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Abstract

How can we benefit from large models without sacrific-
ing inference speed, a common dilemma in self-driving
systems? A prevalent solution is a dual-system architec-
ture, employing a small model for rapid, reactive decisions
and a larger model for slower but more informative anal-
yses. Existing dual-system designs often implement par-
allel architectures where inference is either directly con-
ducted using the large model at each current frame or
retrieved from previously stored inference results. How-
ever, these works still struggle to enable large models for
a timely response to every online frame. Our key insight
is to shift intensive computations of the current frame to
previous time steps and perform a batch inference of mul-
tiple time steps to make large models respond promptly to
each time step. To achieve the shifting, we introduce Ef-
ficiency through Thinking Ahead (ETA), an asynchronous
system designed to: (1) propagate informative features from
the past to the current frame using future predictions from
the large model, (2) extract current frame features using a
small model for real-time responsiveness, and (3) integrate
these dual features via an action mask mechanism that em-
phasizes action-critical image regions. Evaluated on the
Bench2Drive CARLA Leaderboard-v2 benchmark, ETA ad-
vances state-of-the-art performance by 8% with a driving
score of 69.53 while maintaining a near-real-time inference
speed at 50 ms. Code and checkpoints can be found here.

1. Introduction

Large models, including multimodal foundation models [5,

26] and vision foundation models with huge amount of pa-

rameters [6, 18], have been increasingly used in self-driving

because of their impressive perception and reasoning capa-

bilities [4, 9, 24, 36]. Due to the real-time demand of self-
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Figure 1. Comparison on Bench2Drive [13]. Our Base model

achieves the best performance across all metrics with a high la-

tency. By improving latency to 20 FPS, our Async model achieves

the second best in all metrics except Traffic Sign handling.

driving, inference-time speed becomes a critical concern

when using large models. For instance, the best-performing

models [11, 14] on the Bench2Drive closed-loop bench-

mark [13] currently have latencies in the order of hundreds

of milliseconds due to their large transformer structures,

which do not satisfy the real-time requirement. In this work,

we address the challenge of utilizing large models for self-

driving without compromising inference-time speed.

The efficiency bottleneck in large models has driven re-

searchers to develop dual approaches for embodied sys-

tems [3, 8, 20, 30, 37, 39], including self-driving [25, 32,

33, 41]. Inspired by the System-1 and System-2 frame-

work from cognitive science [16], these dual frameworks

utilize a small model for fast, reactive decisions and a large

model for slower, more thoughtful decisions. While the

dual approach facilitates the use of large models in on-

line systems, the inference results from these models in ex-

isting paradigms [33, 41] are often infrequently available.

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.
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Most outcomes are derived from immediate small model

inference coupled with delayed large model inference (See

Fig. 2). One potential solution for integrating large models

into every frame is to store the outputs of the large model

for complex cases in memory and retrieve relevant instances

as needed using the small model, as explored in prior re-

search [25]. However, managing an expanding memory

bank in dynamic environments poses a challenge and can be

difficult to generalize. In this paper, we manage to make the

inference of large models timely available for each frame.

Our key insight is to enable large models for online in-

ferencing every frame by an Efficiency through Thinking

Ahead (ETA) pipeline, shifting the time-consuming com-

putations of large models on the current frame to a previ-

ous time step, and performing a batch inference for multiple

frames on one time to trade space complexity for time com-

plexity, as shown in Fig. 2 (right). Consequently, each on-

line frame is processed using large models from prior time

steps, yielding outcomes that integrate both timely large

model inference and small model inference.

However, shifting the computation of the current time

step to a prior time step is non-trivial. As the information

of the current time step is not available in previous frames.

Our second novelty lies in updating the information from

the prior time step for invisible online time step through i)

propagating accurate information from the large model via

future prediction; ii) processing the current time step with a

small model to capture changes that are difficult to predict.

Furthermore, we encourage observations and predicted ac-

tions to align more closely in the feature space, enabling

the dual framework to function effectively. We design these

modules to be lightweight, with real-time consideration in

mind. Future prediction is supervised using the features of

the large model in the current time step, but only during

training, so the inference-time speed remains unaffected.

We evaluate the proposed ETA framework on the chal-

lenging Bench2Drive benchmark in the Leaderboard-v2 set-

ting. Our extensive experiments demonstrate that using the

large model asynchronously with the smaller model effec-

tively balances performance and latency (Fig. 1). The pro-

posed model demonstrates significant improvements over

baselines, achieving a Driving Score (DS) of 69.53, which

represents an improvement of 8.2% over the previous best

DS, particularly in complex scenarios such as merging,

overtaking, emergency braking, and yielding. Notably, the

dual model achieves these results with a latency of 50 ms,

the second lowest on the benchmark, following an MLP-

based model [38], which was used as a sanity check.

The contributions are summarized as follows:

1. We introduce a new ETA paradigm to benefit from large

models with real-time consideration;

2. We propose a dual framework with batched predictive

large model inference and timely small model adjust-

Typical Paradigm

Latency

Slow Fast

Our Paradigm

Forecast

Time Time

Figure 2. Comparison of Dual Approaches. Typically, dual-

system approaches accomodate the larger latency of the slow, low-

frequency model (red) by using the slow model predictions a frac-

tion of the time. The fast, high frequency model (green) outputs

predictions at every time step, incorporating the slow model’s out-

puts when available. In our approach, we batch and forecast in

order to benefit from the larger model at every time step.

ment to implement the ETA paradigm;

3. We achieve competitive results with (close to) real-time

performance in the closed-loop setting on the challeng-

ing Bench2Drive benchmark.

2. Related Work

2.1. Dual Approach to Embodied Systems

Autonomous Driving: Due to the large computational cost

of LLMs and VLMs, a dual approach similar to ours has re-

cently been explored for driving. DriveVLM-Dual [33] uses

a larger VLM running asynchronously with a smaller tradi-

tional modular pipeline for 3D perception and motion plan-

ning by refining coarse waypoints predicted by the VLM.

Despite being heavily optimized, 2B-parameter VLM takes

300ms to run, rendering closed-loop evaluation infeasible.

Given observations and high-level textual instructions, AD-

H [41] uses an LLM to output a higher level plan in the

form of mid-level driving commands, such as turn left, etc.,

and conditioned on that, a small LLM predicts low-level

waypoints. LeapAD [25] proposes a dual approach with

a heuristic system for fast decisions based on samples re-

trieved from a memory and a slow analytical system that

uses GPT4 for reasoning in the case of failures of the fast

part and then stores the corrected action in the memory.

In a dual paradigm, the frequency of querying large

model vs. small model is an important design decision, re-

sulting in a trade-off between accuracy and speed. Our work

distinguishes from prior works in that we enable utilization

26530



of relevant large model features at every time step. We pro-

pose an efficient dual framework with batched predictive

large model inference and timely small model adjustment.

Robotics: LLMs and VLMs are significantly welcomed

in the robotics domain to provide open-world reasoning [7,

43]. Very recent works resort to a hierarchical structure to

combine the large foundation models and low-level policy

networks as a dual framework to realize both instruction de-

composition and real-time control [29, 39]. Li et al. [20]

propose to encode observations to latents with a VLM in

low frequency and employ an action decoder conditioned

on the latents with high prediction frequency. Instead, Ro-

boDual [3] and Hi Robot [30] integrate different models for

the dual system, adopting vision-language-action models

for System-2 and System-1, respectively. This methodol-

ogy has also been successfully applied in industrial compa-

nies such as Figure AI [8], where generalized performance

and efficient deployment are achieved for whole upper-body

control of humanoid robots.

2.2. Recent Progress on CARLA

Closed-Loop Large Models on Leaderboard-v1: Ear-

lier autonomous driving frameworks utilizing large models

evaluate on Town05 [25, 34] or LAV benchmark [40] in

Leaderboard-v1 setting for closed-loop evaluation. These

approaches first process the input using a large encoder,

such as Qformer [34] or CLIP ViT [40], to tokenize the

scene or a VLM to create a textual description of the

scene [25] and then feed its output to an LLM/MLLM

to predict action. LangAuto, another benchmark used by

LLM/VLM-based agents [28, 41], provides a semi-closed-

loop evaluation but with predefined routes with explicit in-

structions as input instead of route waypoints.

Leaderboard-v2: Due to the challenging long scenarios

in CARLA Leaderboard-v2 , there are only a few submis-

sions, each scoring extremely low driving scores. The mod-

ular [41] or hybrid [17] approaches fall behind end-to-end

approaches. End-to-end imitation learning approaches re-

quire high-quality driving demonstrations from an expert.

There are two experts, i.e., with access to privileged data,

commonly used for data collection in the Leaderboard-v2

setting: Think2Drive [19], which is a model-based RL

agent, and PDMLite [2, 31], which is a rule-based plan-

ner. TransFuser++ [10], the best imitation learning agent in

Leaderboard-v1 , performs the second best in Leaderboard-

v2 using data collected by the PDMLite expert.

LLM4AD/CarLLaVA [27], the winner of the CARLA

Autonomous Driving Challenge 2.0, encodes the input with

LLaVA-Next and then feeds its output to an LLM to predict

action. Our base model is similar to LLM4AD/CarLLaVA

but is still far behind real-time constraints at 102 ms, which

is improved to 50 ms with our dual approach. As of Decem-

ber 2024, the CARLA leaderboard test server is temporarily

closed and does not accept submissions.

Bench2Drive Benchmark: Due to the difficulty of com-

paring methods without significant differences in driving

scores on challenging, long test routes of Leaderboard-v2,

Bench2Drive [13] creates a benchmark with short routes,

each focused on evaluating a distinct skill set. Several previ-

ous end-to-end driving methods are benchmarked by train-

ing on official training data collected by the Think2Drive

expert [19]. DriveTransformer [14] proposes a trans-

former framework with different types of attention, achiev-

ing SOTA performance on Bench2Drive; however, it still

has a high latency. Our dual framework achieves the best

results with significantly lower latency (Fig. 1). Recent

work [1, 42] reports results by collecting data from other

experts, creating an unfair comparison due to changes to

training data in terms of resolution, diversity, etc.

3. Methodology

3.1. Overall
In this work, we propose a dual system that leverages the

concept of shifting intensive computations of large models

from the current frame to previous frames. Additionally,

we introduce the asynchronous batch inference technique,

which performs feature extraction using large models across

multiple frames simultaneously, thereby trading space com-

plexity for time complexity. The integration of these two

approaches enables timely inference from large models for

every frame, effectively unleashing their potential in online

systems.

Predictive Large Model: The predictive large model is

specifically designed to transfer the computation of the cur-

rent frame to a previous time step. Given two RGB images,

It and It−Δ, captured Δ seconds apart, along with the cur-

rent speed vt and the target waypoints wt, our objective is

to predict the corresponding driving action at. This action

comprises a path made up of equidistant points and varying

distance waypoints, as in [27].

To accomplish this, we first introduce a base model that

employs a large encoder (Section 3.2), which, while ac-

curate, is inefficient in terms of processing time. Sub-

sequently, we develop our dual framework (Section 3.3),

which processes the two time steps asynchronously. This

method not only reduces latency but also retains the advan-

tages of utilizing a large model.

Asynchronous Batch Inference: The concept of asyn-

chronous batch inference is illustrated in Fig. 2. As demon-

strated, to facilitate the use of large models for every frame,

we parallelize the inference of previous frames to enable

large models for per frame. By simultaneously process-

ing multiple frames, we can significantly reduce the latency
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Figure 3. Overview of the Asynchronous (Async) Model. Our model processes two frames, Δ apart in time, using the large model

flarge for the previous frame It−Δ and the small model fsmall for the current frame It. Based on the previous frame’s features from the

large model, f lt−Δ, along with conditioning inputs ct and ât, we predict the current time-step features, f̂ lt . The action ât is then predicted

using the action model faction, which takes as input the forecasted features f̂ lt , the current frame’s features from the small model fst , and

the conditioning input ct. The forecasted features are supervised using the large model’s features at the current time step, f lt . Since this

supervision occurs during training alone, inference-time speed remains unaffected. Training-time computations are highlighted with gray

boxes. In addition to forecasting and action losses, we apply a mask loss to better align observations with actions.

burden typically associated with large models, as multiple

frames are processed at the same time, enabling more re-

sponsive and efficient online systems. This approach not

only optimizes resource utilization but also enhances the

overall performance of the predictive large model, ensuring

timely and accurate driving actions.

3.2. Base Large Model
By using a large model in all time steps, we can train a base

model to perform well but with high latency. This allows

us to explore the upper bounds of driving performance with

various large models if latency were not a concern.

For example, following the approach proposed by the

winner [27] of the CARLA Autonomous Driving Challenge

2.0, we can use a large vision encoder flarge, e.g. a VLM or

MLLM, to extract features from sensory input It at time t,
resulting in f lt . We then feed it to an action model faction to

predict action ât conditioned on ct, which is the concatena-

tion of speed vt and target waypoints wt at time t:

f lt = flarge(It), (1)

ât = faction(It, ct). (2)

Following LLaVA’s anyres [22, 23] approach, we divide the

image into two patches and then process them with the vi-

sion encoder. To reduce the number of output tokens, we

apply 2 × 2 spatial pooling, decreasing the token count by

a factor of 4. Despite this reduction, the best-performing

base models with a large encoder still fail to achieve a la-

tency close to real-time constraints.

Action Mask: When we visualized the attention maps, we

observed that the model struggles to focus on image patches

that are relevant to action. To better align the predicted ac-

tions with the observations, we compute attention between

patch features and the encoded queries corresponding to the

action. This process generates a mask, m̂t, showing the re-

gions of the input image toward which the ego vehicle is

likely to move (Fig. 4). We supervise this action mask with

the ground truth mask, which is obtained by projecting ex-

pert actions onto the image (Section 3.4).

3.3. Asynchronous (Async) Model
As illustrated in Fig. 3, we propose a dual framework with

a slow, large model flarge and a smaller, faster model fsmall.

Our small model is designed with real-time performance

in mind. However, large models with strong performance

typically exceed real-time constraints. To utilize the large

model without increasing latency, we process the input at a

previous time step t − Δ, rather than the current time step

t:
f lt−Δ = flarge(It−Δ). (3)

It−Δ denotes the input image at time t−Δ with the corre-

sponding features f lt−Δ obtained from the large model.

Forecasting: Given features f lt−Δ from the large model at

a previous time step, we train a model fforecast to predict fea-

tures at the current time step. Similar to a world model [21],

we condition this model on additional inputs, including the

action predicted, ât−Δ, and ct−Δ, which is the concatena-
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Figure 4. Action Mask. In the top row, we show two examples of

the RGB image with the path (purple) and waypoints (blue) pro-

jected onto it. Patches containing a path or waypoint are marked as

1 (yellow), and all other patches are marked as 0 (purple), creating

the binary mask, overlayed on the image below for visualization.

tion of speed vt−Δ and target waypoints wt−Δ:

f̂ lt = fforecast(f
l
t−Δ, ât−Δ, ct−Δ). (4)

The result of forecasting is the predicted features f̂ lt for the

current time step t.

Small Model: In addition to forecasting the features for the

current time step, we use the small model, fsmall, to process

the current input It, resulting in features fst :

fst = fsmall(It). (5)

The small model is designed to capture changes between

the previous and current time steps, particularly those that

are difficult to predict, such as a traffic light’s state or the

sudden appearance of a pedestrian.

Action Prediction: We concatenate the predicted fea-

tures f̂t from forecasting with the features fst from the small

model and provide them as input to the action model, faction,

along with the conditioning input ct, resulting in the pre-

dicted action ât:

ât = faction(f̂
l
t , f

s
t , ct). (6)

It is observed that the key to performance lies in forecasting

and the small model working together to efficiently update

past information from the large model to the current state.

3.4. Training

Action Loss: For the prediction of action, we apply an

L1 loss between the predicted actions and the expert action,

including the path and waypoints. Instead of directly pre-

dicting absolute positions, we learn to predict residuals. At

test time, we sum these residuals to reconstruct the original

waypoints. A similar approach is applied to the path tokens.

We find that this formulation stabilizes training compared to

directly regressing path and waypoint coordinates.

Action Mask Loss: To generate supervision for the ac-

tion mask, we project the expert action onto the input RGB

image using the camera parameters. Patches containing a

waypoint or path point are assigned a value of 1, while all

others are set to 0 (Fig. 4). We apply a binary cross-entropy

loss between the ground truth mask mt created this way and

the predicted mask m̂t.

The final loss of the base model is a weighted sum of the

two loss terms where λ1 = 1/16:

Lbase = Laction + λ1 Lmask. (7)

Async Model with Forecasting Loss: For the async

model, we optimize the predicted action loss and mask loss

as in the case of the base model (7), but the mask loss is

applied to the features of the small model in the async case.

Additionally, we introduce a forecasting loss, Lforecast, to

supervise the predicted features based on the large model’s

features from the previous time step. With the forecasting

loss, we aim to bring the predicted features closer to the

ground truth features extracted from the current time step

using the same large model. Specifically, we compute the

absolute difference between ground truth features f lt and the

predicted features f̂ lt from (4):

Lforecast(f
l
t , f̂

l
t) = |f lt − f̂ lt |. (8)

We stop gradients from flowing through the ground truth

features to prevent collapse. The weight of the mask loss re-

mains the same as in the base model, and we set the weight

of the forecasting loss to 0.5.

4. Experiments
4.1. Training Setting
We train all models for 40 epochs on 8× A100 GPUs. We

use CLIP-ViT-L-336px as the base large model encoder and

the first 8 layers of CLIP-ViT-L-336px as the small model

encoder, which we ablate in Supplementary. For the action

decoder, we use a 12-layer transformer decoder. We use the

base Adam optimizer with an initial learning rate of 3 ·10−5

and a cosine annealing schedule. The learning rate (LR)

resets 4 times before reaching the minimum LR near the

end of training. We set the global batch size to 160. For the

Async Model, we set Δ to 0.5s.

4.2. Evaluation Details

Data: The Bench2Drive [13] Benchmark comes with two

data splits collected using the Think2Drive RL agent [19].

The base split, which consists of 1000 routes, is used to

train and evaluate multiple models in the original paper
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Table 1. Comparison to SOTA on Bench2Drive. In addition to the existent baselines, we compare our method to the recent DriveTrans-

former [14], selecting the best-performing variant for each model. Both our base and async models outperform all prior arts, with the async

model achieving significantly lower latency with the proposed dual framework. Latency is reported in milliseconds.

Method DS↑ SR↑(%) Efficiency↑ Comfort↑ Latency↓
AD-MLP [38] 18.05 0.00 48.45 22.63 3

UniAD-Base [9] 45.81 16.36 129.21 43.58 663.4

VAD [15] 42.35 15.00 157.94 46.01 278.3

TCP-traj [35] 59.90 30.00 76.54 18.08 83

ThinkTwice [12] 62.44 31.23 69.33 16.22 762

DriveTransformer-Large [14] 63.46 35.01 100.64 20.78 211.7

DriveAdapter [11] 64.22 33.08 70.22 16.01 931

Base Model (Ours) 74.33±0.99 48.33±3.56 186.04±6.47 25.77±1.13 102

Async Model (Ours) 69.53±1.62 38.64±0.98 184.51±1.54 28.43±1.50 50

and following work. To maintain direct comparability to

the evaluated models, we only train on the base split and

do not use any additional data. We divide the data into a

94%-3%-3% training-validation-test split during our exper-

iments. Similarly to CarLLaVA [27], we create different

buckets containing different interesting scenarios, such as

turning, near-collision, or intersections. During training,

we use a weighted sampling approach to sample from the

buckets. Please see Supplementary for details.

Metrics: We report the Driving Score (DS) and Success

Rate (SR), along with Comfortness and Efficiency scores.

Additionally, we provide per-ability scores to assess the

model’s performance across different scenario categories.

Finally, we include the latency of each model in millisec-

onds (ms). For our main models, we report results averaged

over three runs with different seeds to account for variance

in initialization and closed-loop evaluation. We report re-

sults from a single seed for ablation studies.

4.3. Comparison to State-of-the-Art
In Table 1, we compare our method to other ap-

proaches, including the originally reported AD-MLP [38],

UniAD [9], VAD [15], TCP [35], ThinkTwice [12], and

DriveAdapter [11]. Note that we are unable to quantita-

tively compare to other dual approaches [25, 33, 41] due to

the lack of comparable closed-loop results.

Our base model, without asynchronous future prediction,

achieves the highest driving score among all counterparts,

with a latency of 102 ms. However, despite the strong per-

formance of our base model, its 102ms latency imposes

an upper bound of approximately 10Hz on the control fre-

quency, which is relatively low for real-time control.

Using our asynchronous model, which performs the

computation of the full vision encoder asynchronously until

the time it is needed, we reduce latency to 50ms, enabling

a control frequency of 20Hz. This marks a significant im-

provement over the base model, allowing for much more

responsive control. Despite not having access to the large

model at the current time step, our async model still per-

forms very well in terms of driving score and success rate,

ranking second after our base model.

4.4. Ablation Studies
We perform an ablation study of our design choices in Ta-

ble 2 to address the following research questions:

• Does supervising the large model for forecasting improve

performance, or is the improvement solely due to scaling

up the model parameters?

• Is the small model necessary, or can we rely solely on the

forecasted features?

• Is additional supervision with the action mask essential?

• How does the small model perform without forecasting?

• Would better forecasting lead to better performance?

• In which scenarios do we observe improvements, and

what are the underlying reasons?

A: Without supervising forecasting, the driving score

drops to 54.92, highlighting the importance of training the

large model to learn forecasting. The performance improve-

ment cannot be solely attributed to the increased parameter

count, as the large model’s features do not enhance perfor-

mance without being explicitly trained for future prediction.

By supervising the model to forecast with ground truth fea-

tures, the large vision encoder effectively improves the driv-

ing score by approximately 15 points. Interestingly, the

overall performance remains lower than when using only

the small model (D), possibly due to confusion caused by

suboptimal features from the large model.

B: Without small model, the performance drops to 42.49,

indicating that forecasting with the large model alone is

insufficient without up-to-date information from the small

model. This may be due to scenarios where the future

state is difficult to predict, such as changes in traffic light

status. As shown in Table 3, removing the small model

(B) results in a significant decline in emergency braking
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Table 2. Ablation Study. We conduct an ablation study by removing each component of the model (A–C). Additionally, we report the

performance of the small model alone (D) and further analyze forecasting by using ground truth features during both training and testing

(E) or only during testing (F). ‘GT’ indicates ground truth. See the text for a detailed analysis.

ID Method DS↑ SR↑(%) Efficiency↑ Comfort↑ Latency↓
Base Model (Ours) 74.33 48.33 186.04 25.77 102

Async Model (Ours) 69.53 38.64 184.51 28.43 50

A Without Forecasting 54.92 30.45 177.52 18.71 50

B Without Small Model 42.49 17.27 170.94 14.10 31

C Without Action Mask 42.67 17.27 167.32 27.99 50

D Small Model Only 61.30 35.00 183.63 43.91 50

E GT Forecasting 74.12 48.18 192.72 24.76 124

F GT Forecasting (Test Time) 60.72 32.27 151.53 17.25 124

Table 3. Ablation Study according to Distinct Abilities. To identify which components contribute to improvements in different scenarios,

we report model performance in the ablation study based on distinct capabilities. For instance, removing the small model (C) leads to

significant performance drops in the emergency brake (E. Brake) and traffic sign (T. Sign). See the text for a detailed analysis.

ID Method Merging↑ Overtaking↑ E. Brake↑ Give Way↑ T. Sign↑ Mean↑ Latency↓
Base Model (Ours) 35.24 54.70 66.67 80.00 59.43 59.21 102

Async Model (Ours) 26.66 50.42 60.13 80.00 43.64 52.17 50

A Without Forecasting 20.00 35.90 41.18 80.00 36.18 42.65 50

B Without Small Model 14.86 17.50 16.36 40.00 30.56 23.85 31

C Without Action Mask 20.00 17.95 9.80 80.00 30.92 31.73 50

D Small Model Only 27.14 41.03 47.06 60.00 44.74 43.99 50

E GT Forecasting 29.33 57.50 56.36 60.00 53.89 51.41 124

F GT Forecasting (Test) 28.57 38.46 43.14 60.00 43.42 42.72 124

ability (60.13→16.36) and proper handling of traffic signs

(43.64→30.56). These results highlight the critical role of

the small model in providing the model with up-to-date in-

formation by allowing it to glance at the current state.

C: Without action mask, the performance drops to 42.67,

highlighting the importance of aligning the predicted ac-

tions with the observations. It might be surprising that

such a small adjustment has such a significant impact on the

async model, but this was one of the first insights we gained

while attempting to make the base model work by exam-

ining the visualization of attention maps. This additional

supervision helps the model better relate the predicted ac-

tion to the observations. We found that removing it had a

less severe effect on the base model (see Supplementary).

D: Using only the small model, performance drops to

61.30, demonstrating that the predicted features from the

large model enhance overall performance. With our dual

formulation, we can leverage these features without im-

pacting latency. Comparing the async model with forecast-

ing to using only the small model without forecasting (D)

in terms of abilities in Table 3, we observe a notable de-

cline in overtaking (50.42→41.03) and emergency braking

(60.13→47.06) behaviors. A possible explanation is that

the large model provides strong features for predictable sce-

narios, enabling the small model to focus on detecting de-

viations, such as emergencies. Without the large model, the

small model must handle all situations, leaving fewer re-

sources for effectively managing emergencies.

E & F: Using ground truth features for forecasting,

we further examine the impact of forecasting on perfor-

mance. When ground truth features replace forecasted fea-

tures during both training and testing (E), the driving score

improves to 74.12, surpassing the score achieved with our

async model’s forecasted features (69.53). This gap sug-

gests that forecasting can still be improved, and with per-

fect forecasting, the model can perform at the same level

as our base model (74.33), ruling out potential design limi-

tations. However, when ground truth features are provided

only at test time (F), the driving score drops significantly to

60.72. This suggests a distribution mismatch between the

predicted and ground truth features, even though the model

is trained with supervision from ground truth features.

4.5. Qualitative Analysis
We visually investigate the contributions of the small model

and the large model with forecasting through two example
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Figure 5. Hard Brake without Small Model. Left: The initial state of the scene where the yellow car ahead suddenly brakes, requiring

the ego vehicle to perform a hard brake. Middle: The Async Model detects the hazard using the small model and stops in time. Right:
The version without the small model (B) relies solely on forecasting and fails to detect the sudden stop in time, resulting in a crash. The

predicted action for each model is overlaid on the image, with waypoints shown in blue and the path in red.

Figure 6. Lane Change without Forecasting. Left: The initial state of the scene, where the ego vehicle is tasked with switching to the left

lane. Middle: The Async Model successfully executes the lane change while avoiding collisions by leveraging forecasting. Right: The

version without forecasting (A) fails to anticipate the future position of the vehicle behind, resulting in a rear-end collision. The predicted

action for each model is overlaid on the image, with waypoints shown in blue and the path in red.

scenarios: a hard brake without the small model (Fig. 5)

and a lane change without forecasting supervision (Fig. 6).

These correspond to rows B and A in the ablation study

(Table 2), respectively. In Fig. 5, the version in B fails to

perform a hard brake, as it cannot detect the sudden stop

of the yellow vehicle ahead without the small model, high-

lighting its role in detecting emergencies that appear in the

current time step. Similarly, in Fig. 6, the version in C re-

sults in a rear-end crash due to its failure to anticipate the

future position of the vehicle behind without forecasting.

5. Conclusion

We introduce a novel dual paradigm that shifts computation

to the previous time step, enabling more efficient process-

ing with large models in potential applications in embodied

systems. To implement this paradigm in self-driving, we

proposed ETA, a dual framework that combines forecasting

to propagate valuable information from a large model at the

prior time step to the current time step and a small model

to capture unpredictable changes, such as sudden brakes

due to emergencies. ETA advances state-of-the-art driving

performance on Bench2Drive by 8%, also reducing latency

from hundreds of milliseconds in previous methods to just

50 ms. Through detailed ablation studies, we demonstrate

the importance of small model and forecasting based on the

large model’s output, highlighting the effectiveness of ETA

to combine the two in a dual framework.

Limitations and Future Work: While our async model

significantly narrows the gap to the base model in critical

driving scenarios such as overtaking, emergency braking,

and yielding, some challenges remain. The largest discrep-

ancies between the base and async models occur in the traf-

fic sign handling and merging scenarios.

Future work will explore improving forecasting, as our

analysis shows that using ground truth features instead of

forecasting brings the async model to the level of the base

model. Furthermore, we see potential for pushing perfor-

mance even further by leveraging larger and more advanced

vision encoders, which could enhance both perception and

decision-making capabilities.
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