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Supplementary Material

A. Overview

We begin by outlining the structure of this supplementary
material. §B reports more details of our approaches. §C
presents additional experimental results of our approach,
offering further evidence that the proposed method effec-
tively mitigates catastrophic forgetting. §D includes more
detailed information and statistics regarding our dataset. §E
provides extended qualitative comparisons and in-depth anal-
yses. Finally, additional examples of catastrophic forgetting
in driving models (Figs. 10 to 13), along with well-designed
prompts and more samples from our dataset, are provided.

B. More Details of Driving Expert Adapter

Learning Prompt by Prompt Adapter. We maintain a
bank of learnable soft prompts P ∈ RK×P×D, where K
is the number of prompt groups (bank size), P is the prompt
length (number of soft tokens), and D is the model hidden
size. Each prompt group Pk ∈ RP×D can be interpreted
as a latent ”query family” capturing a core skill set or prior
relevant to a subset of autonomous driving. All prompt
tokens are optimized while the base VLM remains frozen.

Specifically, given token embeddings of the current input
(e.g., question tokens after the text encoder embedding layer),
X ∈ RB×T×D, where B denotes the batch size (index b
identifies the b-th sample in the batch) and T denotes the
input sequence length in tokens (index t identifies the t-th
token), we compute an input semantic summary by masked
mean pooling:

sb =

∑T
t=1 mb,tXb,t∑T

t=1 mb,t

, s ∈ RB×D, (1)

where mb,t ∈ {0, 1} is derived from the attention mask
(padding tokens are excluded). We then map s to prompt-
selection logits with a lightweight MLP gate. These logits
represent how relevant each prompt group is to the current
input.

We convert the logits into a probability simplex w via
softmax. To promote specialization and reduce prompt inter-
ference, we optionally enforce sparse routing by retaining
only the top-k prompt groups per sample.This procedure
ensures that only the most relevant prompt groups receive
non-zero probability mass (and thus gradients) for a given
input.

The final prompt for each sample is obtained by a

weighted sum over the prompt bank:

P∗
b =

K∑
k=1

wb,kPk ∈ RP×D. (2)

In practice, we prepend P∗ to the original token embeddings
(equivalently, we insert P learned virtual tokens before the
textual tokens) and feed the concatenated sequence into the
frozen VLM. Importantly, this adapter operates entirely out-
side the VLM’s core parameters: only the prompt bank P
and the lightweight gating network are trained, while the
VLM backbone weights remain unchanged.
Why it helps? By learning a bank of reusable prompt
primitives and routing them based on input-conditioned se-
mantics, the adapter provides a stable task anchor that is
robust to paraphrases and scene variations in autonomous
driving. Sparse top-k routing encourages prompt groups to
specialize, reducing cross-task interference and preventing
the adapter from collapsing into a single generic template.
Consequently, the VLM’s task interpretation becomes more
consistent under novel phrasings, generalization improves,
and catastrophic forgetting is effectively mitigated without
modifying the initial weights.

C. More Details of Main Results & Ablation
Study

The results in Tab. 1 provide compelling evidence that our
framework remains consistently effective even when applied
to larger scale models and another architectures. Impromp-
tuVLA [1] also fine-tunes Qwen2.5-VL-7B [2] with the
larger 7B model demonstrating stronger performance. When
scaling up to a larger backbone (Qwen2.5-VL-7B), our ap-
proach yields substantial gains across all tasks and still pre-
serves roughly 80% of previously acquired knowledge. This
demonstrates that our method maintains robust forgetting
mitigation and generalization stability even under signifi-
cantly increased model capacity. As a stronger base VLM,
InternVL3-2B [3] exhibits superior performance over Qwen-
based models across all three evaluation tasks, which also
contributes to the strong results achieved by the fine-tuned
RecogDrive [4]. However, despite its stronger perceptual
and reasoning capacity, catastrophic forgetting still remain
evident after adaptation to AD datasets. This motivates us to
further apply our framework on InternVL3-2B to mitigate
such forgetting while preserving its powerful base-model
capabilities. On one hand, the Driving Expert Adapter (Ours)
framework achieves the highest knowledge retention rate of



82.7%, while also improving performance on the Traffic-QA
task by 11.6%. On the other hand, further experimental re-
sults, as shown in the Tab. 1, demonstrate that the Prompt
Adapter and Task-Adaptive Expert Module still complement
each other, enabling the model to acquire specialized driving
skills without the destructive side effects of full-parameter
updates across different model architectures.

Table 1. Evaluation results of different fine-tuning strategies on
InternVL3-2B, Qwen2.5VL-3B and Qwen2.5VL-7B.

Method KRR ↑ SD ↑ T-QA ↑ NoPR ↑

Recogdrive-2B 71% 63.7 42.2 36.1

Base (InternVL3-2B) - 63.8 31.5 50.8
Base+LoRA 60.6% 61.8 25.1 30.4
Base+PA 77.9% 62.1 38.5 39.6
Base+TAEM 78.3% 62.5 37.4 39.3
Base+TAEM+PA 82.7% 63.7 43.1 42

ImpromptuVLA-3B 68.4% 59.1 33 25.2

Base (Qwen2.5VL-3B) - 56.6 28.7 36.8
Base+LoRA 64.6% 53.1 22.3 23.8
Base+PA 73.2% 57.3 36.7 26.9
Base+TAEM 74.4% 57.7 35 27.4
Base+TAEM+PA 79% 58.8 41 29.0

ImpromptuVLA-7B 67.5% 60.8 46.3 32.2

Base (Qwen2.5VL-7B) - 65.1 31 47.7
Base+TAEM+PA 79.8% 61.6 45.3 38.1

D. More Dataset Details
Autonomous driving models must cope with dynamic and
complex environments, yet many prior works are trained
on single-source datasets and often emphasize the quan-
tity of QA pairs rather than the actual diversity of visual
scenes. This narrow data coverage can lead to overfitting
and catastrophic forgetting. As a first step toward addressing
these limitations, we construct a large-scale, multi-source
dataset that integrates 15 heterogeneous data sources, ensur-
ing broad scene diversity and reducing the risk of overfitting
and forgetting.

Whereas many works annotate the same underlying
datasets (e.g., nuScenes-QA [5], DriveLM [6]), we avoid this
redundancy and instead select the following: LingoQA [7],
SUTD-TrafficQA [8], CODALM [9], CoVLA [10], WOD-
E2E [11], MAPLMQA [12], DriveAction [13], and Im-
promptuVLA [1]. The last one includes data derived from
eight additional datasets: Navisim [14], Argoverse [15],
nuScenes [16], IDD [17], KITTI [18], Mapillary [19],
ONCE [20], and Waymo [21].
Data Processing. In accordance with the task requirements,
we make several data refinements. For multi-view datasets,
we retain only the front-view images to ensure consistency
in visual information. For sequential datasets, we select
key frames while removing the corresponding redundant

QA pairs. In the case of CoVLA, which involves video
annotations, we eliminate redundant frames and annotations
to reduce duplication. Additionally, low-quality images in
the SUTD-TrafficQA dataset are discarded. Finally, we
employ Qwen3-VL-235B-Thingking [22] to annotate the
WOD-E2E dataset, following the custom-designed prompt
templates, as illustrated in the Fig. 5 below.
Data Statistics. We employ GPT-OSS-120B automaticly an-
alyze the QA pairs of each image. Then categorize objects in
autonomous driving scenes into five main categories, which
is Vehicle, Obstruction, Traffic-Related Element, Human-
Related Element and Others. Fig. 7 presents a subset of
our statistical results, revealing that most of the annotated
objects are vehicles, with Mid-Size Vehicles constituting
the majority within the vehicle category. A similar trend is
observed within the Traffic-Related Elements, where traffic
lights dominate the category. This significant class imbal-
ance is a potential factor contributing to catastrophic forget-
ting. Additionally, due to the large variety of low-frequency
within the remaining three categories, we visualize a part of
terms from these categories in a word cloud.
Benchmark. We use Qwen3VL-235B to re-annotate and fil-
ter the most challenging scenarios, which were then used for
evaluation in the Scene Description and Noteworthy Objects’
Perception tasks, as illustrated in the Figs. 14 to 16 below.
Additionally, we integrate test sets from LingoQA [7] and
DrivingVQA (derived from a driving theory exam) [23] to
assess performance on the Traffic-QA task, with examples
shown in the Figs. 17 and 18 below.

E. Qualitative Analysis of other case
Due to space constraints in the main paper, additional and
more fine-grained qualitative analyses are provided in this
section. In Example 1 (Fig. 1) , where the critical objects
are small and distant, our approach successfully detects the
pedestrians crossing sign (missed by ImpromptuVLA) and
even identifies a small dog, which neither ImpromptuVLA
nor RecogDrive perceives. This highlights the superior fine-
grained perceptual sensitivity of our method, particularly
in handling small-pixel, low-salience cues. In Example 2
(Fig. 2) , where illumination is severely limited, Impromptu-
VLA merely notes the scene as dark, and RecogDrive detects
only parked cars. Our approach, however, identifies both
multiple vehicles and the traffic control elements ahead, pro-
viding the necessary situational awareness in challenging
lighting conditions. Likewise, in Example 3 (Fig. 3) and Ex-
ample 4 (Fig. 4) , our approach not only correctly identifies
all critical objects in the scene but also produces responses
that are noticeably more concise and less redundant. This in-
dicates that our model achieves higher perceptual efficiency,
capturing essential visual cues while avoiding unnecessary
descriptive overhead. In conclusion, our approach mitigates
catastrophic forgetting during training, enabling the model



to acquire driving-specific competencies while preserving
and enhancing perceptual capacity. This strengthened per-
ception forms the foundation for more reliable downstream
trajectory planning.



Ours:
The scene depicts a multi-lane road bordered by dense greenery, with a dog 
positioned in the middle of the road ahead. Pedestrian crossing signs are also 
visible along the roadside, indicating areas where pedestrians may cross. The road 
is marked with lanes and includes a 'PED' designation, signifying pedestrian-
friendly zones. Given the presence of the dog on the road, which could potentially 
obstruct traffic or cause an accident, and the visibility of pedestrian crossing 
signs, it is advisable to decelerate and stop to ensure safety and avoid any 
potential hazards.

Recogdrive:
The driving scene is set on a two-lane road flanked by lush greenery and tall 
trees, suggesting a suburban or rural area. The road appears to be in good 
condition, with clear lane markings and no visible potholes or debris. There 
are no other vehicles in the immediate vicinity, indicating light traffic. A 
pedestrian crossing sign is visible on the right side of the road, but no 
pedestrians are currently present. The sky is clear, and the lighting suggests 
it is either early morning or late afternoon, with the sun casting long shadows. 
Overall, the scene is calm and conducive to a smooth drive, with no immediate 
hazards or obstructions.

ImpromptuVLA:
The image shows a two-lane road with a solid yellow line on the left and a dashed 
yellow line on the right, indicating a no-passing zone on the left and a passing 
zone on the right. The road is surrounded by dense greenery, with trees and 
bushes lining both sides. The sky is clear and bright, suggesting it is daytime. 
There are no visible vehicles or pedestrians in the scene. The road appears to be 
in good condition, with no visible potholes or debris. The overall driving 
environment is calm and serene, with no immediate obstacles or hazards.

Figure 1. Qualitative Comparison Example 1.



Recogdrive:
The scene is set at night, with limited visibility due to the darkness. The road ahead 
appears to be a two-lane street with no visible lane markings, suggesting a less-traveled 
or residential area. On the left side of the road, there are parked cars along the curb, 
indicating a residential or commercial area with buildings set back from the street. The 
right side of the road also has buildings, but they are less distinct due to the darkness.
There are no moving vehicles or pedestrians in the immediate vicinity, and the road ahead 
seems clear. However, the lack of streetlights or other sources of illumination makes it 
difficult to see further down the road. The distant glow of lights suggests that there 
may be a more populated area or intersection ahead. Overall, the driving conditions 
require extra caution due to the low visibility and the potential for unexpected 
obstacles or changes in the road conditions.

Ours:
The scene is a nighttime driving environment on a residential street with low 
visibility. The road is illuminated by distant streetlights, and there are 
buildings on both sides with minimal lighting. A parked vehicle is visible on the 
left side of the road, and there are traffic cones and a dirt pile in the middle 
of the road, indicating potential construction or an obstacle. The road ahead 
appears clear but dark. The recommended actions are to keep the lane and 
decelerate due to the reduced visibility and the presence of obstacles on the 
road.

ImpromptuVLA:
The image shows a nighttime driving scene with limited visibility due to darkness. 
The road appears to be a two-lane highway with a solid white line on the left and 
a dashed white line on the right, indicating the division between lanes. There 
are no visible road signs or other vehicles in the immediate vicinity. The 
headlights of the car illuminate the road ahead, revealing a clear path with no 
immediate obstacles. The surrounding area is dark, with no significant light 
sources other than the car's headlights. The overall scene suggests a quiet, 
possibly rural or less-traveled road at night.

Figure 2. Qualitative Comparison Example 2.



Recogdrive:
The driving scene is set in an urban environment with a clear view of the road ahead. The 
weather appears overcast, with no direct sunlight, suggesting it might be early morning or late 
afternoon. The road is relatively empty, with only a few vehicles visible in the distance, 
indicating light traffic conditions. On the right side of the road, there are modern buildings 
with glass facades, and a sidewalk lined with trees and outdoor seating areas, suggesting a 
commercial or mixed-use area. On the left side, there is a pedestrian bridge crossing over the 
road, connecting two buildings, and a fenced-off area, possibly under construction or a parking 
lot. The road markings are clearly visible, with a double yellow line indicating a no-passing 
zone. There are no immediate obstacles or hazards on the road, and the overall scene suggests a 
calm and safe driving environment. However, drivers should remain cautious and attentive to any 
potential changes in traffic conditions or pedestrian activity.

Ours:
The image depicts an urban street scene with a two-lane road marked by a yellow 
center line and bollards separating the lanes. An elevated overpass with a light rail 
train spans the road in the distance. The traffic includes a black car in the 
opposite lane and a larger vehicle ahead, which is likely a bus or truck. The road 
appears clear with no immediate obstacles, but there are buildings with commercial 
establishments lining both sides, including a modern building with outdoor seating on 
the right. The sky is overcast, indicating cloudy weather conditions. The recommended 
actions are to keep the current lane and follow the lead vehicle ahead.

ImpromptuVLA:
The image shows a daytime urban street scene with clear weather. The road is a multi-
lane highway with a yellow dividing line, indicating a no-passing zone. There are no 
visible vehicles in the immediate lane ahead, suggesting light traffic. The road 
curves gently to the right. On the left side, there is a sidewalk with a few 
pedestrians and a truck parked near the curb. The right side features a modern 
building with large glass windows and a sidewalk with outdoor seating. The sky is 
overcast, and the overall lighting is even, with no harsh shadows. The scene is calm, 
with no immediate hazards or traffic signals visible.

Figure 3. Qualitative Comparison Example 3.



Recogdrive:
The driving scene is set in an urban area with a mix of commercial and residential 
buildings. The road is lined with parked cars on both sides, including a variety of 
vehicles such as sedans, SUVs, and a pickup truck. There is a stop sign visible on 
the right side of the road, indicating an upcoming intersection where the vehicle 
must come to a complete stop. The road appears to be relatively clear of moving 
traffic ahead, with a few cars visible in the distance. Palm trees and other greenery 
are interspersed among the buildings, adding a touch of nature to the urban landscape. 
The sky is overcast, suggesting it might be a cloudy day. Overall, the scene is calm 
and orderly, with no immediate hazards or obstacles in the immediate path of the 
vehicle.

Ours:
The image depicts an urban street scene with a mix of residential and commercial 
buildings on both sides. There are multiple vehicles parked along the curbs, and 
a few cars are driving on the road. A red octagonal stop sign is visible ahead at 
an intersection, indicating that the vehicle should come to a complete stop. The 
road appears to be a two-lane street with a GMC truck in the left lane and a 
parked SUV on the right. The presence of the stop sign necessitates that the 
driver stops before proceeding through the intersection.

ImpromptuVLA:
The image shows a city street scene with a clear view of the road ahead. The street is 
lined with parked cars on both sides, and there are no visible pedestrians or moving 
vehicles in the immediate vicinity. The road appears to be in good condition, with no 
visible potholes or debris. The traffic light ahead is red, indicating that you should 
stop and wait for the light to turn green before proceeding. The buildings on either 
side of the street are modern and well-maintained, with large windows and flat roofs. 
The sky is overcast, suggesting that it may be a cloudy day. The overall scene is calm 
and orderly, with no signs of congestion or chaos.

Figure 4. Qualitative Comparison Example 4.



打标的

Suppose you are driving and I provide you with images captured by the car's front camera. 
Generate a description of the driving scene that includes the following key factors for driving planning:
- The positions and movements of vehicles and pedestrians.
- The prevailing weather conditions.
- The time of day, distinguishing between daylight and nighttime.
- Road conditions, indicating whether the surface is smooth or if there are obstacles present.
- The status of traffic lights, specifying whether they are red or green, as they influence decision-making.
The description should be concise and provide an accurate understanding of the driving environment to facilitate 
informed decision-making.

Figure 5. The prompt used to label WOD-E2E Dataset

统计的

You are an information extraction assistant for autonomous driving.

Your input is:
- a QUESTION about a driving scene, and
- an ANSWER given by a model for that scene.

Carefully read both the question and the answer, and extract ALL explicit, useful information entities mentioned in them. 

Treat as “information entities” any short phrase that encodes concrete, reusable information about the scene or the driving task, including but not limited to:
- Dynamic agents: vehicles, pedestrians, cyclists, animals, emergency vehicles, etc.
- Static elements: road type (highway, intersection, roundabout), lanes, sidewalks, crosswalks, traffic islands, barriers, buildings, vegetation, etc.
- Traffic infrastructure: traffic lights, signs, road markings, speed limits, lane arrows, stop lines, yield signs, etc.
- Environmental conditions: time of day, weather, visibility, lighting, road surface condition (wet, icy, damaged, with puddles, etc.).

Rules:
- Use only information explicitly stated or clearly implied by the question or the answer.
- Do NOT invent entities that are not supported by the text.
- Be as fine-grained as necessary: separate different entities (e.g., “red traffic light”, “pedestrian crossing the road”, “wet road surface” should be three 
separate items).

Output format:
- Return ONLY a valid Python list of strings.
- Each list element should be a concise English phrase describing exactly ONE information entity.
- Do not include any explanations, comments, or extra text outside the Python list.

Now process the following input and output the Python list:

QUESTION: {QUESTION}
ANSWER: {ANSWER}

Figure 6. The prompt used to extract information from QA pairs



Figure 7. Partial statistical results

Figure 8. The prompt of Scene Description Judge



Figure 9. The prompt of Traffic-QA and Noteworthy objects Perception Judge

InternVL3-8B:
Based on the image, here are the important objects to consider for driving decisions:
1. Speed Limit Sign (15 MPH): Indicates the maximum speed you should maintain in this area.
2. Bicycle and Pedestrian Sign: Suggests the presence of cyclists and pedestrians in the area, requiring extra 
caution.
3. Yellow Bollards: Mark the edge of the road or a designated area, possibly for pedestrian safety.
4. Weather Conditions: It appears to be raining, which may affect visibility and traction.
5. Road Surface: The road is wet, which can increase stopping distances.
6. Surrounding Vegetation and Fencing: May indicate construction or restricted areas ahead.
7. Sidewalk and Red Curb: Suggests no parking or stopping zones, important for pedestrian safety.

Finetuned ReCogDrive VLM:
The objects that are important for planning the driving decision include the speed limit sign indicating 15 MPH, 
the pedestrian crossing sign, the parked cars on both sides of the street, and the wet road conditions due to rain. 
These factors suggest the need for reduced speed, increased vigilance for pedestrians, and careful maneuvering to 
avoid potential hazards such as opening car doors or pedestrians stepping out from between parked vehicles. 

Figure 10. Another example of catastrophic forgetting in Recogdrive.



Figure 11. A example of catastrophic forgetting in WiseAD. The fine-tuned model incorrectly recognizes cattle as vehicles, illustrating a
severe case of catastrophic forgetting.



Figure 12. A example of catastrophic forgetting in Mini-Intern. After fine-tuning, the model perceives significantly fewer scene elements
and exhibits mechanically repetitive outputs, indicating a substantial loss of perceptual richness.



Figure 13. A example of catastrophic forgetting in ImpromptuVLA. The fine-tuned model loses fine-grained perceptual capability.



Scene_Description: The scene captures a daytime driving environment on a two-
lane road under an overcast sky, with diffused light creating a muted atmosphere. 
The asphalt road, marked by a faded yellow dividing line, stretches ahead with a 
silver sedan approaching in the opposite lane on the left, while on the right 
shoulder, a green utility vehicle lies overturned, its rear end crushed and debris 
scattered across the pavement.  The dense, neatly trimmed hedges and tall, 
slender trees line the roadside, interspersed with utility poles and streetlights. In 
the distance, another vehicle is visible on the horizon, and the road is flanked by 
well-maintained greenery, including flowering bushes on the left median, while 
the hazy sky and lack of direct sunlight contribute to a somber mood, 
emphasizing the disruption caused by the accident amid an otherwise calm, 
suburban-style thoroughfare.
Noteworthy_Objects: [ silver sedan in the opposite lane on the left, overturned 
utility vehicle]

Figure 14. The example of Scene Description and Noteworthy objects Perception



Scene_Description: The scene is a nighttime urban road captured from a car’s 
front camera, with the sky completely dark and the road illuminated by the 
vehicle’s headlights. A person riding a bicycle is visible ahead in the middle of the 
two - lane street, wearing light - colored clothing that stands out against the dark 
surroundings. The road has clearly marked white lane lines, and to the left, 
residential houses with one displaying a lit exterior light are accompanied by 
trees and a sidewalk. On the right, a large, leafy tree overhangs the street next to 
a fence and a sidewalk. In the distance, scattered streetlights and the faint glow 
of other vehicles’ headlights provide minimal illumination, while silhouettes of 
utility poles and palm trees are visible against the dark sky, creating a quiet, 
suburban nighttime atmosphere with the cyclist as a notable presence in the 
road ahead.
Noteworthy_Objects: [a person riding a bicycle]

Figure 15. The example of Scene Description and Noteworthy objects Perception



Scene_Description: The scene depicts a rainy urban street viewed from a car’s 
front camera, with the wet pavement reflecting the lights of vehicles and 
surroundings, creating a glossy sheen. A large yellow utility truck with bright 
amber warning lights dominates the center of the road, likely causing a traffic 
slowdown; several cars, including a white SUV and a silver sedan, are queued 
behind it. To the right, blue and black recycling bins sit near the curb beside a 
white minivan, while on the left, a person in an orange raincoat appears to be 
directing traffic or assisting near the truck. Residential houses with sloped roofs 
and palm trees line the street, with utility poles and crisscrossing power lines 
visible against an overcast, gray sky. The overall atmosphere is damp and muted, 
with raindrops likely on the windshield, enhancing the reflective quality of the 
road and contributing to the sluggish, cautious mood of urban driving in poor 
weather.
Noteworthy_Objects: [ rainy urban street, yellow utility truck, recycling bins, a 
person in an orange raincoat]

Figure 16. The example of Scene Description and Noteworthy objects Perception



Question: Are there any pedestrians crossing the road? If yes, how many?
Answer: Yes, there is one jaywalker crossing the road right in front of us and then 
there is a pedestrian further away, but we shouldn't worry about him yet.

Question: Are you permitted to make a right turn at the upcoming junction?
Answer: Yes

Figure 17. The example of Traffic-QA



Question: What action do you plan to take next and why?
Answer: Move into the right lane and accelerate to safely overtake the cyclist 
with plenty of space.

Question: Is it safe to enter the intersection at this time?
Answer: It is safe to enter the intersection because the traffic light is green.

Figure 18. The example of Traffic-QA



Figure 19. More examples
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