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Abstract

The growing exploration of Large Language Models (LLM)
and Vision-Language Models (VLM) has opened avenues
for enhancing the effectiveness of reinforcement learning
(RL). However, existing LLM-based RL methods often fo-
cus on the guidance of control policy and encounter the chal-
lenge of limited representations of the backbone networks.
To tackle this problem, we introduce Enhanced Semantic
Motion Representations (Semore), a new VLM-based frame-
work for visual RL, which can simultaneously extract seman-
tic and motion representations through a dual-path backbone
from the RGB flows. Semore utilizes VLM with common-
sense knowledge to retrieve key information from observa-
tions, while using the pre-trained clip to achieve the text-
image alignment, thereby embedding the ground-truth rep-
resentations into the backbone. To efficiently fuse semantic
and motion representations for decision-making, our method
adopts a separately supervised approach to simultaneously
guide the extraction of semantics and motion, while allow-
ing them to interact spontaneously. Extensive experiments
demonstrate that, under the guidance of VLM at the feature
level, our method exhibits efficient and adaptive ability com-
pared to state-of-the-art methods. All codes are released.

Code — https://github.com/StephensonRRR/Semore

Introduction
Thanks to its ability to directly convert complex visual sig-
nals into actions, visual Reinforcement Learning (RL) has
achieved great success in intelligent agent control in recent
years (Arulkumaran et al. 2017; Ze et al. 2023; Zheng et al.
2024). It has wide applications in various domains such as
autonomous driving, electronic sports, and robotic control
(Liang et al. 2018; Kiran et al. 2021; Lample and Chap-
lot 2017; Nair et al. 2018). Due to the high dimension-
ality of visual signals and the inefficiency of RL interac-
tions, the algorithm struggles to understand the environment
well, making it difficult to capture optimal rewards and lack-
ing interpretability. Efficiently extracting task-relevant rep-
resentations from visual observations is crucial for breaking
through the bottleneck of RL.

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial

Intelligence (www.aaai.org). All rights reserved.
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Figure 1: (a) In the first row, the overly large sampling space
of RL leads to difficulty in capturing key objectives in ex-
treme scenarios; (b) In the second row, due to the complex
high-dimensional feature space and the back propagation,
guidance at the policy level cannot ensure that the encoder
extracts reliable features; (c) In contrast, our method can
fully take advantage of the capability of VLMs to enhance
the task-specific representations.

Previous researches leverage diverse state abstraction ap-
proaches including observation reconstruction (Vemprala,
Mian, and Kapoor 2021; Yu et al. 2022), transition dynam-
ics prediction (Gelada et al. 2019) and bisimulation (Zhang
et al. 2020), resulting in the issue of high cost and data
redundancy (Wang et al. 2024a). Consequently, a question
arises regarding the existence of a more efficient method for
explicitly extracting task-relevant representations.

Promisingly, Large Language Models (LLMs) have been
actively developed in recent years, bridging human interac-
tion and reasoning (Wang et al. 2025, 2024a; Gbagbe et al.
2024; Hu et al. 2024). Based on the advancements in LLMs,
they can provide a more holistic understanding of the en-
vironment, allowing agents to respond more effectively to
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various scenarios with human-like logic (Han et al. 2024;
Huang et al. 2024). Some works leverage LLM to guide the
learning of RL at policy level (Chen et al. 2024; Ma et al.
2024; Hu et al. 2024) and indicate the enormous potential of
LLMs. Due to the long forward propagation chain of the RL
model, the guidance at the policy level cannot effectively en-
hance the extraction capability of representations, particular
in complex visual input tasks (as shown in Fig. 1 (b)). This
motivates the idea that the common-sense knowledge em-
bedded in LLM can also be exploited to enhance the extrac-
tion capability of task-relevant representations at the feature
level, which is shown in Fig. 1 (c).

To address the aforementioned limitations, we introduce a
novel Enhanced Semantic Motion Representation (Semore)
Learning framework for visual RL, which employs a two-
stream network to separately extract semantic and action
representations. This design can decouple different features,
thereby fully utilizing the LLM to guide the representation
learning. Specifically, the semantic stream models the envi-
ronmental semantics and can identify key objects in the sce-
nario, while the motion stream models motion clues from the
residual frame of adjacent frames. To align the extracted rep-
resentations and the actual surrounding environment, we in-
troduce a VLM-based feature-level supervision module. We
utilize VLM to generate task-specific feature masks, high-
lighting key regions in the observations.

Semantic and motion representations have strong com-
plementarity and therefore can be enhanced through inter-
action with each other. Unlike previous work that used a
transformer to fuse two feature maps, we introduce VLM-
generated features as supervisory signals during training.
Specifically, we align semantic features with VLM seman-
tics using a feature similarity loss, while enhancing motion
representations via cross-attention between motion features
and VLM semantics. Such supervision guides both encoders
to focus on key regions, while semantic–motion interaction
is spontaneously mediated by VLM features. Both seman-
tic and motion representations are enhanced for decision-
making.

In summary, the contributions of this paper are threefold:
• We propose Semore, a novel VLM-based visual RL

framework that can enhance representations by integrat-
ing VLM-based common-sense knowledge guidance at
the feature level.

• We design a decoupled supervision module. For the se-
mantic flow, we use explicit supervision for alignment,
while for the motion flow, we use cross-attention to guide
the focus areas.

• We conduct comprehensive experiments using Carla
benchmarks. Experimental results demonstrate the state-
of-the-art performance of our proposed method and the
effectiveness of the corresponding components.

Related Works
Visual Reinforcement Learning. In vision-based RL,
agents extract compact representations from low-
dimensional visual observations to achieve decision-
making. In this process, representation learning is the key

to improving the performance of visual RL. Existing works
can be roughly divided into three main approaches: (i) data
augmentation technique (Huang et al. 2023b; Zhang et al.
2020); (ii) self-supervised representations (Castro 2020;
Hansen et al. 2020); (iii) modeling environment dynamics
(Pan et al. 2022; Fu et al. 2021; Lee et al. 2020). However,
due to the extensive exploration required in the RL process,
existing methods without any prior knowledge struggle to
efficiently extract representations, especially in complex
environments. The emergence of LLMs and VLMs brings
new opportunities for addressing this issue.

Dual-stream Network. Dual-stream networks are partic-
ularly popular for extracting diverse representations (Gao
et al. 2018; Simonyan and Zisserman 2014; Wang et al.
2024b). Generally, this structure is used for encoding hetero-
geneous modalities such as point cloud and text for feature
fusion (Xiang, Xu, and Ma 2023; Liu et al. 2023; Liang et al.
2022). Some studies have demonstrated that separately ex-
tracting different representations containing specific infor-
mation from images can achieve better performance than
single-stream networks in extracting diverse representa-
tions (Kim, Jones, and Hager 2021; Liu et al. 2021; Huang,
Zhao, and Wu 2023; Liu et al. 2022). Simoun (Huang et al.
2023b) adopts this design in visual RL learning and con-
structs a structure interaction module to leverage the corre-
lations of the dual-stream features. We adopt a two-stream
structure to decouple the semantic and motion representa-
tion learning, allowing the VLM to separately supervise the
feature extraction and interaction.

VLM-based Learning. VLMs have shown significant
potential in learning high-quality representations for diverse
downstream tasks (Du et al. 2024; Singh et al. 2022; Chen
et al. 2025). Their success largely stems from training trans-
former architectures on large-scale datasets of image-text
pairs sourced from the web, using contrastive learning tech-
niques. Notably, CLIP (Radford et al. 2021) proposed a
promising alternative that directly learns transferable visual
concepts from large-scale collected image-text pairs. In this
paper, we first use the VLM to retrieve semantic information
from the observations, such as relevant objects, and then use
a clip-based approach to generate the corresponding visual
features, thereby embedding common-sense knowledge into
the representation learning.

Methodology
The overall framework is illustrated in Fig. 2. We start by
formalizing the task of visual RL and then discuss the details
of Semore.

Problem Formulation
Visual RL can be normally formulated as a Partially Ob-
servable Markov Decision Process (POMDP), denoted as a
tuple M =< O,S,A,P,R, γ >, where O denotes the ob-
servation space containing RGB frames ot at different time
step and A denotes the action space. The interaction process
of the agent in a POMDP can be defined as follows: (i) the
agent perceives visual observations ot; (ii) the agent then se-
lects an action at ∈ A based on a stochastic policy π(at|ot).
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Figure 2: The overall VLM-guided learning framework. It integrates two key modules: 1) the VLM-guided semantics module
employs the similarity loss to explicitly supervise the extraction of semantic representations, while the motion supervision
module introduces knowledge-aware features into the motion extraction using bidirectional cross-attention.

P(ot, at) is the observation transition, R(ot, at) is the re-
ward funciton, and γ denotes the discount factor. The goal
of this formulation is to find an optimal policy that maxi-
mizes the expected cumulative reward based on the visual
observations across the entire traversal of MDPs:

J(π) =
∑
t

E(ot,at)∼π[R(ot, at)] (1)

During training, π is used to interact with the environment
and the generated experience is stored in a replay buffer B.

Feature Extraction
Semantic Encoding. Semantic information is vital for vi-
sual representations as it can provide environmental under-
standing for the agent. Specifically speaking, the agent can
identify objects or events relevant to its control based on vi-
sual representations from observations, thereby improving
its decision-making capabilities. Semantic encoding aims
to extract the visual semantic representations of the sur-
rounding environment from the observed frames. Seman-
tic encoder adopts a four-layer convolutional structure with
3 × 3 kernel size and ReLU non-linearity. And the output
feature map of the last convolution layer is represented as
F t
s ∈ RC×H×W . Then we use a fully connected layer with

layer normalization to reduce the dimension of F t
s and out-

put a compact feature vector f t
s .

Motion Encoding Motion information is critical for
vision-based agents to understand the dynamics of the sur-
rounding scenarios. In other words, motion features enable
the agent to have predictive capabilities, allowing it to make

more reasonable decisions. The goal of motion encoding is
to extract the motion features at the pixel level (such as the
movement of objects within the perception range) from mul-
tiple adjacent visual frames. Given a sequence of 3 adjacent
observation frames [ot−2, ot−1, ot] sampled from the replay
buffer, we can obtain the motion input by residual of adja-
cent frames [ot−1 − ot−2, ot − ot−1]. Similar to semantic
encoding, the motion encoder adopts a four-layer convolu-
tional encoder with a different number of first-layer’s input
channels to extract a feature map F t

m ∈ RC×H×W .

VLM-guided Semantics
In the absence of supervision on the feature level in previ-
ous visual RL models, the extracted representation of obser-
vations is not guaranteed to align with the expressive nature
of the real environment. In particular, the long propagation
chain and the vast sampling space of RL make it difficult
to learn ground-truth representations through the mere su-
pervision of the policy level. The difference from the true
representation imposes inherent limitations on the model. To
mitigate this shortfall, we introduce VLM-guided represen-
tations by using the pretrained VLM and clip-based image
segmentation model CRIS (Wang et al. 2022), as illustrated
in Fig. 3. The core objective is to align the extracted rep-
resentations with the ground-truth as possible, thereby en-
hancing the agent’s understanding of the environment.

We first employ the pretrained VLM to extract compre-
hensive semantic information from raw visual observations.
The VLM takes a single frame o as input and uses a vi-
sual encoder gV to extract the visual features, which are then
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converted into language embedding tokens. Meanwhile, the
prompt Pm is fed into the text encoder gT to obtain text
tokens. This can be formulated as:

HV = gV (O)

HT = gT (Pm)
(2)

where HV , HT is the visual and text tokens, respectively.
Then the visual tokens HV and the text tokens HT are fed
into the VLM f for generating responses:

Y = f([HV , HT ]) (3)

where Y is the output of task-specific prompts, as the text
semantics.

Given the text semantics, we need to generate a semantic
feature map of the observations for representation learning.
Although CLIP (Radford et al. 2021) learns powerful image-
level visual concepts by aligning the textual representation
with the image-level representation, this type of knowledge
is suboptimal for referring image segmentation, due to the
lack of more fine-grained visual concepts. Hence, we apply
CRIS (Wang et al. 2022), a clip-driven image segmentation
framework to accurately generate more discriminative visual
representations through the alignment of text and visual fea-
tures at the pixel-level. Specifically, given image o and text
sequence Y = y1, ..., yn, CRIS can compute and output a
similarity map. Then we use the sigmoid function (Cybenko
1989) to segment specific objects in the image, thereby gen-
erating corresponding high-confidence masks. We add the
feature masks of different objects together to obtain the com-
plete mask map. This process can be described as:

hy = CRIS(o, y), y ∈ Y

hka = Sigmoid(hy)

Hka =
∑
y∈Y

hka

(4)

where o, Y is the input observed frame and text semantics.
Sigmoid denotes the Sigmoid function.

To impose effective supervision on semantics, we employ
a similarity loss (Zhao et al. 2016) between extracted and
knowledge-aware representations, which is denoted as:

LS−G =
∑
T

||Fs(t)− Ĥka(t)||1
||Ĥka(t)||1

(5)

where Ĥka is obtained by input Hka into the semantic en-
coder, thus having the same dimension as Fs. Based on
this process, VLM can leverage common-sense information
to provide explicit guidance for semantics extraction. This
guidance enables the visual encoder to focus on critical fac-
tors from the observations, thereby allowing it to detect ob-
jects that are key to control.

Motion Enhancement and Interaction
In previous work, popular approaches to handling different
features were to use attention mechanisms for interaction,
thereby outputting fused features. However, this process is
a black-box operation, and supervision exists only at the

end-point, thus lacking a comprehensive understanding. In
particular, when processing motion and semantic features,
attention-based fusion essentially aggregates them from dif-
ferent spaces into a common space. However, due to the im-
pact of sampling efficiency, the learned fusion space is prone
to overfitting and has low interpretability. To address this is-
sue, we use VLM to enhance the motion features and guide
the interaction between semantics.

Since motion information is extracted using frame differ-
ences, which is sparse. This makes it difficult to apply fea-
ture alignment for supervision. Therefore, during the train-
ing phase, we employ bidirectional cross-attention to guide
the motion encoder in focusing on key areas using VLM-
generated features. Specifically, as shown in Fig. 4, dur-
ing the training, the input of the interaction module are
knowledge-aware feature map Hka and a motion feature
map Fm. Then an interactive attention map X can be ob-
tained:

X = σ(σ(H̃T
kaF̃m) + σ(F̃mH̃T

ka)) (6)
where H̃ka is obtained by inputting to a convolution layer for
reducing the spatial complexity, F̃m is as well. σ denotes the
Softmax function. Then we use the interactive feature map
containing both semantic and motion information to simul-
taneously enhance original representations. Specifically, we
separately use a fully connected layer to process the interac-
tion and then add them to the feature maps of the semantic
and motion feature maps:

Fs = Fs + FN(X),

Fm = Fm + FN(X)
(7)

where FN denotes the fully connected layer. In this way,
the semantic and motion representations complement each
other, thereby enhancing understanding. Note that the se-
mantics generated by VLM are only used to compute atten-
tion weights during training, while in reality, it is the seman-
tic features and motion features that interact.

To ensure the motion encoder can effectively extract suf-
ficient features and remove noise to prevent redundancy,
we adopt a transition constraint via an MLP predictor Pm.
Specifically, the obtained feature vector fm

t and action at at
time step t is input into the motion predictor. And the pre-
dictor can predict future features, thereby enhancing the en-
coder’s ability to extract motion information. Then the tran-
sition loss can be defined as:

Ltrans = ||Pm(fm
t , at), f

m
t+1||22 (8)

where Pm represents the motion predictor and ||||2 is the
L2-norm.

After completing the interaction, we use fully connected
layers to reduce the dimensions of F s

t and Fm
t , obtaining

compact features fs
t and fm

t . Then we concatenate them and
the final representation is ft = [fs

t , f
m
t ]. To reduce noise, we

use a prediction head to further purify the information re-
lated to RL rewards. Motivated by DeepMDP (Gelada et al.
2019), we utilize a reward predictive head by incorporating
the tractable reward and state head from DeepMDP (Gelada
et al. 2019) to predict the reward value of each observation-
action pair:

LR = ||R(ft, at)− rt+1|| (9)
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Figure 3: The illustration of VLM-generated knowledge-aware representations. (a) and (d) show the road scenarios of rural and
urban areas, respectively. The text prompts are: (b): The right trees; (c): The pedestrian; (e): The white van on the left side of
the black car ahead; (f): The left white car.
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Figure 4: Interaction of motion and semantic features. (Fu-
sion is concat and knowledge-aware features are only used
in training stage.).

where rt+1 is the actual reward value at the next time step,
which is returned from the interaction with the environment.

Reinforcement Learning based on Semore
We adopt the baseline RL algorithm SAC (Haarnoja et al.
2018) to maximize the expected cumulative reward to find
the optimal policy via approximating the action-value Q and
a stochastic policy π based on an α-discounted maximum
entropy H(·). The action-value function Q is learned by
minimizing the soft Bellman error and the soft state value
V can be estimated by sampling an action under the current
policy. The above process can be formulated as:

J(π) =
∑
t

E(ot,at)∼π[r(ot, at) + αH(π(·|ot))],

LQ = E(ot,at)(Q(ot, at)− (rt + λV (ot+1)))
2,

V (ot+1) = Eat+1∼π[Q̃(ot+1, at+1)− αlogπ(at+1|ot+1)],
(10)

where Q̃ denotes the exponential moving average of the pa-
rameters of Q. And the policy is optimized by decreasing

the difference between the exponential of the soft-Q func-
tion and the policy:

Lπ = Eat∼π[αlogπ(at|ot)−Q(ot, at)]. (11)

Training Details
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Figure 5: VLM-based selective replay buffer.

Selective Replay Buffer RL agents are very likely to per-
form ineffective exploration in the initial stage due to the
lack of prior knowledge. To alleviate the low exploration ef-
ficiency for large continuous action space in visual RL that
often prohibits the use of challenging tasks, we design the
selective replay buffer to provide better exploration. The in-
tuition is that if the agent is provided with some positive
training data such as expert supervision at the beginning,
it can acquire a certain level of initial execution capability,
thus avoiding the high cost of excessive random sampling.
Specifically, our RL framework will be first warmed up by
learning knowledge via the observation-action pairs that are
deemed qualified by the LLM to initialize the action explo-
ration in a reasonable space.

LLM is not able to make precise decision signals, but can
offer macro-level guidance, such as braking, turning left, or
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turning right. Therefore, it can be fully leveraged to evalu-
ate the reasonableness of observation-action pairs. As illus-
trated in Fig. 5, the generated pair (ot, at) is fed into the
image LLM and we can obtain the output that is reasonable
or unreasonable. We additionally adopted a decay factor δ
to represent the probability of adding the observation-action
pair to the replay buffer. Its initial value is set to 1, and it
decreases along the training process. When its value reaches
0.5, it indicates that no further selective additions will be
made, and instead, all interactions with the environment will
be added to the replay buffer.

Training Objective. Based on the fused semantic motion
representations, Semore learns from visual to control signals
in an end-to-end manner via optimizing the following equa-
tion:

L = Ltrans︸ ︷︷ ︸
motion

+ LS−G︸ ︷︷ ︸
semantic

+ LR︸︷︷︸
state

+Lπ + LQ︸ ︷︷ ︸
RL

(12)

where the objective jointly considers the semantic and mo-
tion representations, as well as the purification of reward-
related information for RL learning.

Experiments
Experimental Setup
To evaluate our approach under realistic and challenging
vision-based environments, we employ the CARLA sim-
ulator (Dosovitskiy et al. 2017), which is a widely used
open-source simulator for autonomous driving (Liang et al.
2018; Xu et al. 2024; Huang et al. 2023a). CARLA pro-
vides a rich and realistic urban environment to evaluate
autonomous driving agents in various traffic scenarios. As
shown in Fig. 6, we evaluate our method in three traffic sce-
narios: the HighBeam (HB) scenario, where the ego-vehicle
encounters a cyclist, JayWalk (JW) scenario, where the ego-
vehicle encounters both stationary and moving pedestrians
intermediately and HighWay (HW) scenario, where the ego-
vehicle is driving on an eight-lane highway with numerous
vehicles traveling in the same direction. Similar to (Zhang
et al. 2020; Fan et al. 2021), the reward function can encour-
age the agent to avoid crashes with other moving and static
objects and travel as long as possible. We set the single cam-
era on the ego-vehicle’s roof with a view of 60-degree.

Our method is implemented based on SAC (Haarnoja
et al. 2018) and DeepMDP (Gelada et al. 2019). The same
encoder network architecture and training hyperparameters
are adopted for all comparative methods. The spatial resolu-
tion of the input RGB images is 128× 128× 3. All methods
are trained for 110k frames using 5 random seeds to report
the mean and standard deviation of the rewards. And more
details can be found in the attached supplementary material.

Besides the autonomous driving scenario, we also con-
ducted experiments on DMControl (Tassa et al. 2018), with
the results included in the appendix.

Baselines. We consider the following baseline methods
for comparison: 1) SAC (Haarnoja et al. 2018), a widely-
used RL algorithm based on α-discounted maximum en-
tropy; 2) Flare (Shang et al. 2021), a multi-frame visual

Figure 6: Visualization of the CARLA scenarios, where the
left column is JW, the middle column is HB, and the right
column is HW.

RL method that utilizes temporal information through la-
tent vector differences. 3) CURL (Laskin, Srinivas, and
Abbeel 2020), which integrates contrastive learning with
model-free RL with minimal changes to the architecture
and training. 4) DrQ (Yarats, Kostrikov, and Fergus 2021),
built upon the SAC by adding a convolutional encoder and
data augmentation in the form of random shifts. 5) Deep-
MDP (Gelada et al. 2019), a latent model of an MDP and
has been trained to minimize two tractable losses: predict-
ing the rewards and predicting the distribution of the next
latent states. 6) Simoun (Huang et al. 2023b), a dual-stream
visual RL method that extracts appearance and motion in-
formation, and enhances representations through interaction
and intrinsic rewards.

This is a first-person view image 
from an autonomous driving 
scenario. Please list the objects 
in the image that are relevant to 
the driving of the ego vehicle. 
The driving goal of the ego 
vehicle is to move forward 
without changing lanes. List 
objects such as vehicles, 
obstacles, buildings, etc., using 
the format: position + color + 
object (e.g., "front-left white 
car").

This is a first-person view image 
from an autonomous driving 
scenario. The ego vehicle's 
driving goal is to go straight 
without changing lanes, but the 
current driving control signal is 
{turn right}. Is this reasonable? 
Please respond with yes, no, or 
unable to determine.
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Front center Red and white Van
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Determination for Selective Replay 

Figure 7: The input prompts for the VLM.

Overall Performance
We compare Semore with benchmarks and the results are
shown in Tab. 1. It can be observed that our method out-
performs all other methods in terms of the episode reward.
The average driving distance is farther than other methods
and the average crash intensity is lower. In particular, the
observed improvements over Simoun emphasize the effec-
tiveness of VLM in guiding representation learning. Note
that our method did not achieve the best driving smoothness
with a higher average brake and steer value. Combining the
driving distance and crash intensity, this is likely because
the comparative methods did not make appropriate obsta-
cle avoidance decisions based on specific objectives. This is
particularly evident in scenarios with higher traffic density.
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Scen. Metrics SAC CURL Flare DrQ DeepMDP Simoun Ours

JW

Episode reward ↑ 103±72 112±81 136±52 97±59 146±48 168±79 201±54
Distance (m) ↑ 143±58 128±61 123±68 109±39 132±53 208±74 233±66

Crash intensity ↓ 4633±184 3829±153 2974±171 3013±187 2627±98 2382±103 2043±98
Average steer (%) ↓ 15.40 14.79 12.53 13.29 10.88 13.69 13.91
Average brake (%) ↓ 2.06 2.83 2.27 2.02 1.95 2.80 2.86

HB

Episode reward ↑ 73±62 86±67 82±54 93±71 101±45 104±66 123±60
Distance (m) ↑ 86±43 96±57 92±56 91±64 112±59 128±61 163±52

Crash intensity ↓ 4850±153 4145±193 3692±133 3511±176 2921±102 2604±109 2418±103
Average steer (%) ↓ 15.53 14.20 12.13 12.97 10.14 13.56 13.03
Average brake (%) ↓ 2.43 3.11 2.94 2.81 2.57 3.06 3.08

HW

Episode reward ↑ 126±24 134±19 138±29 167±23 182±35 268±30 316±33
Distance (m) ↑ 102±17 137±35 114±22 108±29 129±22 202±22 263±17

Crash intensity ↓ 3870±98 3122±104 2548±91 2487±98 2153±76 1816±63 1671±56
Average steer (%) ↓ 17.03 15.89 12.28 15.95 10.56 15.10 14.24
Average brake (%) ↓ 1.84 2.56 1.82 1.63 1.54 2.14 2.13

Table 1: Quantitative results of different models for driving policies. ( ↑ indicates that larger is better while ↓ means opposite. )

When the number of objects on the road increases, the ego-
vehicle must take action to alter its current state for obstacle
avoidance. Fig. 8 visualizes the computed interaction feature
masks using Equation 7 of the HW scenario.

Figure 8: Visualization of the feature masks.

Ablation Study
Effectiveness of Components. To validate the contribution
of each component, we incrementally incorporate individ-
ual components of the framework and obtain a series of
models labeled M1 to M4. Specifically, M1 utilizes solely
the semantic-stream branch for decision-making without the
supervision of explicit similarity loss. In M2, the semantic
and motion branches are employed, and the features from
both streams are directly concatenated to feed into the policy
learning. Both M3 and M4 utilize VLM-generated features
as explicit supervision of semantic representation. M3 lever-
ages semantic supervision to align to the knowledge-aware
representations in terms of Eq. 5. M4 builds upon M3 by
incorporating motion supervision and interaction.

Tab. 2 shows the performance of each model. It is clear
that M1 degrades to a conventional multi-frame input visual

RL, while M2, by decoupling semantic and motion informa-
tion, enhances the representation extraction capability. This
demonstrates the effectiveness of dual-stream design. With
the guidance of the VLM, M3 achieves significant perfor-
mance improvements. However, due to its inability to ef-
fectively integrate motion information, and considering the
highly dynamic nature of the scenes, its obstacle avoidance
capability improves only marginally compared to M2.

Metrics
Model M1 M2 M3 M4

JW Distance(m) 127 163 174 233
Intensity 3420 2582 2471 2043

HB Distance(m) 76 119 137 163
Intensity 3846 2673 2549 2418

HW Distance(m) 146 203 238 263
Intensity 3073 1940 1886 1671

Table 2: Effect of components in Semore.

Conclusion
In this paper, we propose Semore, a novel framework
that enhances representation learning for visual reinforce-
ment learning by distilling knowledge-aware supervision
from VLMs. By leveraging VLM guidance in both seman-
tic and motion pathways, Semore enables more expressive
and discriminative representations without introducing ex-
plicit fusion modules. Through decoupled semantic align-
ment and motion enhancement with semantic–motion inter-
action, VLM knowledge is effectively transferred into the
encoders. Extensive experiments across diverse and chal-
lenging scenarios demonstrate that Semore consistently out-
performs state-of-the-art methods, highlighting the effec-
tiveness of VLM-guided representation learning for visual
RL. In future work, we aim to extend the proposed frame-
work to real-world scenarios.
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