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Abstract

Recent advancements in language-grounded autonomous
driving have been significantly promoted by the sophisti-
cated cognition and reasoning capabilities of large lan-
guage models (LLMs). However, current LLM-based ap-
proaches encounter critical challenges: (1) Failure analy-
sis reveals that frequent collisions and obstructions, stem-
ming from limitations in visual representations, remain pri-
mary obstacles to robust driving performance. (2) The
substantial parameters of LLMs pose considerable deploy-
ment hurdles. To address these limitations, we introduce
VLDrive, a novel approach featuring a lightweight MLLM
architecture with enhanced vision components. VLDrive
achieves compact visual tokens through innovative strate-
gies, including cycle-consistent dynamic visual pruning and
memory-enhanced feature aggregation. Furthermore, we
propose a distance-decoupled instruction attention mech-
anism to improve joint visual-linguistic feature learning,
particularly for long-range visual tokens. Extensive ex-
periments conducted in the CARLA simulator demonstrate
VLDrive’s effectiveness. Notably, VLDrive achieves state-
of-the-art driving performance while reducing parameters
by 81% (from 7B to 1.3B), yielding substantial driving score
improvements of 15.4%, 16.8%, and 7.6% at tiny, short,
and long distances, respectively, in closed-loop evaluations.
Code is available at https://github.com/ReaFly/
VLDrive.

1. Introduction
Autonomous driving has experienced significant develop-
ment in recent years, evolving from modular and segre-
gated design to integrated end-to-end networks [10, 15, 26,
29, 46]. However, these networks still rely on specific in-
puts such as target points or action commands to guide their
driving behaviors, significantly constraining the interaction
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Figure 1. (a) Existing methods for language-grounded driving. (b)
Our proposed VLDrive: a novel framework featuring a lightweight
MLLM architecture with enhanced vision components. (c) Driv-
ing failure analysis of existing methods based on three evaluation
runs. (d) Performance comparison between VLDrive and both ver-
sions of LMDrive, highlighting our method’s superior driving per-
formance with fewer parameters.

with humans and applicability in real-world scenarios.
The emergence of large language models (LLMs) [18,

33, 49, 50] has catalyzed a revolution in autonomous driv-
ing. Impressed by their advanced cognition and logical rea-
soning capabilities, a multitude of studies have integrated
LLMs into autonomous driving systems and achieved note-
worthy results [28, 37, 38, 41]. Among them, LMDrive [28]
successfully achieves human-friendly language-grounded
autonomous driving, where vehicle behaviors are solely
guided by natural language instructions (see Fig. 1(a)), sig-
nificantly enhancing human-vehicle interaction.

However, despite remarkable advancements, these ap-
proaches encounter significant practical deployment chal-
lenges, characterized by suboptimal driving performance
and excessive computational parameters. To address these
issues, we conduct a thorough investigation of driving fail-
ure cases in current approaches, coupled with performance
analysis across different LLM scales, yielding two crit-
ical insights: 1) Deficiencies in visual comprehension

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

5923



are the predominant cause of driving failures. We an-
alyze the failure cases of existing language-grounded au-
tonomous driving models and identify two primary causes:
instruction misunderstanding, manifested as the agent
deviating from the route; and visual misunderstanding,
characterized by failures due to collisions or blocks in-
volving vehicles or layouts. The results in Fig. 1(c) re-
veal that limitations in visual comprehension frequently
emerge as a critical factor contributing to driving task fail-
ures. 2) Driving performance does not scale linearly with
LLM’s parameter count. Through comprehensive evalua-
tions across three benchmarks, we compare the full-scale
LMDrive (7B parameters) with its lightweight counterpart,
LMDrive-LiteLM (1.3B trainable parameters). As demon-
strated in Fig. 1(d), LMDrive-LiteLM achieves compara-
ble driving performance despite its significantly reduced pa-
rameter count. These findings strongly suggest that massive
parameter scales in LLMs may not be a critical prerequisite
for achieving superior driving performance. The insights
derived from these analyses illuminate the path toward de-
veloping a parameter-efficient yet high-performing alterna-
tive for language-grounded driving applications.

Building on these considerations, in our work, we pro-
pose VLDrive, a vision-augmented lightweight language
model for efficient language-grounded autonomous driv-
ing, as showcased in Fig. 1(b). We enhance the model’s
visual comprehension by drawing inspiration from human
driving competencies, focusing on two key aspects: pri-
oritized attention allocation to sparse but critical agents
and objects, and temporal trajectory memory for behavioral
sequence prediction. These enhancements are achieved
through our proposed Cycle-consistent Dynamic Visual
Pruning (CCDP) and Memory-enhanced Feature Aggrega-
tion (MEFA) mechanisms. Specifically, CCDP framework
consists of token sparsification and training-only token re-
construction. The sparsification mechanism enables adap-
tive selection of critical visual tokens and dynamic adjust-
ment of token count based on driving scenario complex-
ity. The reconstruction process preserves information in-
tegrity by explicitly recovering features of pruned tokens,
enabling robust visual perception while minimizing com-
putational overhead. Additionally, MEFA incorporates a
memory bank of adjacent frames to capture temporal depen-
dencies, providing critical temporal cues for visual feature
enhancement.

Furthermore, we introduce a Distance-decoupled In-
struction Attention (DDIA) mechanism to enhance instruc-
tion comprehension capabilities of lightweight language
models. This design stems from our observation that in-
creasing numbers of long-range visual tokens may dilute
instruction attention (see Fig. 6), potentially leading to
instruction misunderstanding. DDIA alleviates this is-
sue and enhances joint visual-linguistic feature learning

and alignment, resulting in more accurate trajectory plan-
ning. Extensive closed-loop experiments conducted on the
CARLA [6] simulation platform demonstrate the effective-
ness of our proposed method, surpassing state-of-the-art ap-
proaches by 15.4%, 16.8% and 7.6% in driving scores at
tiny, short and long distances, respectively.

To summarize, our contributions are as follows:
• We identify that visual comprehension deficiencies con-

stitute the primary bottleneck in language-grounded driv-
ing, with performance scaling non-linearly with language
model size. This observation motivates our proposed
paradigm: a lightweight language model enhanced by
vision-augmented strategies, which simultaneously re-
duces computational overhead and improves driving per-
formance, facilitating practical deployment.

• We propose VLDrive, a lightweight architecture en-
hanced with vision-centric strategies for language-
grounded driving. The framework incorporates CCDP for
adaptive visual signal extraction and MEFA for temporal
information integration. Additionally, DDIA facilitates
visual-language alignment for robust navigation instruc-
tion following. These complementary strategies collec-
tively enable more reliable autonomous driving.

• We evaluate our approach through closed-loop simula-
tion experiments on standard language-grounded driv-
ing benchmarks using the CARLA platform. VLDrive
achieves state-of-the-art performance while using signifi-
cantly fewer parameters.

2. Related Work

2.1. End-to-End Autonomous Driving
Early end-to-end autonomous driving methods can be
mainly divided into two categories: imitation learning [4,
8, 42] and reinforcement learning [2, 16, 32, 47]. Subse-
quently, benefiting from the robust feature modeling capa-
bilities of the Transformer [36], researchers introduced ad-
ditional modalities to provide complementary information
for autonomous driving [24, 29, 45]. For example, Trans-
fuse [24] uses Transformer to merge features from RGB
and LiDAR bird’s eye view (BEV) images to enhance the
global comprehension of 3D scenes. InterFuse [29] im-
proves the security and interpretability of the model by di-
rectly presenting its intermediate features and limiting ac-
tions to specified safe sets. In recent years, modular end-to-
end planning approaches [1, 10, 26] have gained increased
attention, where all components are connected and jointly
optimized towards the ultimate goal, further improving the
driving performance.

2.2. LLMs in Autonomous Driving
As LLMs continue to evolve and flourish, an increas-
ing number of researchers are incorporating them into au-
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tonomous driving tasks, broadening the scope and capabil-
ities of these systems. Among them, a notable strand of
research [22, 23, 30] employs LLMs for driving-related vi-
sual question answering, providing enhanced interpretabil-
ity for driving decisions. Another line of work seeks to
fully exploit the powerful logical reasoning capabilities of
LLMs to fundamentally transform the research paradigm
in autonomous driving tasks [5, 7, 20, 21]. Specifically,
GPT-Driver [20] feeds LLM with observations and ego-
states as language prompts and generates a planned trajec-
tory and corresponding decision-making process in a nat-
ural language format. Agent-Driver [21] builds an LLM-
powered agent, capitalizing on a tool library, a cogni-
tive memory, and a reasoning engine for human-like au-
tonomous driving. Recently, LLMs have been extended to
visual modality successfully, making it possible for LLMs
to understand the visual information of autonomous driv-
ing. Chen et al. [3] introduces a multimodal LLM to
process vectorized numeric modalities data and produce
driving-related question answers as well as action deci-
sions. DriveGPT4 [41] curates a visual instruction tun-
ing dataset for interpretable autonomous driving, taming
LLM to generate text responses and low-level control sig-
nals. Further, based on the CARLA simulation platform,
many studies [28, 37, 38] delve deeper and perform closed-
loop evaluation driven by LLMs directly. For instance, LM-
Drive [28] takes multi-modality data and navigation instruc-
tions as input, achieving language-grounded driving and en-
hanced interaction with humans. Despite the impressive
performance powered by LLMs, their considerably heavy
parameters pose significant deployment challenges. In this
work, we demonstrate that a lightweight language model
can effectively respond to instructions and execute driving
tasks through efficient visual representation extraction and
strengthened vision-language alignment.

2.3. Token Reduction

Transformer has achieved substantial performance im-
provements across a range of tasks, yet it faces criticism
for its quadratic computational costs relative to the num-
ber of input tokens. To tackle this issue, numerous studies
focus on reducing token counts [12, 25, 39, 40]. For in-
stance, DynamicViT [25] adaptively prunes redundant to-
kens at different Transformer layers to achieve token spar-
sification. SPVit [12] introduces an attention-based multi-
head token selector with a soft pruning strategy. Unlike di-
rect pruning methods, this approach consolidates selected
redundant tokens into a single package token, enhancing
efficiency while preserving essential information. In the
LLM era, token reduction is also a crucial strategy to re-
duce the heavy computation costs [13, 14, 27, 50]. Most
existing works utilize Q-former [13] to aggregate visual fea-
tures into a fixed number of tokens [13, 43, 50]. LLaMa-

VID [14] leverages average pooling followed by a learn-
able projector to compress the video frame representation.
LLaVA-PruMerge [27] proposes an adaptive token selec-
tion via outlier detection, paired with a cluster-based merg-
ing strategy to supplement the information of pruned tokens
to kept ones. Distinct from prior approaches, we present
a cycle-consistent dynamic pruning strategy that integrates
token reconstruction with token sparsification at the train-
ing phase. This design not only enables more representative
token selection but also ensures that the retained tokens ag-
gregate fine-grained global visual information.

3. Method

3.1. Overview
This task aims to predict driving actions by leveraging se-
quences of multi-sensor data and corresponding human nav-
igation instructions. As shown in Fig. 2, our method follows
the common framework of a multi-modal large language
model (MLLM) and comprises three main components:
Visual Encoder: Given a sequence of visual data {Xi, i =
1, 2, ..., T}, where each frame Xi includes multi-view cam-
era images and corresponding LiDAR data. A visual en-
coder processes these multi-modal inputs to produce a uni-
fied feature representation Fi ∈ RN×C for each frame, with
N representing the total number of tokens.
Connector: As a bridge to align visual features with the
language space, the connector plays a remarkable role in
MLLM. To endow our model with adaptive visual percep-
tion and long-context modeling capability, as illustrated in
Fig. 3, we tailor cycle-consistent dynamic visual pruning
(CCDP), consisting of token sparsification and reconstruc-
tion, and memory-enhanced feature aggregation (MEFA)
for the connector, significantly enhancing the visual repre-
sentation. We denote the improved features of each frame
by the connector as Fv

i ∈ RNv×Ct , where Ct is the lan-
guage model’s hidden dimension.
Lite Language Model: A lightweight language model, en-
hanced by our proposed distance-decoupled instruction at-
tention (DDIA), is utilized to process the combination of vi-
sual tokens of all frames, Fv ∈ RNvT×Ct and correspond-
ing text embedding Ft ∈ RNt×Ct tokenized from naviga-
tion instructions. A following MLP leverages features from
the language model and predicts the future trajectory, which
is subsequently converted by PID controllers to produce the
lateral steering action and the longitudinal acceleration ac-
tion. We detail each component in the following subsec-
tions.

3.2. CCDP: Token Sparsification
Given the i-th frame’s multi-modal features Fi, as in Dy-
namicViT [25], we predict the probabilities for pruning and
retaining each token. Specifically, the probabilities are cal-
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Figure 2. An overview of our proposed VLDrive framework. Given a sequence of visual data, our connector transforms each frame’s
raw visual features Fi into sparse yet informative representations Fv

i through two key components: CCDP: Token Sparsification and
Memory-enhanced Feature Aggregation (MEFA). Subsequently, a lite language model augmented with Distance-decoupled Instruc-
tion Attention (DDIA) jointly processes tokenized navigation instructions Ft and temporal visual features Fv = {Fv

i | i = 1, . . . , T}.
The resulting hidden representations are fed into an MLP for trajectory prediction, followed by PID controllers that translate these predic-
tions into concrete driving actions. Additionally, we incorporate CCDP: Token Reconstruction as a training-only auxiliary task to further
strengthen visual information integrity of Fv

i via explicit token reconstruction.

culated based on the combined global and local features
[Gi;Li], which are obtained by MLP(·) operations:

Li = MLP(Fi) ∈ RN×C
2 (1)

Gi = Avg(Li) ∈ R1×C
2 (2)

where Avg(·) is average operation. Another MLP is utilized
to predict the probability Si, and [·;·] denotes concatenation
with broadcast mechanism:

Si = Softmax(MLP([Gi;Li])) ∈ RN×2 (3)

In our implementation, we leverage Gumbel-Softmax to ob-
tain the binary mask:

Mi = Gumbel-Softmax(Si)∗,1 ∈ {0, 1}N (4)

where Mi denotes the token retention masks. As shown in
Fig. 3, the kept tokens Fk

i selected based on Mi are deliv-
ered to the Memory-enhanced Feature Aggregation mod-
ule, which is detailed in the next subsection.

3.3. Memory-enhanced Feature Aggregation
Temporal reasoning is integral to our everyday driving sce-
narios. Human drivers can deduce the likely future direc-
tion or intentions of an approaching vehicle by analyzing
its historical trajectory, and subsequently tailor their driv-
ing actions. To attain autonomous driving that matches the
safety and reliability of human driving, we explicitly inject
the temporal context into the current visual tokens. Specif-
ically, for the current time step i, we introduce a memory

bank storing the adjacent Z frames from the current one, de-
noted as Bi = [Fi−Z ,Fi−Z+1, ...,Fi−1], Bi ∈ RZ×N×C .
Temporal encoding TEi is derived by an MLP utilizing the
historical average data and current frame information:

Bavg
i = Avg(Bi) ∈ RN×C (5)

TEi = MLP([Fi;B
avg
i ]) (6)

Afterwards, a query transformer (Q-former) [13] is intro-
duced to aggregate the features of current frames enhanced
by temporary encoding:

Fv
i = Q-Former(Fk

i ,Fi +TEi) (7)

In contrast to the original Q-former, we implement two
key modifications: 1) Instead of using learnable queries, we
utilize the retained visual tokens Fk

i as queries to probe and
aggregate features. These retained tokens serve as signif-
icant anchors within the current frame, allowing for more
effective feature aggregation. 2) We introduce a temporary
embedding TEi to the original visual features Fi, which
enhances the model’s ability to focus on temporary-salient
moving objects.

Finally, the generated Fv
i serves as part of the aggre-

gated visual tokens across all frames, Fv , which is then
fed into the subsequent language model for trajectory pre-
diction based on the corresponding navigation instructions.
Additionally, we incorporate CCDP: Token Reconstruc-
tion as a training-only auxiliary task to further strengthen
visual information integrity via explicit token reconstruc-
tion.
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Figure 3. A detailed illustration of our proposed connector. CCDP: Token Sparsification and Memory-enhanced Feature Aggregation
are proposed to reduce token count while enhancing information density. CCDP: Token Reconstruction serves as a training-only task
that further ensures the information integrity of the retained tokens. Red arrows (→) indicate the input and output paths of our connector.

3.4. CCDP: Token Reconstruction
Through memory-enhanced feature aggregation, the gener-
ated Fv

i ideally encapsulates all visual features of the cur-
rent frame. To further enhance the connector’s ability to
select critical visual tokens and aggregate complete infor-
mation, we expect to reconstruct features of those pruned
tokens based on Fv

i . Firstly, we add the enhanced tokens
Fv

i into the original features Fi according to their origi-
nal token positions, forming a new feature vector denoted
as ⟨MLP(Fv

i ),Fi⟩, where an MLP function is used to align
the dimensions of Fv

i and Fi. Secondly, drawing inspiration
from the Masked Autoencoder [9], a learnable embedding
e ∈ RN×C is introduced as a foundation for reconstructing
the pruned tokens. Finally, we construct the input feature
vector to be reconstructed through the following formula:

Frec
i = ⟨MLP(Fv

i ),Fi⟩ ·Mi + e · (1−Mi) (8)

In this way, we incorporate the decision Mi into the compu-
tational graph of feature reconstruction, enabling the recon-
struction loss to influence pruning decisions and compelling
the model to retain the most critical tokens. Afterwards, a 4-
layer Transformer block takes as input Frec

i and predicts the
reconstructed results F̂rec

i . A cycle consistency constraint
(Eq. 11) is imposed to ensure that the retained tokens Fv

i

preserve the integral information of the current video frame.

3.5. Distance-decoupled Instruction Attention
We introduce a lightweight language model for efficient
autonomous driving, reducing both the number of param-
eters and computational resource requirements. Further-
more, distance-decoupled instruction attention (DDIA) is
tailored for our lite language model, significantly alleviating
the attention dilution for navigation instructions in the long-
context driving scenarios. Specifically, as shown in Fig. 4,

our proposed DDIA diverges from the traditional vanilla at-
tention in two key aspects:
1): Causal-attention → Self-attention: Rather than adher-
ing to the original causal setting, our self-attention within
instructional segments allows each text token to access
ample contextual information, thereby producing a more
comprehensive representation of text features.
2): Distance-dependent → Distance-decoupled: In con-
temporary research on LLM, position encoding (e.g.
RoPE [31]) is recognized as a critical ingredient to explic-
itly inject positional information into input tokens and en-
hance the model’s contextual modeling capabilities. How-
ever, position encodings may introduce challenges, partic-
ularly in long-range driving scenarios. As historical visual
data accumulates, the distance between current visual to-
kens and instructional tokens increases. The feature dis-
parity introduced by position encoding may negatively im-
pact the attention sensitivity of visual tokens to instruction
ones, resulting in trajectory predictions that deviate from the
specified instructions. To address this problem, inspired by
[19], we maintain the distance-dependent attention within
the unimodal text or visual tokens, but make the cross-
modal attention between instructions and visual tokens un-
affected by the position encoding. Specifically, with V and
I denoting the sets of visual and instruction tokens, taking
the j-th position as an example, our DDIA is defined as:

DDIA(Q,K,V)j =

∑
ki∈I

sim(R(qj), R(ki))vi∑
ki∈I

sim(R(qj), R(ki))
, if qj ∈ I,

=

∑
ki∈I

sim(qj ,ki)vi +
∑

ki∈{V|<j}
sim(R(qj), R(ki))vi∑

ki∈I
sim(qj ,ki) +

∑
ki∈{V|<j}

sim(R(qj), R(ki))
, if qj ∈ V

(9)

where R(·) denotes RoPE position embedding,
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Figure 4. A detailed illustration of our proposed Distance-
decoupled Instruction Attention (DDIA).

sim(qj ,ki) = exp(qT
j ki/

√
d) and {V |< j} repre-

sents the causal subset within visual tokens.

3.6. Objective Function
The full training objective for i-th frame consists of two
parts, formulated as follows:

L = Lway + Lcyc, (10)

here, Lway supervises trajectory prediction by minimizing
the L1 norm between predicted and ground-truth paths [28],
while Lcyc facilitates our model to select the most discrimi-
native tokens and aggregate more representative visual fea-
tures, which is composed of two adversarial losses:

Lcyc = λ1Lprun + λ2Lrec (11)

Lprun = (R− 1

N

N∑
j=1

Mij)
2 (12)

Lrec =

N∑
j=1

(1−Mij)(Fij − F̂rec
ij )2 (13)

Lprun restricts the ratio of kept tokens to our pre-defined
value R, and Lrec reconstructs pruned tokens from kept
ones after memory-enhanced feature aggregation. λ1 and
λ2 balance the weights of two loss items. Mij , Fij and
F̂rec

ij denote the j-th element of Mi, Fi and F̂rec
i , respec-

tively.

4. Experiments
4.1. Experiment Settings
Datasets. We train our model on the official language-
driven autonomous driving dataset [28], which includes
64K instruction-following data clips collected across 8
towns on CARLA [6] simulation environment. Each clip
not only equips multi-sensor input data (multi-view camera
images and LiDAR data), but also introduces aligned navi-
gation instructions in the natural language format.

Implementation Details. We adopt the visual encoder
in LMDrive [28], producing 106 visual tokens (N=106)
and kept it fixed during training. Two configurations of
lightweight language models are integrated into our frame-
work: LLaMA* (a 4-layer lite version of LLaMA [34]) and
TinyLLaMA [44]. The hype parameters R determining the
ratio of kept tokens and Z denoting the number of stored
adjacent frames in the memory bank are set to 0.3 and 10,
respectively. λ1 and λ2 in the loss function (Eq. 11) are
configured to 10 and 1. More details are provided in the
Supplementary Material.

Evaluation Metrics. As in LMDrive [28], we eval-
uate our model on three benchmarks, categorized by
route length: LangAuto (>500m), LangAuto-Short
(150m–500m) and LangAuto-Tiny (<150m) and employ
route completion (RC), infraction score (IS), and driving
score (DS) to assess close-looped driving performance.
Specifically, route completion measures the extent to which
a specified route is completed. Infraction score quantifies
driving safety, starting from an ideal 1.0 base score and
decrementing proportionally in the event of collisions or
traffic rule violations. Driving Score is calculated as the
product of RC and IS, offering a comprehensive evaluation
of overall performance.

4.2. Comparisons with LLM-based Agents
We compare our VLDrive with LMDrive, a pioneer-
ing LLM-driven, closed-loop autonomous driving method,
across several distance benchmarks. Table 1 presents the
comparison results on the LangAuto benchmark. VLDrive
has approximately 81% fewer parameters yet demonstrates
superior driving performance compared to LMDrive, which
is equipped with various LLM configurations. Specifically,
VLDrive-LLaMA* achieves driving scores of 41.7% and
route completion rates of 52.6%, outperforming LMDrive
with LLaVA-v1.5 by 5.5% and 6.1%. This trend continues
on the LangAuto-Short and LangAuto-Tiny benchmarks, as
shown in Table 2, where VLDrive-LLaMA* attains driv-
ing scores of 63.6% and 78.4%, surpassing LMDrive by
13% and 11.9%. VLDrive-TinyLLaMA achieves new state-
of-the-art performance, boosting the DS score to 43.8%,
67.4%, and 81.9% on the LangAuto, LangAuto-Short, and
LangAuto-Tiny benchmarks, respectively.

4.3. Ablation Study
To investigate the impact of various components of our
method, we conduct comprehensive ablation studies on the
standard LangAuto benchmark. To reduce time costs and
enhance training efficiency, we randomly extract approxi-
mately 25% of the training data from each town, forming a
mini-training set for all ablation experiments. We present
the metrics from 3 evaluation runs.
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Table 1. Performance comparison of our method with LMDrive incorporated various LLM backbones on the LangAuto benchmark. We
present the metrics from 3 evaluation runs.

Method LLM Params LangAuto

(Total) DS ↑ RC ↑ IS ↑

LMDrive

Large Language Model
LLaMA [34] 7B 31.3±1.5 37.1±1.6 0.82±0.01

LLaMA2 [35] 7B 32.8±2.1 40.1±2.2 0.81±0.02
Vicuna [48] 7B 33.5±1.9 39.3±1.9 0.83±0.02

Vicuna-v1.5 [48] 7B 34.0±3.8 39.0±3.3 0.85±0.06
LLaVA-v1.5 [17] 7B 36.2±2.3 46.5±4.3 0.81±0.03

Lightweight Language Model
Phi-2 [11] 3B 22.3±0.1 28.9±1.0 0.82±0.02

TinyLLaMA [44] 1.3B 25.2±2.3 38.6±3.7 0.71±0.02

Ours LLaMA* 1.3B 41.7±1.8 52.6±2.5 0.81±0.02
TinyLLaMA [44] 1.3B 43.8±2.4 54.5±3.0 0.84±0.02

Table 2. Performance comparison of our method with LMDrive incorporated various LLM backbones on the LangAuto-Short and
LangAuto-Tiny benchmarks. We present the metrics from 3 evaluation runs.

Method LLM Params LangAuto-Short LangAuto-Tiny

(Total) DS ↑ RC ↑ IS ↑ DS ↑ RC ↑ IS ↑

LMDrive

Large Language Model
LLaMA [34] 7B 42.8±7.2 49.1±8.5 0.87±0.03 52.2±5.3 57.8±8.0 0.91±0.05

LLaMA2 [35] 7B 44.8±6.2 53.5±5.5 0.84±0.02 56.1±4.1 64.2±4.7 0.87±0.04
Vicuna [48] 7B 45.3±4.9 54.3±3.9 0.83±0.03 55.5±3.9 63.1±4.2 0.88±0.04

Vicuna-v1.5 [48] 7B 47.0±4.3 56.5±2.4 0.83±0.04 59.0±2.6 69.9±2.3 0.84±0.02
LLaVA-v1.5 [17] 7B 50.6±1.7 60.0±3.4 0.84±0.04 66.5±3.6 77.9±2.3 0.85±0.02

Lightweight Language Model
Phi-2 [11] 3B 48.0±3.6 55.2±4.1 0.87±0.01 56.3±4.9 68.2±3.9 0.82±0.04

TinyLLaMA [44] 1.3B 46.2±3.4 59.7±3.4 0.79±0.02 64.1±1.2 75.0±1.4 0.86 ±0.01

Ours LLaMA* 1.3B 63.6±4.1 77.6±4.1 0.81±0.06 78.4±4.6 85.6±2.4 0.91±0.04
TinyLLaMA [44] 1.3B 67.4±2.0 78.1±2.3 0.85±0.02 81.9±0.9 85.5±0.6 0.94±0.02

Effectiveness of Each Individual Component. As
shown in Table 3, we begin our ablation study from the
baseline, which utilizes LLaMA* as the trainable language
model and Q-Former [13] with learnable queries as the con-
nector. Our method improves the baseline by: (1) introduc-
ing CCDP to extract critical sparse tokens, (2) replacing the
vanilla Q-Former with our proposed MEFA module, and (3)
substituting the causal attention mechanism with our DDIA
module. The results in Table 3 validate the contribution of
each component, with their synergistic integration leading
to substantial improvements in driving performance.

Effectiveness of CCDP. We compare our CCDP ap-
proach with other token reduction strategies, including: 1)
Structural pooling, a token reduction technique based on
average pooling operations. 2) Dynamic pruning without
token reconstruction. We maintain a consistent token reten-
tion ratio across all methods. As shown in Table 4, bene-
fiting from the cycle-consistency constraints, CCDP is able
to extract the most critical visual information and conse-
quently achieves the highest driving scores. Fig. 5 further
illustrates the positive correlation between reconstruction
loss and trajectory prediction loss on the open-looped vali-
dation set, with a pearson correlation coefficient of 0.65.
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Table 3. Ablation studies of each individual component.

Method DS ↑ RC ↑ IS ↑
Baseline 30.0±0.8 46.2±3.5 0.69±0.03
Ours 39.8±1.7 49.1±1.8 0.83±0.02
w/o CCDP 35.5±3.8 45.3±3.5 0.78±0.02
w/o MEFA 35.9±0.8 46.9±1.3 0.81±0.02
w/o DDIA 36.3±1.3 47.0±1.0 0.81±0.02

Table 4. Ablation studies of various token reduction strategies.

Method DS ↑ RC ↑ IS ↑
Structural Pooling 33.6±2.4 45.8±4.3 0.78±0.06
Dynamic Pruning 36.3±2.6 48.0±2.3 0.76±0.03
CCDP (Ours) 39.8±1.7 49.1±1.8 0.83±0.02

Table 5. Ablation studies of different token retention ratios.

Retention Ratio (R) DS ↑ RC ↑ IS ↑
5% 33.4±0.4 45.1±3.2 0.77±0.03

10% 35.6±1.7 47.3±1.0 0.79±0.02
30% 39.8±1.7 49.1±1.8 0.83±0.02
50% 39.8±1.2 51.4±3.7 0.79±0.04

Table 6. Ablation of memory bank with different capacity.

Capacity (Z) DS ↑ RC ↑ IS ↑
5 37.1±1.9 49.1±0.5 0.80±0.01

10 39.8±1.7 49.1±1.8 0.83±0.02
20 38.3±3.0 49.9±2.6 0.81±0.02

Analysis of Token Sparsification. Table 5 demonstrates
that, retaining 30% of the visual tokens captures criti-
cal clues for autonomous driving. Further increment in
the number of tokens produces no significant performance
gains in driving scores.

Effectiveness of MEFA. As illustrated in Table 6, incor-
porating a memory bank provides essential temporal infor-
mation that aids in predicting the future trajectories and be-
haviors of the ego-car and other objects, thereby enhanc-
ing the reliability of autonomous driving. Furthermore, our
experiments indicate that a capacity of 10 adjacent frames
yields the most significant performance improvements.

Effectiveness of DDIA. Fig. 6 shows the visual compari-
son of attention maps generated by vanilla causal attention
and DDIA, where brighter colors indicate higher values. As
highlighted in the red dashed box, DDIA enhances atten-
tion to instruction tokens, enabling visual tokens to better

Figure 5. Correlation analysis between reconstruction and trajec-
tory prediction losses, revealing a significant positive relationship
(Pearson’s r = 0.65).

Instruction InstructionVisual tokens Visual tokens

Vanilla Attention DDIA (Ours)

Figure 6. Visual comparison of attention maps generated by the
language model equipped with vanilla causal attention and DDIA.
We aggregate the attention weights within the instruction segment
into the first four tokens for clearer visualization.

integrate instructional information and thus make more ac-
curate driving decisions.

5. Conclusion

In this work, we introduce VLDrive, a vision-enhanced,
lightweight model for language-grounded autonomous driv-
ing. To facilitate the practical deployment of autonomous
vehicles, we streamline the heavy LLM into a more
compact form while augmenting its visual modeling and
vision-language alignment. Specifically, we employ cycle-
consistent visual dynamic pruning to efficiently capture the
most salient visual information for each frame, and incorpo-
rate a memory-enhanced feature aggregation that enriches
critical temporal information to help the model comprehend
historical trajectories and infer future movements. Addi-
tionally, a distance-decoupled instruction attention strategy
is tailored for our lightweight language model, alleviating
the attention dilution to navigation instructions and boosting
the model’s instruction-following capability. Extensive ex-
periments demonstrate that our model, despite having sig-
nificantly fewer parameters, achieves superior and robust
driving performance across various benchmarks.
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