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Abstract

End-to-end (E2E) autonomous driving methods still strug-
gle to make correct decisions in interactive closed-loop
evaluation due to limited causal reasoning capability. Cur-
rent methods attempt to leverage the powerful understand-
ing and reasoning abilities of Vision-Language Models
(VLMs) to resolve this dilemma. However, the problem is
still open that few VLMs for E2E methods perform well
in the closed-loop evaluation due to the gap between the
semantic reasoning space and the purely numerical tra-
jectory output in the action space. To tackle this issue,
we propose ORION, a hOlistic E2E autonomous dRiving
framework by vIsion-language instructed actiON genera-
tion. ORION uniquely combines a QT-Former to aggregate
long-term history context, a Large Language Model (LLM)
for driving scenario reasoning, and a generative planner for
precision trajectory prediction. ORION further aligns the
reasoning space and the action space to implement a unified
E2E optimization for both visual question-answering (VQA)
and planning tasks. Our method achieves an impressive
closed-loop performance of 77.74 Driving Score (DS) and
54.62% Success Rate (SR) on the challenge Bench2Drive
datasets, which outperforms state-of-the-art (SOTA) meth-
ods by a large margin of 14.28 DS and 19.61% SR.

1. Introduction
End-to-end (E2E) autonomous driving has witnessed sig-

nificant advancements in recent years. Classic E2E meth-

ods [9, 19, 26, 69, 72] integrate perception [28, 44, 68], pre-

diction [8, 16, 51], and planning [18, 45] modules through

multi-task learning, as shown in Fig. 1(a). These meth-

ods optimize driving trajectories by imitating expert demon-
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Figure 1. The comparison of different E2E paradigms. Our

ORION framework establishes the differentiable connection be-

tween reasoning and action space via the generative planner.

strations, achieving promising performance in the open-

loop evaluation [7, 55]. Nevertheless, these methods lack

the common sense to complete complex causal reasoning.

As a result, they struggle with comprehensive closed-loop

benchmarks [24] that require autonomous decision-making

and dynamic environmental interactions. Recently, Vision-

Language Models (VLMs) [1, 11, 40, 59] have accumulated

rich world knowledge and aligned vision-language space

between the vision encoder [46, 67] and Large-Language

Models (LLMs) through the large-scale data training, pro-

viding new insight for achieving E2E autonomous driving.

Leveraging VLMs for E2E autonomous driving is not

trivial since VLM’s ability exists in the reasoning space,

while E2E methods only need the numerical planning re-

sults in the action space. Although some convenient meth-

ods [20, 75] leverage VLM output trajectories by fine-
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tuning private models [3] or by employing discrete spe-

cial tokens, these approaches essentially still perform text

classification tasks. Besides, limited by the intrinsic autore-

gressive mechanism of VLMs, the trajectories these method

output lack diversity [54], which is inconsistent with the

natural uncertainty of human planning [9]. Therefore, di-

rectly using VLM for E2E autonomous driving may pro-

duce suboptimal solutions in complex scenes [65]. Other

methods endeavor to bridge the gap via utilizing VLM out-

put meta-action (e.g., turn left) to assist classic E2E meth-

ods [27, 41], as shown in Fig. 1(c). They adopt a carefully

crafted interface to transmit the reasoning space informa-

tion into the action space. However, this paradigm decou-

ples these two spaces, hindering collaborative optimization

between the trajectory optimization and the VLM reasoning

process. Thus, the capabilities of VLM for E2E planning

are not fully leveraged by the above framework.

To tackle this problem, we propose a hOlistic E2E

autonomous dRiving framework by vIsion-language in-

structed actiON generation, termed ORION. Inspired by

the field of conditional generation [29, 39, 48, 49], where

the semantic information controls the generation of detailed

image features, we find that the generative model can con-

struct a unified distribution of diverse types of data (e.g., im-

age, text). Therefore, considering that the reasoning space

of VLM and the action space of trajectory belong to differ-

ent domains, we introduce a generative planner to establish

a unified latent representation for aligning the two spaces.

With the help of the introduced module, we take advantage

of VLMs’ reasoning information to construct trajectory, fa-

cilitating the model to capture the causal relationship be-

tween scene information and driving behavior.

Furthermore, it is well-known that long-term memory

is necessary for E2E autonomous driving since histori-

cal information often influences trajectory planning within

the current scene. Existing VLMs for E2E methods [20,

65] typically concatenate multi-frame images for temporal

modeling. They are constrained by the token length of VLM

and incur significant computational overhead. Instead, mo-

tivated by OmniDrive [61], which extracts features through

Q-Former-styled architecture, we introduce QT-Former, a

query-based temporal module. Besides focusing on the in-

formation of the objects in the scene, we also consider the

long-term context of the scene. By leveraging a memory

bank and a set of history queries, QT-Former effectively

stores and extracts essential historical scene information to

aggregate long-term visual context, further enhancing the

temporal perception ability of reasoning and action space.

We evaluate the closed-loop driving ability of ORION on

the Bench2Drive dataset, which builds interactive scenar-

ios based on the CARLA [12] simulator. ORION achieves

77.74 Driving Score (DS) and 54.62% Success Rate (SR),

surpassing previous SOTA methods [25] with 14.28 driving

scores and 19.61% success rates, demonstrating the power-

ful superiority of ORION.

The benefits of ORION are from three aspects: 1)

Thanks to the capability of the generative model to char-

acterize the latent distribution of data, we bridge the gap

between the reasoning space of VLM and the action space

of trajectories through a generative planner, enabling the

VLM to understand the scene and instruct trajectory gen-

eration. 2) The QT-former in ORION effectively captures

long-term temporal dependencies, enabling the model to in-

tegrate temporal vision context into reasoning and action

spaces. 3) Without bells and whistles, ORION achieves ex-

cellent performance in the Bench2Drive closed-loop bench-

mark. Experiments also show that ORION is compatible

with diverse generative models, which further demonstrate

the flexibility of our proposed framework.

2. Related work

2.1. End-to-End Autonomous Driving
End-to-end autonomous driving (E2E-AD) [64, 70] aims

to directly process raw sensor data to predict motion tra-

jectories and control signals, jointly optimizing the entire

system to minimize error accumulation. Recent works like

UniAD [19] and VAD [26] integrate perception and motion

prediction into a unified planning framework. VADv2 [9]

introduces probabilistic planning, outputting the probabilis-

tic distribution of action and sampling one action to con-

trol the vehicle. GenAD [72] and DiffusionDrive [33] em-

ploy the generative model to predict multi-modal trajectory.

However, these methods mainly excel in open-loop evalua-

tion, where the model could readily overfit to the ego status,

as highlighted in Ego-MLP [66] and BEV-Planner [32]. Al-

though some studies [9, 22, 23, 72] adopt closed-loop eval-

uation in CARLA [12] to assess robust driving ability, their

performance remains suboptimal, revealing a notable gap

between their open-loop and closed-loop results. Thus, we

aim to construct an E2E-AD system with strong consistency

between open-loop and closed-loop performance.

2.2. Vision-Language Models (VLMs)
Recently, Vision-Language Models (VLMs) [1, 3, 11, 31,

36, 59] have extended large language models (LLMs) [40,

57] to multiple modalities using various vision en-

coders [46, 67], demonstrating strong vision contextual un-

derstanding and reasoning. LLaVA series [36, 37] introduce

the visual instruction tuning to perform image-text align-

ment, while Monkey [31] improves detail comprehension

by dividing images. InternVL series [10, 11] further en-

hances the vision detail understanding via a dynamic reso-

lution strategy. However, most methods map the visual fea-

ture into language space through MLP, incurring high com-

putational costs due to numerous image tokens. To alleviate
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Figure 2. The pipeline of our ORION, a holistic E2E framework aligning vision-reasoning-action space. It consists of three key compo-

nents: a QT-Former to extract long-term context and link the vision space of the vision encoder and LLM’s reasoning space; the LLM for

performing textual tasks and predicting a planning token; and a generative planner that bridges reasoning and action space for generating

a multi-modal trajectory conditioned by the planning token.

this burden, QwenVL [4] and Flamingo [2] reduce token

redundancy using cross-attention, while Qwen2VL [59] en-

hances efficiency with dynamic resolution and multimodal

rotary position embedding (M-RoPE) for simultaneously

processing diverse modalities.

Many works [6, 63, 73] have explored VLMs for down-

stream tasks, while ORION combines VLMs with genera-

tive planners for autonomous driving.

2.3. VLM for End-to-End Autonomous Driving
VLMs showcase excellent contextual understanding, com-

prehensive world knowledge, and impressive generaliza-

tion, motivating their application in autonomous driving.

Some methods [20, 61, 65] directly employ VLMs for en-

vironment perception and explainable trajectory prediction

in text form. For example, Omnidrive [61] adopts Stream-

PETR [60] as Q-Formar3D to compress current scene fea-

tures and performs trajectory prediction through LLM’s text

prediction. EMMA [20], trained on large-scale data, en-

ables Gemini [3] to predict discrete textual planning with

strong open-loop performance. Other studies [27, 56] inte-

grate VLMs with representative E2E models in a fast-slow

dual system. DriveVLM [56] leverages VLM to predict the

low-frequency trajectory, which will be refined by an E2E

model. Senna [27] further replaces the low-frequency with

the meta-action, guiding the VAD [26] to predict motion.

These methods only implement the open-loop evaluation.

Although DriveMLM [62] and LMDrive [50] leverage the

VLM to implement closed-loop evaluation, they struggle

with processing complex scenarios limited by the simple

CARLA Town05Long benchmark.

In contrast, we propose a holistic E2E framework that

employs a generative planner to bridge the reasoning space

of VLM and the action space of trajectories, enabling inter-

pretable driving decisions and precise trajectory generation
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Figure 3. The detailed architecture of QT-Former. It accepts di-

verse queries and image features as inputs to detect traffic ele-

ments, predict motion, and aggregate long-term vision context.

in complex real-world scenarios of Bench2Drive.

3. Method
In this paper, we present ORION. As shown in Fig. 2,

ORION first encodes the image tokens with a vision en-

coder. Then, a QT-Former (Sec. 3.1) leverages diverse

queries to aggregate long-term vision context and perceive

traffic elements. The LLM (Sec. 3.2) subsequently com-

bines the vision features with user instructions to generate

a planning token. Finally, a generative planner (Sec. 3.3)

bridges reasoning and action space, predicting a multi-

modal trajectory conditioned by the planning token.

3.1. QT-Former
To compress and extract multi-view image features Fm de-

rived from the vision encoder while achieving long-term

information modeling, we introduce QT-Former, a query-

based temporal module, as shown in Fig. 3. Specifically,
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following Q-Former3D [61], we first set up two types of

learnable queries, the scene queries Qs ∈ R
Ns×Cq and the

perception queries Qp ∈ R
Np×Cq , where Ns and Np are the

number of scene and perception queries, respectively, and

Cq is the channel of queries. Qs, Qp are processed through

self-attention (SA) to exchange their information. Then

they interact with image features Fm with 3D positional en-

coding [38] Pm in the cross-attention (CA) module. After

that, the perception queries are fed into the multiple auxil-

iary heads for object detection(e.g., objects and map), traffic

state (e.g. traffic signs, traffic lights, and whether the traf-

fic light affects the ego vehicle), and motion prediction of

dynamic agents. The scene queries serve as tokens repre-

senting the key information of the current scene.

Additionally, we employ a set of history queries Qh ∈
R

Nh×Cq and a long-term memory bank M ∈ R
(Nh×n)×Cq

to efficiently retrieve and store essential historical scene in-

formation (e.g., preceding road conditions and traffic light

status), where Nh is the number of history queries and n is

the maximum history frame length. We utilize the Qh to ex-

tract the former frame queries in M with relative timestamp

embedding Pt through a CA block. Then Qh interacts with

current scene features Qs in another CA block, enabling

the extraction of relevant details about the current scenario.

This process can be formulated as:

Qh = CA(Qh,M + Pt,M + Pt),

Q̂h = CA(Qh, Qs, Qs),
(1)

where Pt denotes the relative timestamp embedding.

Subsequently, the updated history queries Q̂h are stored

in the memory bank M following the First-In-First-Out

(FIFO) replacement policy, formulated as:

M = [Q̂t−n
h , · · ·, Q̂t−1

h , Q̂t
h], (2)

where t is the current frame time, n is the stored frame

length of M .

Although some methods [52, 60] also leverage the mem-

ory bank to store preceding information, they typically per-

ceive all or one-step compressed vision features of the cur-

rent frame. Instead, we initialize a few numbers of the his-

tory queries to further extract the current compressed scene

information, reducing the storage burden while enhancing

long-term scene understanding ability.

Finally, we leverage two-layer MLP to convert the up-

dated history queries Q̂h and current scene features Qs to

corresponding history tokens xh and scene tokens xs in the

reasoning space of LLM.

3.2. Large Language Model
The LLM is pivotal to our framework because the high-

quality reasoning of the current driving scenario is neces-

sary to instruct the generator to generate a reasonable and

correct trajectory generation in action space. As shown in

Fig. 2, the user instruction Xq , including scene description,

history information review, scene analysis, and action rea-

soning, is first encoded into language tokens xq ∈ R
L×C

by the text tokenizer, where L is the token length and C is

the dimension of LLM. Then, the scene tokens xs and his-

tory tokens xh are combined with the language tokens xq

and fed into LLM. Leveraging its abundant world knowl-

edge and outstanding reasoning ability, LLM performs hi-

erarchical text-based reasoning tasks in the driving scenario.

Meanwhile, we design a planning QA template with a spe-

cial planning token s for LLM as the final QA to accumulate

the understanding and reasoning context of the entire driv-

ing scenario to the s, formally written as:

s ∼ p(s | xs, xh, xq, xa), (3)

where xa denotes the generation answer of LLM. The em-

bedding of the planning token s will serve as a condition to

control the trajectory generation.

To compensate for the lack of high-quality VQA an-

notations within closed-loop simulation to train LLMs for

comprehensively understanding driving scenarios, we ex-

tend the Bench2Drive dataset via a fully automatic VQA an-

notation pipeline powered by Qwen2-VL [59] and propose

our VQA dataset for close-loop simulation driving scenario

Bench2Drive, Chat-B2D. We provide detailed information

on Chat-B2D and its annotation pipeline in the Appendix.

3.3. Generative Planner
Generative models [15, 29, 49] can achieve deep representa-

tion learning of data distributions through latent space con-

struction, effectively capturing critical features and intrinsic

correlations within data. Recent researches [5, 39, 48] have

demonstrated semantic correlations between latent spaces

of different modalities, where adjusting the distribution pa-

rameters of one modality space enables precise control over

the generation process of another modality space.

Inspired by the generative domain, we introduce a gen-

erative planner to bridge the gap between the reasoning and

action space. Specifically, we formulate the current trajec-

tory a in action space as a conditional probability distribu-

tion p(a | s), where s is the planning token. To construct

p(a | s), there are many excellent methods in the gener-

ation field (e.g., variational autoencoders (VAE) [29] and

diffusion model [49]).

As there are essential differences in the distribution be-

tween the reasoning space of VLM and the action space

of trajectory, we use the VAE [29] model to align them in

the Gaussian distribution. We employ two-layer MLPs to

project both the state s and the ground-truth trajectory t into

Gaussian variables z in the latent space, denoted as:

p(zs|s) ∼ N(μs, σ
2
s), p(zt|t) ∼ N(μt, σ

2
t ), (4)
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where N(μ, σ2) denotes a Gaussian distribution with a

mean of μ, and standard deviation of σ. We then use

Kullback-Leibler divergence loss to enforce distribution

matching, represented as:

Lvae = DKL(p(z|s), p(z|t)). (5)

We then use the GRU decoder in GenAD [72] to de-

code the trajectory from the latent space z. Significantly,

the functions of VAE in this paper are not the same as VAE

of GenAD. The former only uses a single token encoded

in the reasoning space from the perspective of the ego ve-

hicle as input, aiming to bridge the gap between reasoning

space and action space. The latter leverages the features of

all agents encoded in the BEV space as input, designed to

learn specific patterns of the highly structured trajectories

of both the ego vehicle and other agents.

Additionally, we also attempt to replace the VAE with al-

ternative generative models, such as the diffusion model for

trajectory generation. Benefiting from the proposed method

that bridges the gap between the reasoning and action space

through distribution learning in latent space, our framework

still demonstrates superior performance compared to other

methods (detailed in Sec. 4.5).

3.4. Training Objectives
For the detection task of the proposed QT-Former, the de-

tection loss is defined as Ldet = Lcls + Lreg , where Lcls

is focal loss [35] and Lreg is L1 loss. For the traffic state

and motion prediction, the losses are defined as Ltra and

Lm = Lmcls + Lmreg , respectively, where Ltra and Lmcls

are focal loss, and Lmreg is L1 loss. The total loss of QT-

Former is:

Lqt = Ldet + Ltra + Lm. (6)

For the LLM, we leverage the auto-regressive cross-

entropy loss Lce. For the Generative Planner in our frame-

work, Lvae is the Kullback-Leibler divergence loss used

to align the reasoning space and action space. Following

VAD [26], we adopt the collision loss Lcol, boundary loss

Lbd, and MSE loss Lmse for the planning prediction. The

total loss of generative planner is:

Lgp = Lvae + Lmse + Lcol + Lbd. (7)

In summary, total loss of the proposed ORION is:

L = Lqt + Lce + Lgp. (8)

The loss weight follows [26, 60, 72] without special design.

4. Experiments
4.1. Dataset and Evaluation Metrics
Dataset. We train and evaluate ORION on the Bench2drive

dataset [24], a closed-loop evaluation protocol under

CARLA V2 [12] for E2E autonomous driving. It provides

an official training set where we use the base set (1000 clips)

for fair comparison with all the other baselines, which is di-

vided into 950 clips for training and 50 clips for open-loop

validation. Each clip captures approximately 150 meters

of continuous driving within a specific traffic scene. For

closed-loop evaluation, we evaluate the proposed method on

the official set of 220 short routes designed by Bench2drive,

spanning 44 interactive scenarios with 5 routes per scenario.

Additionally, we compare our method with other baselines

on nuScenes [7] open-loop evaluation (details in Appendix).

Evaluation Metrics. Bench2drive includes five metrics for

closed-loop evaluation: Driving Score (DS), Success Rate

(SR), Efficiency, Comfortness, and Multi-Ability. The Suc-

cess Rate quantifies the proportion of routes successfully

completed within the allotted time. The Driving Score fol-

lows CARLA [12], incorporating both route completion sta-

tus and violation penalties, where infractions reduce the

score via discount factors. Efficiency and Comfortness are

used to measure the speed performance and comfort of the

autonomous driving system during the driving process, re-

spectively. Multi-Ability measures 5 advanced skills inde-

pendently for urban driving. For open-loop evaluation, we

use the L2 distance error and the collision rate. Addition-

ally, we use CIDEr [58], BLEU [42], and ROUGE-L [34]

to evaluate the performance of ORION on VQA tasks.

4.2. Implementation Details
Model Setting. Consistent with classic E2E baselines [19,

26, 72] on Bench2Drive, ORION is a fully HD map-free

method that only uses the Navigation Command (NC) as an

input condition for the trajectory predictions rather than lo-

cations of lane center (i.e., target point, TP). ORION is an

anchor-free method that outputs 6 mode trajectory predic-

tions corresponding to the 6 NC defined in Bench2Drive.

Training Process. All experiments are conducted on 32

NVIDIA A800 GPUs with 80 GB of memory. Following

Omnidrive [61], we adopt EVA-02-L [13] as the vision en-

coder. Vicuna v1.5 [71] is employed in ORION and fine-

tuned using LoRA [17], with the rank dimension and alpha

set to 16. The default number of scene, perception, and his-

torical queries are 512, 600, and 16, respectively. We set the

Memory Bank’s stored frame number n to 16. During train-

ing, data augmentations are applied to input images, which

are first resized to a resolution of 640× 640. More training

details are provided in the Appendix.

4.3. Main Results
As reported in Tab. 1, the performance of ORION signif-

icantly exceeds all end-to-end methods on Bench2Drive,

even the method with expert feature distillation. Specif-

ically, ORION surpasses the latest SOTA method Drive-

Transformer [25] by +14.28 DS and +19.61% SR. It also
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Table 1. Closed-loop, Open-loop and Multi-Ability Results of E2E-AD Methods in Bench2Drive under base set. C/L refers to cam-

era/LiDAR. Avg.L2 is averaged over the predictions in 2 seconds under 2Hz, similar to UniAD. * denote expert feature distillation. Ref:

Reference, Con: Condition, Mod: modality, NC: navigation command, TP: target point, DS: Driving Score, SR: Success Rate, Eff: Effi-

ciency, Com: Comfortness, M: Merging, O: Overtaking, EB: Emergency Brake, GW: Give Way, TS: Traffic Sign.

Method Ref Con Mod
Closed-loop Open-loop Ability (%) ↑

DS↑ SR(%)↑ Eff.↑ Com.↑ Avg.L2 (m) ↓ M O EB GW TS Mean

TCP* [64] NeurIPS 22 TP C 40.70 15.00 54.26 47.80 1.70 16.18 20.00 20.00 10.00 6.99 14.63

TCP-ctrl* NeurIPS 22 TP C 30.47 7.27 55.97 51.51 - 10.29 4.44 10.00 10.00 6.45 8.23

TCP-traj* NeurIPS 22 TP C 59.90 30.00 76.54 18.08 1.70 8.89 24.29 51.67 40.00 46.28 34.22

TCP-traj w/o distillation NeurIPS 22 TP C 49.30 20.45 78.78 22.96 1.96 17.14 6.67 40.00 50.00 28.72 28.51

ThinkTwice* [23] CVPR 23 TP C 62.44 31.23 69.33 16.22 0.95 27.38 18.42 35.82 50.00 54.23 37.17

DriveAdapter* [22] ICCV 23 TP C&L 64.22 33.08 70.22 16.01 1.01 28.82 26.38 48.76 50.00 56.43 42.08

AD-MLP [66] arXiv 23 NC C 18.05 0.00 48.45 22.63 3.64 0.00 0.00 0.00 0.00 4.35 0.87

UniAD-Tiny [19] CVPR 23 NC C 40.73 13.18 123.92 47.04 0.80 8.89 9.33 20.00 20.00 15.43 14.73

UniAD-Base [19] CVPR 23 NC C 45.81 16.36 129.21 43.58 0.73 14.10 17.78 21.67 10.00 14.21 15.55

VAD [26] ICCV 23 NC C 42.35 15.00 157.94 46.01 0.91 8.11 24.44 18.64 20.00 19.15 18.07

GenAD [72] ECCV 24 NC C 44.81 15.90 - - - - - - - - -

MomAD[53] CVPR 25 NC C 44.54 16.71 170.21 48.63 0.87 - - - - - -

DriveTransformer-Large [25] ICLR 25 NC C 63.46 35.01 100.64 20.78 0.62 17.57 35.00 48.36 40.00 52.10 38.60

ORION (Ours) - NC C 77.74(+14.28) 54.62(+19.61) 151.48 17.38 0.68 25.00 71.11 78.33 30.00 69.15 54.72(+16.12)

achieves improvements of +13.52 DS and +21.54% SR over

DriveAdapter [22], even if DriveAdapter distills the expert

feature from Think2Drive [30] and accepts two modalities

(i.e., camera and LiDAR) inputs. The above promising re-

sults effectively demonstrate the superiority of our ORION.

Additionally, the Multi-Ability results are also illus-

trated in Tab. 1. ORION achieves +16.12% and +12.64%

performance improvements compared with DriveTrans-

former [25] and DriveAdapter [22] in the average abil-

ity, respectively. Specifically, our model demonstrates out-

standing performance in some scenarios, such as Overtak-

ing (71.11%), Emergency Brake (78.33%), and Traffic Sign

(69.15%), which shows that our model benefits from the

powerful reasoning capability of VLM to understand the

causal interaction between the ego vehicle, dynamic ele-

ments and static elements (Traffic Signs) in driving scenar-

ios. On the other hand, our model falls behind DriveAdapter

in Merging and Give Way, which shows that ORION is not

good at making lane-changing decisions. The phenomenon

may be caused by the more diverse decision-making timing

for lane-changing, making the model encounter difficulties

in capturing the correct causal relationship [22].

4.4. Qualitative Results

The qualitative results of ORION in two canonical close-

loop evaluation scenarios of Bench2Drive are shown in

Fig. 4. It shows both the driving action reasoning and tra-

jectory prediction outputted by our model, as well as the

corresponding ego-vehicle states. We observe that ORION

can capture the correct causal relationship in the scenario

and make correct driving decisions, then predict the plan-

ning trajectory following the reasoning instruction, demon-

strating the surprising interpretability of our method. More

qualitative results can be found in the Appendix.

4.5. Ablation Study

Advantages of the vision-language instructed action
generation. To validate the effectiveness of the plan-

ning generation paradigm proposed in this paper, exten-

sive experiments are conducted to compare our paradigm

with canonical trajectory prediction paradigms of VLM-

based autonomous driving methods, including (a) plain

text outputs [20, 61], (b) dual system (e.g. VAD [26])

outputs guided by elaborated design VLM interface (e.g.

meta-action) [27], and (c) special token decode outputs by

MLP [47], as shown in the left part of Fig. 5. To ensure the

fairness of the ablations, experiments of different paradigms

use the same sensor inputs, vision encoder, QT-former, and

VLM as our ORION and are trained by the same strategy.

Only the output formats of VLMs are adjusted according to

the requirements of different paradigms.

The results are illustrated in the right part of Fig. 5. The

plain text paradigm performs the worst (42.23 DS, 13.14%

SR, and 15.39% mean ability), indicating the limitations

of plain text output in closed-loop driving scenarios, po-

tentially due to its inadequate numerical reasoning capa-

bilities [14, 43]. Compared with the plain text paradigm,

the dual-system paradigm only obtains a slight performance

improvement. Note that the reproduced results of the dual-

system paradigm are very close to the official results of

VAD in Tab. 1. The results may indicate that the perfor-

mance of the dual-system paradigm may be bottlenecked

by the insufficient capabilities of classic E2E methods. Al-

though the effectiveness of the MLP decoder paradigm has
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You should keep and lanefollow. … 
car directly in front of the ego 
vehicle, which may require to 
maintain a safe following distance.

You should decelerate and 
lanefollow. … the pedestrian 
crossing the street, requiring a 
reduction in speed to ensure safety.

You should decelerate and 
lanefollow. … the pedestrian 
crossing the street, requiring a 
reduction in speed to ensure safety. 

You should accelerate and lane 
follow. The decision to accelerate is 
influenced by the current speed and 
clear lane for travel.

You should keep current speed and 
follow the lane. …the front car is 
moving at a similar speed, suggesting 
a steady flow of traffic. 

You should keep and lanefollow.
The decision is influenced by the red 
traffic light ahead, which requires 
the ego vehicle to come to a 
complete stop.

You should keep your current speed 
and turn left. … is based on the 
current traffic conditions and the 
absence of immediate obstacles or 
hazards. 

You should decelerate and turn left.
The decision is influenced by the 
proximity of the bicycle ahead.

You should accelerate and turn left.
The decision is based on the current 
slow speed of the ego vehicle and the 
need to gain momentum before 
turning.

You should keep and turn left. The 
decision is based on the absence of 
immediate obstacles or traffic 
signals requiring a change in speed.

Figure 4. Qualitative results of ORION on the Bench2Drive closed-loop evaluation set. The brown, red, and green refer to the action

decision, the objects that influence driving decisions, and the prediction trajectory, respectively.
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Figure 5. Advantages of the vision-language instructed action gen-

eration. DS and SR denote Driving Score and Success Rate sepa-

rately. VAD [26] is a classic E2E model.

been validated in CarLLava [47], our paradigm still shows a

performance gain of +7.01 DS, +9.5% SR, and +6.28% av-

erage ability. The results may be caused by the fact that the

MLP is the simplest way to align features between different

spaces, which is consistent with the viewpoint presented in

this paper. Additionally, the MLP-decoder struggles with

handling multi-modal trajectory [9, 21], making it still sig-

nificantly lag behind ORION in closed-loop evaluation.

Analysis on different generative planners. We then inves-

tigate the effect of employing different generative planners

to bridge the reasoning-action space. Specifically, we im-

plement the diffusion model by simply replacing the VAE,

which uses K-means trajectory anchors as prior informa-

tion and outputs 20 mode trajectory predictions. The results

are listed in Tab. 2. Note that VAE-based trajectory gener-

Table 2. Ablation on diverse generative planner. DS and SR denote

Driving Score and Success Rate separately.

Generative
Planner

Closed-loop Open-loop Ability

DS↑ SR(%)↑ Avg. L2 (m) ↓ Avg. col (%)↓ Avg.

Diffusion 71.97 46.54 0.73 0.96 46.68

VAE (Ours) 77.74 54.62 0.68 0.47 54.72

ation demonstrates a significant performance improvement

over the diffusion-based. We argue the main reasons are as

follows: 1) Compared with the conditional denoising pro-

cess of diffusion, the latent space of VAE more directly

and effectively aligns the reasoning information of VLM

to the multi-modal action space. 2) The training process

of VAE is inherently more stable, facilitating better align-

ment between the reasoning and action spaces. Surpris-

ingly, even using diffusion, ORION still surpasses the Driv-

eTransformer in Tab. 1 by +8.51 DS, +11.53% SR, and

+8.08% average ability. This impressive result emphasizes

the effectiveness and flexibility of our framework.

Effectiveness of QT-Former designs. Tab. 3 shows the

detailed ablations of each design in the introduced QT-

Former. By leveraging explicit traffic state supervision

(ID-2), ORION achieves 74.65 DS and 49.31% SR, which

already outperforms DriveAdapter [22] and DriveTRans-

former [25] by a large margin and makes an improve-

ment of +18.32 and +23.26% compared with the base-
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Table 3. Ablation on QT-Former designs in different frameworks.

DS and SR denote Driving Score and Success Rate separately.

Traffic state means using explicit traffic state supervision. T: Plain

Text, G: Instructed Generator

ID Traffic
State

Motion
Pred.

Memory

Bank

Output type Closed-loop

T G DS ↑ SR(%) ↑
1 � 56.33 26.05

2 � � 74.65 49.31

3 � � � 74.07 49.77

4 � � � � 77.74 54.62

5 � 25.45 10.38

6 � � � � 42.23 13.14

Table 4. Ablation of history queries number. DS and SR denote

Driving Score and Success Rate separately.

Query Num. Nh
Closed-loop Open-loop

DS ↑ SR(%) ↑ Avg. L2 (m) ↓ Avg. col (%)↓
0 65.10 38.83 0.67 0.61

8 68.09 39.09 0.66 0.62

16 74.10 44.66 0.68 0.55

32 62.46 37.73 0.65 0.73

line (ID-1). This is because a better understanding of

traffic signals helps ORION directly reduce infractions in

closed-loop evaluation. It is worth noting that due to the

causal confusion [22], it’s not trivial for previous methods

to fully understand the corresponding causal relationships

by simply introducing traffic state supervision, especially

when encountering mixed expert behaviors before traffic

signs [22, 23, 25, 64]. This result also proves that ORION

can better utilize the reasoning ability of VLM to capture

the causal relationship between scene information and driv-

ing behavior by aligning reasoning space and action space.

This conclusion also can be verified by the results in Tab. 1,

where ORION shows a significant advantage in traffic sign

ability (+17.05%) compared to previous E2E methods [25].

Then, we combine the motion prediction module in the

QT-Former’s perception head, which gains a slight im-

provement of +0.4% SR and further reduces the collision

rate. The slight degradation on DS may be caused by the

trade-off between DS and SR in the CARLA benchmark

protocol [74]. Involving a memory bank into QT-Former

and supervised by QA pairs about historical information

leads to an increase of +3.67 DS and +4.85% SR and boosts

the final performance to 77.74 DS and 54.62% SR, which

demonstrates our model can benefit from the long-temporal

memory of vision tokens.

We also apply QT-former to the plain text output type.

By leveraging its design, we improve the model’s perfor-

mance by 16.78 DS and 2.78% SR over the baseline (ID-

5). Meanwhile, with the same QT-former designs, our

ORION framework achieves further improvements of 35.51

Table 5. Effectiveness of auxiliary VQA task training. DS and SR

denote Driving Score and Success Rate separately. C/B/R refers

to CIDEr/BLEU/ROUGE-L. FT: Fine Tuning

ID
VQA

FT

Planning

FT

Closed-loop Language Open-loop

DS ↑ SR(%) ↑ C↑ B↑ R↑ Avg. L2 (m) ↓
1 � - - 65.65 50.82 77.65 -

2 � 74.10 44.66 - - - 0.68

3 � � 77.74 54.62 65.77 52.49 77.58 0.68

DS and 41.48% SR compared with the plain text output

mode, demonstrating the effectiveness of our approach.

Influence of history queries number. We conduct ablation

experiments to further study the influence of the historical

token number. Here, to accelerate the training process, we

only train the model by the planning trajectory and history

QA pairs without other auxiliary VQA tasks. The results

are detailed in Tab. 4. Increasing the historical query num-

ber Nh from 0 to 8 brings a significant performance boost

around 2.99 DS and 0.26% SR. Further increasing Nh from

8 to 16 leads to the sweet point that achieves the best per-

formance of 74.10 DS and 44.66% SR. However, enlarging

Nh from 16 to 32 shows a significant performance degra-

dation. We argue that introducing more historical queries

hinders the VLM from capturing the current frame features

and latent space optimization in the generative planner.

Influence between VQA task training and planning task
training. As shown in Tab. 5. The model cannot obtain both

reasoning and planning capabilities with single-task train-

ing. Surprisingly, when we train on two tasks simultane-

ously during training, ORION achieves better performance

in both planning and language metrics compared to single-

task training. Specifically, the multi-task training leads to

improvements of +3.64 DS and +9.66% SR in the planning

task, as well as a performance gain of +0.98 CIDEr, +2.56

BLEU, and +0.92 ROUGR-L in the VQA tasks. Further-

more, the results also validate the high quality and validity

of the Chat-B2D dataset produced by our auto-pipeline.

5. Conclusion

This paper focuses on the challenge of aligning the reason-

ing space of VLM with the action space in E2E autonomous

driving. This dilemma hinders existing methods from si-

multaneously understanding driving scenarios and generat-

ing high-quality multimodal trajectories. To tackle this, we

introduce ORION, a holistic end-to-end autonomous driv-

ing framework by vision-language instructed action genera-

tion. By leveraging the proposed QT-Former and generative

planner, we effectively bridge the vision-reasoning-action

space. Extensive experiments show that ORION outper-

forms SOTA methods in closed-loop planning, demonstrat-

ing its effectiveness and flexibility.
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