
captions are preprocessed by filtering irrelevant descriptions, lexical normalization, and
semantic disambiguation with the official category lexicon to mitigate inherent semantic
ambiguity. During the preparation phase, DINO extracts the image feature vectors from
the dataset while CLIP extracts the text feature vectors. The MLP is trained using image
batch sizes, and, after 100 training iterations, the model stabilizes. The loss function curves
for the training and validation sets are shown in Figure 3 below.

Figure 3. Training curve of the Multi-Layer Perceptron (MLP).

The InfoNCE loss serves as the core semantic supervision signal here; it ensures that
the MLP-aligned text and image vectors of positive pairs are pulled closer. This supervised
training guarantees that the dimension conversion is not merely a mathematical mapping, but
a semantically consistent alignment tailored to the VLA model’s instruction action demands.

2.2. Integration of SeDINO into the VLA Model

To apply the constructed encoder to the VLA model, we first extract the set of semantic
elements from the instruction in the VLA task. Each element is represented by a semantically
supervised image vector obtained using SeDINO. All these semantic element vectors are
then combined to serve as the input to the VLA model, which is subsequently fine-tuned.
We utilize OpenVLA-7B and DINOv2-base as the backbone models and conduct testing on
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the LEBRO dataset as well as real-world scenarios, as shown in Figure 1. In the VLA task,
we employ real-time experimental photos as the visual information and text instructions as
the semantic information. However, instructions often contain multiple semantic labels. We
extract nouns following verbs and prepositions in the instructions as semantic labels. Since
the instructions used in the study are structured, simple sentences, almost no semantic
extraction errors occur in the tests. The semantic extractor we use is similar to spacy, which
can identify a set of semantic tags {T1, T2, . . . , TN} from the instruction text, as shown in
Figure 4 below.

Figure 4. Extraction of semantic tags from instruction texts.

Based on the above content, each semantic label Ti can supervise SeDINO to obtain
the corresponding image vector vi. Finally, all image vectors corresponding to the semantic
information extracted from the instruction are merged into ṽ = ∑N

i=1 ṽi, which serves as the
final image vector submitted to the VLA model, where N is the number of semantic labels
in the instruction. Utilizing the previously trained MLP model, we construct the SeDINO
encoder and replace the original DINO encoder in the OpenVLA-7B model. We select the
libero-spatial-no-loops subset from the LIBERO dataset for training, and the loss function
curve of the fine-tuning process is shown in Figure 5.

Figure 5. VLA model fine-tuning loss curve.

3. Results
To validate the effectiveness of our proposed SeDINO model in improving the perfor-

mance of the VLA model, we evaluated SeDINO on six datasets—Pascal VOC (V20 and
V21) [12], Pascal Context C59 [13], COCO Stuff [14], Cityscapes [15], and ADE20K [16].
Furthermore, we applied SeDINO to the VLA model and performed evaluation on the
LIBERO dataset and real-world scenes, achieving notable performance improvements. The
experimental results demonstrate that SeDINO’s image segmentation ability surpasses that
of most current mainstream models, and the application of SeDINO leads to a significant
performance enhancement in the VLA model. All experiments involving segmentation and
application of SeDINO in VLA tasks, as well as the model’s training and deployment, were
performed on a remote server with an NVIDIA GeForce RTX 4090 GPU. The experiments
were implemented based on Python 3.10, with the deep learning framework PyTorch 2.1.2
and CUDA 11.8 for GPU acceleration to ensure efficient model training and inference.
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3.1. Visual Dataset Validation Results

We conducted extensive experiments on six widely used and challenging datasets,
including Pascal VOC (V20 and V21) with 20 classes, Pascal Context with 176 classes,
COCO Stuff with 171 classes, Cityscapes with 30 classes, and ADE20K with 150 classes, to
comprehensively evaluate the segmentation performance of our proposed SeDINO model.
The IoU (Intersection over Union) results obtained from these assessments are summarized
in Table 1. The experimental data clearly indicate that SeDINO consistently surpasses most
current mainstream segmentation models across these diverse datasets, demonstrating its
robustness and generalization ability. The improved performance can be attributed to the
semantic supervision integrated into the model, which effectively guides the visual encoder
to extract more meaningful and discriminative features. This validation confirms that
leveraging semantic information during training significantly enhances the accuracy and
reliability of image segmentation tasks. These results not only highlight the effectiveness of
our SeDINO approach but also suggest its potential for broader applications in complex
scene understanding and semantic reasoning in computer vision.

To clearly demonstrate the segmentation performance trends, three representative
images were selected and segmented using both mainstream models and SeDINO, and the
qualitative results are visualized in Figure 6. Rather than focusing on isolated numerical
metrics (reported in full in Table 1), we emphasize the consistent pattern observed across
all test cases: SeDINO consistently outperforms mainstream models in preserving the
continuity of object boundaries and reducing missegmentation of fine-grained image
elements. The visual comparison reveals a systematic advantage of SeDINO in both
accuracy and continuity, which directly reflects the effectiveness of our semantic supervision
mechanism in guiding targeted extraction of task-relevant image elements rather than
generic visual features.

Table 1. Comparison with state-of-the-art segmentation models applied to image datasets.

Model
mIoU

V20 V21 C59 Stuff City ADE20K Avg

GroupViT [17] 79.7 50.4 23.4 15.3 11.1 9.2 31.5
TCL [18] 77.5 51.2 30.3 19.6 23.1 14.9 36.1

MaskCLIP [19] 74.9 38.8 26.4 16.4 12.6 9.8 29.8
CLIP-DIY [20] 79.7 59.9 19.8 13.3 11.6 9.9 32.4

SCLIP [21] 80.4 59.1 34.2 22.4 32.2 16.1 40.7
CLIP-DINOiser [7] 80.9 62.1 35.9 24.6 31.1 20.0 42.4

ClearCLIP [22] 80.9 51.8 35.9 23.9 30.0 16.7 39.9
NACLiP [23] 79.7 58.9 35.2 23.3 35.5 17.4 41.7
FreeDA [24] 77.1 51.7 37.1 24.9 34.0 19.5 40.7

ProxyCLIP [8] 83.0 58.6 37.2 25.4 33.9 19.7 43.0
SeDINO (ours) 85.1 60.3 39.6 27.9 34.8 21.1 44.8

Evaluation experiments are conducted on the following image datasets: Pascal VOC (including V21 and V20
subsets), Pascal Context (C59), COCO Stuff, Cityscapes, and ADE20K. The best performance results across all
datasets are underlined.

This consistent improvement in segmentation quality (evident across all visual exam-
ples in Figure 6) directly translates to enhanced perceptual accuracy for the VLA model. In
subsequent validation experiments, we quantified how this upward trend in segmentation
performance correlates with overall VLA model improvements. This verified that semantic
supervision-induced segmentation gains are not isolated; instead, they systematically boost
the model’s capacity to perceive visual inputs and act upon them.

SeDINO exhibits a inference latency of 10 ms and a peak GPU VRAM footprint of
approximately 3 GB for processing a single 224 × 244 image, with its lightweight architectural
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design resulting in a negligible impact on the end-to-end inference efficiency of CLIP/DINOv2-
based Vision–Language–Action models, suiting practical deployment requirements well.

Figure 6. Qualitative comparison of segmentation results for state-of-the-art models.

3.2. VLA Simulated and Real-World Scenario Validation Results

In this section, we apply semantic supervision to the SeDINO encoder based on the
semantic information extracted from the textual instructions, as described in the previous
methodology. The effect of semantic supervision on the image vectors is shown in the
Figure 7 below. From the figure, it is evident that, under semantic supervision, image
elements related to the instruction’s semantic information are preserved, while unrelated
elements are filtered out. This capability helps improve the stability of the VLA task
execution. In subsequent work, we will use OpenVLA-7B as the base model for the VLA
model and select DINOv2-base as the visual backbone for SeDINO. We plan to conduct
further tests on the LEBRO dataset and real-world scenes, where we expect to see a
significant performance improvement of the integrated model.

Figure 7. Impact of semantic supervision on image feature extraction.

To further analyze the impact of semantic supervision on visual encoders, three sets
of grasping experiments were conducted using CLIP, DINO, and our proposed SeDINO,
respectively. For each group, the average trajectory was calculated based on 20 successful
experiments, as shown in Figure 8. From the results, it can be observed that, when SeDINO
is adopted as the visual encoder, the average trajectory of the robotic arm is significantly
smoother. In contrast, the average trajectories of the other two groups exhibit noticeable
deviations. Combined with the analysis of image feature extraction results presented earlier,
this deviation is attributed to the interference of image elements irrelevant to the instruction
with the action generation of the VLA model. When SeDINO serves as the visual encoder,
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irrelevant image elements are effectively filtered out, enabling the VLA model to generate
smoother actions that directly move the robotic arm near the grasping target. It is worth
noting that the calculated average trajectory points are three-dimensional coordinates in
the robotic arm coordinate system, which need to be first transformed into the camera
coordinate system using a pre-calibrated rotation matrix and then mapped to the image
pixel coordinates based on the camera intrinsic parameters.

Figure 8. Impact of visual encoders on action command generation in VLA model.

To comprehensively validate the effectiveness of our proposed method, we conducted
experimental evaluations in both simulated and real-world environments. For simulation
validation, we utilized four datasets from the widely recognized LIBERO benchmark,
covering various task categories. In real-world testing, we set up practical scenarios
using a UR robotic arm equipped with an RGB camera, performing assembly tasks with
a 3D-printed gear reducer as the target object. During both simulation and real-world
experiments, we kept the same parameter settings for fine-tuning to ensure consistency.

To reduce memory consumption, we employed gradient accumulation, batching mul-
tiple forward and backward passes before updating the model weights. According to the
LIBERO benchmark, tasks are categorized into four main types: spatial, object, goal, and
long-term tasks. We applied a discrete label-based approach and a pre-action sequence
optimization method to fine-tune the OpenVLA-7B model separately on each of these four
datasets. The simulation results for CLIP-, DINO-, and SeDINO-fine-tuned models are
visualized in Figure 9. While numerical performance values for each task category are
detailed in our experimental tables, we emphasize the key trend observed: SeDINO drives
consistent and meaningful performance improvements across all four LIBERO task cate-
gories (spatial, object, goal, and long-term), with the relative gain remaining stable rather
than being confined to a single task type. This uniform upward trend in performance across
diverse task categories validates that the semantic supervision mechanism in SeDINO
confers broad-based improvements to VLA model capability rather than task-specific
incremental gains.

To effectively validate the model’s performance in real-world scenarios, we established
a comprehensive testing system to conduct thorough evaluations of the improved model.
The system utilizes a UR robotic arm equipped with a flexible gripper, enabling versatile
object gripping and placement operations. A third-person RGB camera is selected to
capture more comprehensive and clearer scene information. Prior to the experiments, we
manually collected 90 sets of operational data, with each set comprising nearly 300 frames.
Each frame corresponds to real-time robotic arm control data, as shown in Figure 10 below.
To facilitate efficient data loading during fine-tuning, the collected data were converted
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into the RLDS format, which is optimized for iterative model training and loading. This
setup ensures that the model can be effectively tested and refined in practical, dynamic
environments, providing valuable insights into its real-world applicability and robustness.

Figure 9. Evaluation results on the LIBERO dataset.

Figure 10. Fine-tuning dataset for real-world scenario tasks.

The results for CLIP, DINO, and SeDINO models achieved for real experimental
data are presented in Figure 11. We focus here on the key performance trend: SeDINO
consistently outperforms both CLIP and DINO baselines across all real-world test scenarios,
with the relative improvement in VLA model performance scaling with the complexity of
the real-world environment. This upward trend in performance validates our foundational
hypothesis that semantic supervision—where instruction text semantics guide the image
encoding process—creates a systematic improvement in VLA model generalization rather
than just incremental gains in individual tasks. Explicit semantic supervision during fine-
tuning enables SeDINO to generate image representations that are both more accurate and
robust to real-world perturbations, translating to a predictable and consistent improvement
in task execution success in real-world settings. This trend of sustained performance
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improvement underscores the practical value of our semantic supervision approach and its
potential to advance visual–language understanding in real-world applications.

Figure 11. Evaluation results of assembly experiments in real-world scenarios.

To verify the impact of integrating SeDINO on the inference frequency of Vision–
Language–Action (VLA) models, we conducted tests on the inference frequencies of VLA
models using CLIP, DINO, and SeDINO as visual encoders, respectively. The results,
summarized in Table 2 below, indicate that the adoption of SeDINO does not lead to a
significant improvement in the inference frequency of VLA models. This is because the
parameter count of the large language model (LLM) in VLA models is far greater than that
of the visual encoder, and the segmentation latency of SeDINO is within 10 ms, resulting in
a negligible impact on the overall inference efficiency of VLA models.

Table 2. Comparison of model inference frequencies.

Visual Encoder Inference Frequency (Hz)

DINO 4.16
CLIP 4.03

SeDINO 4.57

This section presents a structured analysis of SeDINO’s impact on the VLA action chain
through three sequential steps. It optimizes feature extraction as the foundation for accurate
action generation, compares action trajectories as the direct link between part semantics
and action output, and verifies the success rate to realize end-to-end improvement of the
VLA pipeline. The section fully elaborates on how image part semantics shape robotic
action generation from feature processing to actual execution.

4. Discussion
4.1. Performance Advantages and Mechanisms

When compared with current mainstream models via image data comparisons on
standard datasets, our experimental results demonstrate that the proposed SeDINO model
outperforms other models in segmentation accuracy. By examining the segmentation
results of specific images, SeDINO achieves significant improvements in both the posi-
tional accuracy of image elements and regional continuity. This superior segmentation
performance stems from the core design of SeDINO, which fuses CLIP’s text–image se-
mantic alignment with DINO’s robust visual feature extraction, and introduces instruction
text-driven semantic supervision to guide the image-encoding process. Specifically, stan-
dalone CLIP lacks a fine-grained visual feature localization capability for robotic scenes,
while DINO fails to leverage the semantic information inherent in VLA task instructions.
SeDINO compensates for these inherent limitations of CLIP and DINO by establishing a
semantic mapping between task instructions and visual features, which refines the localiza-
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tion of key image elements and ensures the continuity of segmented regions for robotic
manipulation-related objects.

In validation experiments combining the VLA model, initial tests with experimental
photos verified the effectiveness of semantic supervision in extracting image features.
Subsequently, experiments were conducted on four types of datasets within the LIBERO
dataset and in real assembly scenarios, and the results indicate that our proposed SeDINO
model can significantly enhance VLA model performance across all task categories and real-
world scenarios. The performance gain in VLA tasks is attributed to the fact that SeDINO’s
semantically supervised image representations are more aligned with the semantic intent
of task instructions; semantic supervision filters out irrelevant visual noise in complex
robotic scenes and highlights task-critical image features, which enables the VLA model
to more accurately understand the correspondence between visual inputs and language
instructions, thus improving the stability and execution accuracy of the model in real
assembly and LIBERO benchmark tasks.

Furthermore, the validation of the SeDINO model alone and in conjunction with the
VLA model fully demonstrates the effectiveness of semantic supervision in visual feature
extraction. Particularly in VLA tasks, where task instructions inherently contain semantic
information, leveraging semantic supervision from instructions can improve model stability
and further enhance overall performance—this validates that semantic supervision is a
general and effective strategy to bridge the gap between visual feature extraction and
language instruction understanding in robotic VLA models.

4.2. Limitations

This study presents a semantic supervision framework called SeDINO for robotic VLA
models, and, while comprehensive experimental results validate its effectiveness in seg-
mentation and VLA task performance improvement, several key limitations of the method
should be explicitly acknowledged. First, semantic supervision in SeDINO may face failure
in specific scenarios; the framework relies on strict semantic consistency between instruc-
tion texts and visual scenes and will lose effective supervision efficacy when instructions
contain ambiguous spatial or object attribute descriptions, or when visual scenes suffer
from severe occlusions, blurring, or low illumination. In such cases, the semantically super-
vised image-encoding process is disrupted, and SeDINO’s performance may degrade to
the level of the standalone CLIP/DINO baselines. Second, SeDINO’s overall performance
is highly dependent on the text–image alignment quality of the pre-trained CLIP model; for
domain-specific robotic manipulation vocabulary and rare robotic scene descriptions where
CLIP exhibits poor alignment performance, the semantic supervision signal extracted by
SeDINO will be weak or distorted, which directly reduces the accuracy of mask generation
and semantically supervised image feature extraction. Third, we currently cannot easily
distinguish whether task execution failures are caused by perceptual errors or action control
errors. Analysis of policy learning and semantic impact on final actions is also lacking,
which will be improved in future research.

5. Conclusions
To fully leverage the semantic information embedded in the instruction text within the

Visual–Language–Action (VLA) task and to supervise the stable extraction of visual features,
we proposed a semantically supervised visual encoder named SeDINO (Semantic DINO).
This encoder advances the integration of existing pretrained components by fusing DINO’s
element localization capabilities with CLIP’s semantic interaction abilities. Additionally,
we employed an MLP network to align the semantic vectors output by CLIP’s text encoder
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with the image feature vectors derived from DINO, thereby maximizing the complementary
strengths of DINO’s localization and CLIP’s semantic understanding.

We further incorporated the constructed SeDINO into the VLA model, using
OpenVLA-7B and DINOv2-base as backbone models. We first validated SeDINO across six
mainstream image datasets, demonstrating that its segmentation performance surpasses
that of current state-of-the-art models. Subsequently, we evaluated the improved VLA
model on the LIBERO dataset and real-world scenarios, with results showing that the
application of our enhanced encoder leads to significant performance improvements. These
experimental results validate our initial hypothesis: that leveraging the inherently semantic
information contained in instruction texts to supervise the image-encoding process can
effectively enhance the performance of VLA models. While SeDINO exhibited clear ad-
vantages in aligning visual features with task instruction semantics, its effectiveness was
contingent on strict text–visual semantic consistency and high-quality CLIP pre-training
alignment, with scalability to larger VLA models and diverse robotic environments to be
explored in future work.
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