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ABSTRACT

Vision-Language-Action (VLA) foundation models have recently emerged as one
of the prevailing solutions for autonomous driving, as they can utilize knowledge
acquired during vision-language pretraining for accurate and interpretable driv-
ing. However, VLAs can take only a limited number of frames as visual input due
to the high token cost of an image, which is problematic for memory-dependent
tasks such as determining the arrival order at all-way stops and long-horizon
driving scene understanding. Existing solutions use latent vector memories ac-
cessed through cross-attention, which are neither interpretable nor portable. In
this paper, we propose AD-Memo, a general-purpose VLA driving agent with
language-based memory. The agent outputs memory as an extension of its Chain-
of-Thought (CoT) to record surrounding objects critical to driving; this mem-
ory becomes part of the agent’s future input. We curate memory-based datasets
and train VLAs with a two-stage recipe: Supervised Fine-Tuning (SFT) and Da
Capo, a novel semi-closed-loop Reinforcement Learning (RL) algorithm which
uses trajectory-level advantage for memory and step-level advantage for driving,
leading to better credit assignment. Across scenarios such as all-way stops and
general driving, AD-Memo improves driving quality, enables better question an-
swering on driving scenes, and produces plug-and-play memory for other models.

1 INTRODUCTION

In recent years autonomous driving has successfully transitioned from the lab to real-world com-
mercial deployment at scale (Kusano et al., |2025; [ Mawakana & Dolgovl, [2026)). During this period,
Vision-Language-Action (VLA) models (Zitkovich et al.l [2023; |O’Neill et al., 2024) have rapidly
emerged as one of the prevailing solutions (Wang et al., 2025;|Li et al., 2026e;[Zhou et al., 2026) for
autonomous driving, as they acquire knowledge through large-scale vision-language pretraining and
apply it after fine-tuning on driving data. Through this architectural synergy, VLA driving agents
produce accurate and interpretable driving trajectories in an end-to-end manner.

However, the high token cost of multiple images and the quadratic computational cost of atten-
tion (Dao et al., 2022) severely limit the time horizon of VLA inputs (Shi et al., [2026a). For exam-
ple, for a 4-camera VLA receiving visual input at 10Hz with 200 tokens per image, a 0.4s history
requires 0.4/0.1 x 200 x 4 = 3200 tokens; expanding this history to 4 seconds increases the in-
put length to 32K tokens and the quadratic attention cost by a factor of 100, which is prohibitively
expensive for time-sensitive autonomous driving tasks (Liu et al.l 2022). While one can simply
shorten the input horizon for faster inference, the lack of historical context becomes problematic for
memory-dependent driving tasks, such as determining the arrival order at all-way stops (Liang et al.,
2026)), identifying occluded road objects (Kumar et al.l 2025} |Xie et al., [2025), and long-horizon
driving scene understanding (Zeng et al.l 2025ajb) — all of which are important for driving.

To address this issue, prior works have introduced memory mechanisms into VLA driving agents
using two prevalent approaches: latent vectors (Fu et al., [2025; Huang et al., [2026¢)) and language
in-context learning (Wen et al., 2024; [Mei et al., [2024). The former stores latent vectors extracted
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Figure 1: An illustration of AD-Memo. AD-Memo generates language-based memory periodically,
which is beneficial for a diverse set of tasks illustrated in panel (a), (b) and (c), including driving,
scene understanding question-answering tasks, and producing portable memory for other models.

from past inputs and accesses them via cross-attention (Vaswani et al.| [2017), while the latter stores
structured examples of prior driving experiences. However, both approaches have shortcomings.
Latent vector memory is not interpretable by humans or portable to other agents; it does not make
full use of the VLA’s reasoning ability inherited from its backbone, which motivates the use of
VLAs in the first place. In turn, the language in-context learning approaches do not provide in-
episode memory, i.e., they do not help retain information about critical objects or events that affect
current driving. Thus, in this work we ask: Can we fully exploit the knowledge in a VLA’s backbone
by using language-based, in-episode memory that is brief, explainable, and portable?

To achieve this, we propose AD-Memo, a general-purpose Autonomous Driving VLA agent with
language-based, in-episode memory (see Fig.[l|for an overview). The agent outputs memory as an
extension of its Chain-of-Thought (CoT) (Wei et al.,[2022), which then becomes part of the agent’s
future input. AD-Memo acquires this ability through a two-stage training recipe: Supervised Fine-
Tuning (SFT) and Da Capo, a novel semi-closed-loop RL algorithm. Da Capo has two features:
(1) it uses open-loop RL (i.e., ground-truth trajectory replay) for driving states to avoid the high
cost of environment simulation, while using closed-loop memory (i.e., the agent’s own memory
generated at past steps) to overcome exposure bias (Bengio et al., 2015)); (2) inspired by stochastic
computation graph theory (Schulman et al} 2013), it assigns different reward components to driving
tokens, which do not affect future steps under open-loop control, and memory tokens which do affect
future steps, improving credit assignment. To apply this recipe, we curate a task-specific (all-way
stop) dataset and a task-agnostic general driving dataset using rule-based and agentic frameworks,
respectively. We then evaluate our model on the corresponding test sets, showing that AD-Memo not
only improves driving quality but also better understands driving scenes, answers related questions,
and generates plug-and-play memories that help other models with driving-related tasks.

Our contributions are as follows: (1) We introduce AD-Memo, the first general-purpose VLA driv-
ing agent that uses language-based, in-episode memory, which is scalable, explainable, and portable;
(2) we propose Da Capo, a novel semi-closed-loop RL algorithm that combines the fine-grained,
per-step driving reward signal with the future-dependent, per-episode memory reward signal, over-
coming exposure bias in the agent’s memory while avoiding the expensive environment simulation
required for fully closed-loop RL training; (3) we build novel agentic data pipelines and curate chal-
lenging, memory-dependent datasets; (4) we evaluate AD-Memo across multiple driving scenarios
and empirically demonstrate that AD-Memo can not only improve driving performance, but also aid
scene understanding and serve as a plug-and-play module for driving-related reasoning tasks.
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2 PRELIMINARIES

Driving Vision-Language-Action (VLA) Models. In this paper, we consider VLA driving agents
with three input modalities: (1) past trajectory 7™ = (71,72 ... 7M1), a special token se-
quence describing the waypoints of the past ego trajectory; (2) visual input I = (I*,12,... IM2),
a sequence of past camera images ordered chronologically; and (3) language input L =
(L', L2,... L™s), a sequence of language tokens. The agent Ty first outputs a Chain-of-Thought
(CoT) (Wei et al., [2022) and then a future trajectory 77" We let y denote the combination of
CoT and 7", The primary goal of the agent is to minimize the difference between the human
expert’s future trajectory 724 and its prediction 7" (see Appendix for detailed metrics) on
video clips V- = {(0*™, I, L1,y1), (75", I, Lo, y2), . . ., (70 Iy, L, )}, each with n steps
corresponding to temporally ordered frames. Besides driving, we also expect the model to develop
a good understanding of the scene and support multiple tasks. Thus, we consider two other types of
tasks in this paper: (1) memory writing, where the model takes a single image I and past memory
L as input and outputs plug-and-play language memory y that helps other Vision-Language Models
(VLMs) understand the driving scene; (2) Visual Question Answering (VQA), where the model takes
the same visual input [ as in driving, optional language input L, and a natural-language question @,
then generates a language answer 324 about the driving history.

Open-Loop and Closed-Loop RL for VL As. Open-loop RL (Zhou et al.,2025b; |Li et al.,[2026d) is
an RL training paradigm in which the action at the current step does not affect future environmental
states in the trajectory, i.e., ground-truth inputs from expert demonstrations are provided at every
step. In contrast, closed-loop RL (Shi et al., 2026b) resembles MuJoCo-based RL tasks (Todorov
et al., [2012; |Yan et al., [2024), in which the future state depends on the current action. While the
latter can better address exposure bias (Bengio et al.,|2015) and enable more effective exploration (Li
et al., [2026a)), the former remains a prevalent choice in autonomous driving (Zhou et al., [2025b;
Sheng et al. [2026) and robotics (Huang et al., 2025; [2026b)) due to the difficulty and high cost
of simulating real-world environments (Wang et al., [2024; |Choi et al., |2026). Our work strikes a
balance between the two with semi-closed-loop RL, which combines open-loop replay of visual
input I and past trajectory 7°*' with closed-loop memory ¥ generated from previous steps.

Group Relative Policy Optimization (GRPO). GRPO (Shao et al.|[2024) is a prevalent Reinforce-
ment Learning with Verifiable Rewards (RLVR) method for building Large Language Model (LLM)
agents. Given an input z (z = (7P, [, L) for driving, (I, L, Q) for question-answering, and (I, L)
for memory writing) and a group of model responses ¥1, y2, - - . , Yn, GRPO optimizes the policy 7y
by minimizing

n 1 i

1 . .
= o > minfp; ;A;, clip(pij, 1 — €1, 1 + €2) Ai] + BKL(mo]|mo1a), (1)
i=1 't =1

where p; ; = %, B> 0and ey > €; > 0 following DAPO (Yu et al.,|2025a). Here,
T, 15 the old policy used to generate responses in the current sampling-training iteration, and moq

is the fixed reference policy before GRPO training. The advantage A; is calculated relative to the
group mean as A; = T(“”ysigafgk(;’y’“)), where avg and std are the mean and standard deviation
overk € {1,2,...,n}.

3 METHODOLOGY

The proposed AD-Memo, a general-purpose VLA driving agent, learns driving, question-answering
and memory-writing jointly. Sec. describes how the language-based memory works, while
Sec.[3.2]describes our training recipe.

3.1 LANGUAGE-BASED MEMORY

At a high level, AD-Memo is a streaming video agent that uses the current visual input to sum-
marize objects of interest that could affect future driving. This design differs fundamentally from
existing VLA approaches with language-based memory in robotics (Haresh et al.; 2026} Torne et al.,
2026)), where notes mainly record the agent’s state and subgoals. This is because in robotics, objects



arXiv Preprint

are often relatively stable but tasks are heterogeneous: For example, making a cup of tea requires
sequentially completing very different tasks, such as grabbing the cup, boiling water, and pouring
from the kettle, but these objects do not move by themselves. In contrast, in autonomous driv-
ing, objects are often transient but tasks are homogeneous: pedestrians ahead may disappear from
view within seconds, but the task remains to output a safe and efficient trajectory — regardless of
whether the agent passed an intersection a minute ago. Thus, in this work, we focus on a memory
horizon of around 10 seconds, which, as shown in Appendix [C.1|largely suffices for many scenarios
of interest, but remains expensive to cover with visual input alone, requiring at least 100 images at
10Hz. We discuss the potential need for even longer-term memory, e.g., remembering speed limits,
in Appendix [F|

To expand AD-Memo’s memory to the horizon discussed above, we divide the memory horizon
by the visual input horizon ¢, and generate language-based memory for each interval such that the
content of the memory covers the video without overlap. More specifically, suppose we have a
driving clip V' with n + 1 keyframes spaced ¢ seconds apartﬂ On those keyframes, AD-Memo
switches between two modes: driving and VQA. At the i-th keyframe (i € {1,2,...,n}), AD-
Memo operates in driving mode, in which it generates Chain-of-Thought (CoT) (Wei et al.| [2022)
and a future trajectory Tif““"e for driving control. Within CoT, AD-Memo outputs memory mem,;,
which is a formatted substring appended to the input of future keyframes and can be also used by
other models as input. At the (n + 1)-th keyframe, i.e., the end of the clip, AD-Memo switches to
VQA mode, in which it takes the current visual input, memories from a window of up to I" previous
steps {memmax(lm,ﬂ_gp), R 7memn}, and a question Q, then generates an answer. The question
concerns a crucial object of interest that affects driving in the video (e.g., a pedestrian or traffic
light) and is presented as a Multiple-Choice Question (MCQ) for verifiability. As AD-Memo does
not have access to ) during driving, it must identify and record all important objects on the road
to answer the question, which also helps its VLM backbone to reason about and improve driving.
When deployed on the road, AD-Memo remains in driving mode but continues recording important
objects on the road, as it does when preparing for questions during training.

As no public autonomous driving dataset with language-based memory annotations exists, we curate
two datasets from NVIDIA’s Physical-AV dataset (NVIDIA Corporation, [2026): the all-way stop
dataset (Sec.[4.1)) and the general driving dataset (Sec.|4.2)), where the former provides a task-specific
setting in which memory is beneficial, while the latter serves to evaluate generalizability. Each
dataset is divided into three splits: the SFT training set Dgspr, the RL training set Dy, and the test
set Dyegi, ina 3 : 1 : 1 ratio. Each dataset consists of triplets (V, Q,yV?*), which are the clip itself
V = {(* I, L1, y1), ., (T, I, Ly, yn) }, the accompanying question @, and the answer to
the question yV?A. See Appendix |C|for details on dataset curation and statistics.

3.2 TwO-STAGE TRAINING RECIPE

AD-Memo uses a two-stage training recipe: Supervised Fine-Tuning (SFT) on the SFT training set
Dsrr, and semi-closed loop Reinforcement Learning (RL) on the RL training set Dg; .

Supervised Fine-Tuning (SFT). This is the main stage for equipping the VLA model with memory-
writing and memory-dependent reasoning abilities, during which the model jointly learns three
tasks: driving while writing memory, answering VQA questions based on its memory, and stan-
dalone memory writing, as described in Sec. The training loss for this stage is

n

~ Ew,Quver)~pepr |:Z(£1,i +c1la;) + cols|, where o
i=1

), fo; = log mg(memy|IY, L;), £3 =logmg(y V™ Li1, Lnt1, Q).

01 = log mg (y"™|z;
In Equation [2} I; contains the past few frames at step i, I is the current single frame (I? € I;),
L; = {mem,_r,...,mem,;_1} is the memory from prior steps, yd™® = (CoT;, mem;, 71") is
the driving task output, mem; is the current memory, @ is the question, and yVQA is the response
for the VQA task. cj;,co > 0 are constants. See examples of driving, question-answering and
memory-writing data in Fig. 2] For both datasets, we train 2 epochs as discussed in Appendix [D.T1]

'In this paper, we focus on performance at keyframes; for intermediate frames, we can simply reuse the
memory input used at the previous keyframe and discard memory generated at non-keyframes.
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Figure 2: An illustration of supervised training data of AD-Memo; the three tasks listed in panel (a),
(b) and (c) are jointly trained in the SFT stage (all-way stop dataset only has (a) and (b)). Driving
and memory-writing data are one entry per step, while question-answering data is one entry per clip.

Semi-Closed-Loop RL. While our SFT stage effectively equips the VLA agent with memory-
related abilities, one key shortcoming remains: exposure bias. When driving and answering driving-
related questions, the model relies on its own memory from prior steps, which it does not encounter
during SFT and which may be out of distribution at inference time. Closed-loop RL using the agent’s
own memory is a natural way to address this mismatch. However, fully closed-loop RL requires a
simulator to reproduce changes in environmental inputs and the reactions of other road users. Simu-
lators like CARLA (Dosovitskiy et al.,[2017) exhibit a substantial sim-to-real appearance gap
[& Nikolaidis},[2025]), while 3D reconstruction-based simulators such as NuRec (Huang et al.,[2026a)

can be costly and still inaccurate.

To address this challenge, we propose a novel training
paradigm: semi-closed-loop RL, which is open-loop in control =~ seet  sepz  stps  seps  Swepn+1

and closed-loop in memory. More specifically, for a given clip o A oo ot T orve —— v

with |V| = n + 1 keyframes, we start from the first keyframe /

and sample K independent rollouts, each using memory gen- oive ﬁ‘{ orve 2 e L e (o

erated at previous steps of the same rollout; the other inputs, ; j j

such as visual observations and past trajectories, are replayed <‘m Do (o 7+ van

from ground truth and are therefore identical at the same step _

across all K rollouts. We then apply GRPO to these rollouts. | o ] o ens o o
Advantage Advantage Advantage

However, the key difficulty of semi-closed-loop RL lies in
computing advantages for two heterogeneous components: the
driving trajectory 7™ and memory/VQA answers. The for-
mer does not affect future decisions in our open-loop control
process, so its advantage is computed across rollouts at the
same step to provide denser feedback and reduce variance;
memory, in contrast, affects subsequent driving and question
answering, so its advantage must account for downstream re-
wards, while terminal VQA answers are evaluated using the
final MCQ reward (see Fig. [3]for an illustration). Considering
these factors, and inspired by factored policy gradients (Spooner et al), [2021)), we propose a novel
RL algorithm named Deviation-Adjusted Causal Advantage Policy Optimization (Da Capo). More
specifically, for rollouti € {1,..., K} atstepj € {1,...,n}, let rDmmg denote the driving reward
VQA

Figure 3: An illustration of semi-
closed loop RL, where we keep
K parallel memories; the memory
and driving tokens require hetero-
geneous handling, with the former
being trajectory-wise and the latter
being stepwise.

and r; =" the terminal MCQ reward. We define the following returns for driving trajectories, mem-

Dr1v1ng . TDzvmg GMemow _ 1 Z Drlvmg + AvVea,. VQA
= i fej T

n i, -
and AVQALYQA “where \VQA > 0 is a constant. The correspondmg advantage A§ ; for
component ¢ € {Dr1v1ng7 Memory, VQA} in rollout 7 at step j is:

ory, and VQA answers, respectively: G;
GY =

= Z G ;)/std(GE ), 3)
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with the step index j omitted for VQA (i.e., V¢, j, GZQA = GZQA). The name “causal advantage”
reflects the fact that, without standard-deviation normé{ization, the resulting on-policy gradient esti-
mator has the same expectation as one based on the trajectory-level reward, while improving credit
assignment by removing conditionally independent terms from the applied advantage; for example,
as the driving tokens in step 1 do not affect the memory in step 10 with our open-loop control, reward

from driving at step 1 should not be considered on memory advantage at step 10. Formally:

Claim 1. The advantage in Equation without division by std(Gi’ j), yields the same expected on-

policy score-function gradient as using the group-centered trajectory-level reward + " priving

s=1"1,s
)\VQATX QA, also without standard-deviation normalization.

See Appendixfor the proof. In our implementation, we set A\VQA = 0.5, with rZyQA equal to 1 if the

- . . . Drivi 64
parsed answer is correct and 0 otherwise. The driving reward is rP™"¢ = max(—%2 "7 ||p; —

ST ||2, 1), where p; € R%, i = {1,2,...,64}, denotes a predicted 2D waypoint, with way-
points sampled every 0.1 seconds over the 6.4-second future trajectory, and piGT is the corresponding
ground-truth waypoint. We train our model for 2 epochs on the all-way stop dataset and 1 epoch
on the general driving dataset. See Appendix [B.3|for detailed hyperparameter choices. In contrast
to “Dr. GRPO” (Liu et al., 2025), standard-deviation normalization of the advantage is vital in our
setting, as it naturally accounts for differences in reward scales, e.g., 0.1m vs. 10m ADE difference
between rollouts; see Appendix [A]for detailed rationale and Appendix [D.2]for ablations.

4 EXPERIMENTS

This section is organized as follows. Sec. .| studies whether AD-Memo can drive well on the
task-specific all-way stop scenes where memory is particularly important, as the model must re-
member the arrival order at the crossing when multiple cars are stopping simultaneously; Sec. [d.2]
studies whether AD-Memo can handle general and diverse driving scenes. In both sections, we study
whether AD-Memo better understands the driving scene by better answering related VQA questions,
and whether our semi-closed loop RL algorithm, Da Capo can further improve our model. Finally,
in Sec. we study whether the memory produced by AD-Memo can be portable to other models.

Baseline Settings. For a fair comparison, unless otherwise specified, all models are based on the
VLA backbone of a 2B, single camera-focused checkpoint of Alpamayo 2 (NVIDIA| 2026) (i.e.,
no action experts; see Appendix [F for details). We mainly test four baselines: 1) the base model
mentioned above that has not been further finetuned; 2) no memory, which goes through the same
training recipe but without memory; 3) CoT-as-memory, which goes through the same training recipe
but uses the original past CoT text as memory; 4) To provide a standard for the performance, we
also test NVIDIA’s recently published flagship driving model, Alpamayo 2 Super 34B.

4.1 ALL-WAY STOP

Evaluation Settings. For each of the 2479 clips in the test set, following prior work (Tan et al.,
2026), we generate i = 6 parallel trajectories with different memories. To expand our evaluation
basis, we calculate and report the average performance in each keyframe before the ground truth
stop, which is a total of 50533 keyframes. For those keyframes, we follow existing evaluation pro-
tocols (Liang et al., [2026)) and report the following metrics: (1) minADE, Average (Avg.) ADE, and
Most Likely (ML.) ADE (Pellegrini et al.,2009), where ADE stands for Average Displacement Error.
This metric measures the difference between the predicted trajectory and the ground truth human
expert trajectory; (2) Task-specific metric, such as go Success Rate (go SR), stop Success Rate (stop
SR), roll-through rate (Roll), position error (Apes) and stop duration error (Agy), which measures
the performance of prediction stopping and moving within a particular threshold of the ground truth,
the chance of not stopping at all when it should stop, and the spatial and temporal difference related
to ground truth stop; (3) MCQ Accuracy (Acc.), which measures the scene understanding ability of
the VLA as a streaming video agent. See Appendix for details on the metrics.

Results. Tab. E] illustrates the result, which clearly shows that AD-Memo, both after SFT and RL,
outperforms all other baselines (even Alpamayo2 Super 34B) under the same training recipe, which
shows the effectiveness of AD-Memo. Notably, with the reference memory, AD-Memo works much
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Table 1: The main result for all-way stop dataset, with the best results bolded. “ref. mem” stands for
using “reference memory” as input; they are generated in the same way as SFT ground truth labels.
J means the lower the better, and vice versa. The result shows that AD-Memo works the best on
both driving and question-answering tasks, and even far outperforms the flagship model, Alpamayo2
Super 34B (which has action expert and does not output logits, thus has no most likely ADE).

minADE | Avg. ADE| ML.ADE| StopSRT GoSR?T Apsl Agwrd Roll] MCQ Acc.t

Base Model 1.386 2.351 2.393 82.06% 33.74% 1.725 1.871 11.79% 0%
Alpamayo 2 Super 34B  0.993 2.293 N/A 78.75% 34.30% 2.182 1.488 15.94%  33.19%
No mem. (SFT only) 1.102 2.185 2.318 87.04% 38.59% 1.358 1.564 6.62%  33.77%
CoT mem. (SFT only) 1.096 2.171 2.296 86.89% 39.37% 1.377 1.531 6.69%  45.41%
AD-Memo (SFT only) 1.049 2.121 2.256 87.48% 40.66% 1.257 1.469 6.05%  45.99%
CoT mem. (SFT+ref. mem) 1.098 2.169 2.286 86.95% 39.45% 1.367 1.521 6.61%  45.24%
AD-Memo (SFT+ref. mem) 0.963 1.963 2.086 87.70% 44.66% 1.185 1.296 5.84%  89.53%
No mem. (SFT+Da Capo) 0.944 1.952 2.005 88.92% 43.76% 1.125 1.248 521%  35.32%
CoT mem. (SFT+Da Capo) 0.968 1.906 1.942 89.20% 44.88% 1.157 1.194 531%  4587%
AD-Memo (Ours) 0.951 1.866 1.915 89.26% 45.01% 1.070  1.183 526%  51.66%

Figure 4: An example of how memory aids driving. The ego and the car on the left (circled in red)
are both stopping. Without memory, the agent does not know whether it should move first.

better than its SFT counterpart with self-generated memory, which shows the potential of improve-
ment from accurate language memory, and also necessitates RL training. CoT-as-memory works
similar or slightly better in driving than no memory and largely helps question answering, but shows
much lower potential as the MCQ accuracy of reference and self-generated memory is almost the
same for CoT-as-memory. This is because CoT focuses more on ego action and misses most objects
on the road (Appendix [C). Also, all three types of memory after RL significantly improved, which
proves the effectiveness of Da Capo. See Appendix [D.2]for more ablation on Da Capo components.

Qualitative example. Fig. [d]shows an example of how memory aids driving. In this case, both ego
and the left car stay still at the intersection. Without memory, the agent cannot decide which car to
go first. In fact, the car on the left arrives prior to ego car, which is recorded in the memory as “left
car arrives at the crossing”. This information does not exist in the original CoT without memory.
Thus, as Fig. [5]shows, our method achieves more precise control that better fits ground truth.

4.2 GENERAL DRIVING SCENES

Evaluation Settings. For general driving scenes, we use the same ADE metrics and MCQ accuracy
as those in Sec. 41| We additionally report: (1) minFDE, average FDE and most likely FDE (Final
Displacement Error), which measures the difference between the car’s final position between the
predicted and ground truth trajectory; (2) corner distance (See Appendix for details), which
describes the discrepancy of the car’s bounding box between ground truth and prediction. In total,
we report the average result of 9112 clips over 145462 keyframes.

Results. Tab. 2]illustrates the result on the general driving dataset. Our method outperforms all other
baselines. Notably, different from the all-way stop dataset (Sec.[4.I), RL improves average and most
likely discrepancy to ground truth but not the minimum of rollouts. This is because with RL, the
policy distribution is more concentrated and thus leads to higher ADE with inaccurate intention
prediction. For example, the model may concentrate on predictions of turning left at the crossing,
while the ground truth is turning right. In contrast, at an all-way stop crossing, the intention of
passing is clear. See Appendix [D.1]for an example of how our memory benefits general driving.
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Figure 5: The trajectory of different methods with the input from Fig. 4] The result shows that our

method can better recognize that ego should stop, which yields

lower ADE results.

Table 2: The main result for the general driving dataset, where the best results are bolded; the result
shows that our method performs the best. ADE, FDE and corner distance are all the lower the better;

the MCQ accuracy is the higher the better.

minADE | Avg. ADE| ML.ADE]| minFDE| Avg. FDE| ML.FDE| Corner] MCQ Acc.?

Base Model 1.032 1.981 2.049 2.853 5.937 6.194 1.001 0
Alpamayo 2 Super 34B 0.954 2.081 N/A 2.556 6.141 N/A 0.902 25.71%
No mem. (SFT only) 1.007 2.033 2.075 2.716 6.108 6.279 0.968 58.02%
CoT mem. (SFT only) 1.031 2.059 2.105 2.787 6.192 6.375 0.993 57.51%
AD-Memo (SFT only) 1.005 2.011 2.049 2.705 6.042 6.196 0.967 65.63%
CoT mem. (SFT+ref. mem) 1.034 2.064 2.105 2.795 6.207 6.373 0.995 57.36%
AD-Memo (SFT+ref. mem) 1.012 2.014 2.051 2.734 6.053 6.208 0.974 67.65%
No mem. (SFT+Da Capo)  1.090 1.883 1.891 3.042 5.583 5.648 1.062 57.43%
CoT mem. (SFT+Da Capo)  1.105 1.907 1.918 3.071 5.631 5.707 1.079 56.94%
AD-Memo (Ours) 1.091 1.864 1.869 3.027 5.512 5.576 1.066 65.51%

4.3 MEMORY PORTABILITY

One crucial advantage of AD-Memo is its portability: it can
improve the model’s own performance and serve as a plug-and-
play enhancement for other models. To evaluate this portability,
we use our SFT-trained checkpoint to process each clip sequen-
tially, generating memory from memories generated at previous
frames and the current frame. We then ask GPT-5.6 Luna to

answer questions from LingoQA (Marcu et al.,2024) and Way-
moQA (Yu et al., 2025b) (see Appendix , using only the

final frame and the generated memory as context. This setup
allows the answering model to access information from earlier
frames through memory generated by our model. The results in
Tab. [3] show that this memory improves another model’s VQA
performance in a zero-shot setting.

What matters for language memories? When we curate
“ground truth / reference memory” as SFT training labels, we
ask the model to review the memories generated for each frame,
and merge them to keep track of the same object (See Ap-
pendix|C.2)for details). To verify the importance of this merging

Figure 6: An image paired with
the question “What is the color
of traffic lights?” Repeated state-
ments in the unmerged mem-
ory that “the ego vehicle is now
stopped” mislead GPT-5.6 Luna
into incorrectly inferring that the
traffic light was red.

step, we train our checkpoint on the memory-writing task with merged memory and unmerged mem-
ory respectively, and test the portability of the memory generated by such checkpoint. The result is
illustrated in Tab. [3] which clearly shows that unmerged memory performs significantly worse.

A closer inspection in the wording of the two versions of memory suggests that the performance
gap can be attributed to three reasons. First, the lack of consistent references (e.g., the lead car,
the pedestrian on the left) in standalone description of individual frames caused the memory to
repeatedly identify the same item, increasing more than twice in length (16.57 words vs. 51.62
words on average) than the merged memory, making it not only undesirable for memory, but also
distracting; second, standalone memory contains 97-98% fewer temporal words such as “continue”
and “remain”, reducing the temporal information of the objects; finally, as shown in Fig. [6] when
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Table 3: The accuracy of GPT-5.6 Luna on LingoQA and WaymoQA, which shows that our memory
can enhance the scene understanding of other models in a plug-and-play manner.

Our memory + last frame  Unmerged memory + last frame  Only last frame  Full video

WaymoQA 71.65% 68.3% 66.63% 75%
LingoQA 67% 60.4% 62.6% 70%

the standalone memory repeatedly states “ego vehicle is stopped”, the model can be misled and
determine that the color of traffic lights were mostly red. Thus, temporal information in memory is
a key to success.

5 RELATED WORKS

VLA driving agents. Empowered by the recent success of LLMs (Singh et al.l 2025} |(OpenAl,
20260) and Vision-Language Models (VLMs) (Li et al., 2025), VLA models (Zitkovich et al.| 2023
O’Neill et al., [2024) are an emerging solution to the long-standing challenge of fully autonomous
driving (Wang et al., 2025; |L1 et al) 2026e; Zhou et al., 2026). Compared to the conventional
“perception-decision-action” modular pipeline (Urmson et al) [2009; [Kato et al., 2018), Vision-
Action (VA) models that map sensor input to action (Hu et al., 2023} [Liao et al., [2025)), and driving
VLMs that only predict high-level meta-actions (Huang et al.,|2024; |Cui et al., 2025b)), VLA driving
agents utilize the reasoning abilities of their VLM backbones while producing end-to-end trajecto-
ries for control. This idea has attracted considerable attention recently (Tan et al., 2026; |[Fu et al.,
2026; Peng et al., [2026; [Li et al., 2026¢). Following this idea, we make full use of VLM backbone
knowledge with language memory and build AD-Memo on Alpamayo (Wang et al., [2025)).

Driving agents with memory. Memory-dependent tasks pose a long-standing and important chal-
lenge in autonomous driving (Liang et al.l [2026)). Prior solutions mainly fall into two groups: latent
vector (Leng et al., 2025} [Song et al., 2025) and in-context learning (Wen et al., 2024} Mei et al.,
2024; |Zhang et al., |2026). The former maintains a bank of dense representation vectors extracted
from past inputs. While some methods keep KV-memory bank (Shao et al., 2023) or perform test-
time training (Kim & Parkl [2026)), the prevailing approach is to store compact tokens produced by
Q-Former (L1 et al.| 2023} |Fu et al., 2025} Zhang et al., |2025; |[Huang et al., 2026c¢), ConvLSTM (Shi
et al.| [2015; Gerasyov et al.,2024), or other encoders (Salazar-Gomez et al.,|2024); such memory is
usually accessed via cross-attention. The latter often stores structured records of prior driving expe-
riences (e.g., scene descriptions and responses), which are added to the agent’s input as prompts in
a Retrieval-Augmented Generation (RAG) (Lewis et al.|[2020) manner (Cui et al.,2025a}; | Yao et al.,
2025). While other memory methods also exist, such as directly storing past frames for reasoning
agents (Zheng et al.| |2026; Baimbetova et al., 2026) and maintaining knowledge graphs (L1 et al.,
2026b), AD-Memo is the first VLA driving agent with in-episode language memory.

VLA agents with in-episode language memory. Several works in the robotics community explore
in-episode language memory in VLA agents. Notes-to-Self (Haresh et al.| |2026) records grounding
information, plans, and the agent’s actions, and updates memory when the model determines that a
subtask has been completed; MEM (Torne et al., 2026)) uses language memory to record the agent’s
plans and actions for a high-level VLM, which in turn instructs a low-level VLA; Goal2Skill (Liu
et al., |2026) and 79-VLA (Cai et al., |2020) are similar but incorporate additional mechanisms for
verbal self-reflection and verification. AD-Memo differs from these works in two ways: 1) None
of these works studies autonomous driving, where language memory remains surprisingly under-
explored. This domain presents new challenges regarding memory content (Sec. [3.1); 2) None of
the above works uses RL for training, whereas our work proposes a novel semi-closed-loop RL
algorithm, representing a methodological advance.

6 CONCLUSION

In this paper, we propose AD-Memo, the first VLA driving agent with in-episode language-based
memory that is not only effective but also brief, explainable, and portable. The agent outputs mem-
ory alongside CoT when driving, and the memory is then appended to the future input. To train this
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model, we curate multiple datasets, and propose Da Capo, a novel semi-closed-loop RL algorithm
that replays ground-truth driving states while using the agent’s self-generated memory. We empiri-
cally demonstrate that AD-Memo improves driving performance, performs better on VQA tasks for
scene understanding, and produces memory portable to other models. We believe that AD-Memo
offers a timely and effective solution for memory-dependent tasks in autonomous driving.

REPRODUCIBILITY STATEMENT

We describe the detail of how we curate our dataset in Appendix [C] The experiment metric, external
benchmarks and hyperparameters are described in Appendix [B.I| Appendix[B.2] and Appendix [B.3|
respectively. We also report our computational resource consumption in Appendix [E]
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APPENDIX: VISION-LANGUAGE-ACTION AUTONOMOUS DRIVING AGENT
WITH LANGUAGE-BASED MEMORY

The appendix is organized as follows: in Sec. [A] we provide discussion and proofs for our novel
semi-closed loop algorithm, Da Capo; in Sec. [Bl we discuss the details on our evaluation metrics
(Sec.[B.T), benchmark adopted (Sec.[B.2)), and hyperparameters (Sec.[B.3)); in Sec.[C] we introduce
our dataset curation pipeline, statistics and examples of memory and VQA questions in our dataset;
in Sec.[D] we provide a broad range of qualitative and quantitative ablations; in Sec. [El we describe
the computational resource for this work; finally, in Sec. [F| we discuss the limitation and potential
future work of our AD-Memo.

A MATHEMATICAL PROOFS

To see the equivalence between the expected gradient of Da Capo without standard deviation and
the gradient of GRPO with trajectory-level reward, we start from an intuitive example. Suppose
we have a 3-step trajectory with memory mem; , mems, memg, predicted trajectories 71, 7o, T3, driv-
ing rewards 7"V PP DIV and g subsequent VQA reward V@A with AVQA = 1. With a
trajectory-level return, without baseline subtraction or advantage normalization, the contribution of

memsy to the policy gradient is
1 . - .
E7r9 |:<3 <rll)r1vmg + rQDrlvmg + T?rlv1ng) + ’I’VQA> Vo 10g o (mem2 | 62) , (4)

where cy consists of the second-step input, including mem;, and the second-step CoT output.

Let H denote the common rollout prefix containing the first-step input, CoT output, and mem;,
before generating 7, and the second-step continuation. The latter uses mem; and the fixed second-
step environmental input, but not ;. With independent sampling randomness for the two branches,

71 and (co, memy) are therefore conditionally independent given H. Since rD““"g is determined by
71 and the fixed reward references, r]fmmg 1 (co, memy) | H.

By the score-function identity and the law of total expectation,

Er, [Volog mg(mems | c2) | H]

= Eeyur | Y mo(m | c2)Vologmg(m | c2>] s
=K, | Vo Zﬂe(m | 02)1 =0,
where cs is held fixed in the inner derivative. Consequently, conditional independence gives
]E 1 Drlvmgv 1
] g log mg(memy | o)
3 (©)

1 rivin
=3Ex, [Ex, [10™" | H| v, [Volog mo(mem, | ) | H]| =0,

D . .
Thus, removing 7 "I from the return weighting the score-function term for mems preserves the

expected policy gradient, consistent with Schulman et al.|(2015)).

More generally, fix the replayed inputs and terminal question X, and sample K independent on-
policy rollouts with n + 1 keyframes (n driving frames + 1 VQA frame). All expectations below are
conditional on X; the conclusion also holds after averaging over X. Assume differentiable policy
probabilities with fixed support and sufficient integrability to interchange differentiation, summa-
tion, and expectation.

For rollout i at step j, let S; Memmy SDrwmg nd S denote the scores of the CoT/memory block,

predicted trajectory, and termmal answer, respectlvely Each score is the gradient of the correspond-
ing conditional log-probability, summed over the block’s tokens.

16



arXiv Preprint

Define the trajectory-level return
1 "~ Driving VOA..VQA
_Ezri’k 4 AVQA,YRA (7)
k=1
and recall the causal returns from Sec.[3.2}

GDrlvmg 1 TDrrvmg

) n v ’

Memory Z Drrvmg + )\VQATZYQA, (8)
VQA _ VQA VQA
G/~ =0
Without standard-deviation normalization, the corresponding group-centered advantages are

c c 1 = c traj 1 K
Az’j = Gi,j - E ZGé’j, A1 =R; — ? ZR(, (9)
£=1 =1

where ¢ € {Driving, Memory, VQA}, with the step index j omitted for VQA.
Claim 1 (Expected-gradient equivalence). For every output block,

E[sg,45,] =E [s¢,477]. (10)
Consequently, without standard deviation, our method and trajectory-level group centering yield the

same expected on-policy score-function gradient (but different credit assignment).

Proof. For any generated block Y with conditioning input and prefix H, its score S =
Vologme(Y | H) satisfies

E[S | H] =Y mo(y | H)Vologm(y | H) = Vo Y _mo(y | H) =0. (11)
y y
Let Af ; = R; — Gf ; denote the discarded reward. For driving, it contains the other steps’ driving

rewards and the VQA reward; these are conditionally independent of the current predicted trajectory
because predicted trajectories are not reused as later driving or VQA inputs. For Memory and VQA,
it contains only driving rewards determined before the corresponding block is generated. Thus, in
each case, Af ; is conditionally independent of the generated block given its conditioning context
H, and

E [S;A7 ;] =E[E[AS; | HIE[S]; | H]] = 0. (12)

For ¢ # i, independence between the rollouts and E[SF ;] = 0 also give E[S7 ;Af ;] = 0. Therefore,

E[sg; (4 - 45,)| =E [s;j (A;j - ;{i Ag,j)] —0. (13)
{=1

Summing over output blocks and averaging over rollouts completes the proof. O

Remark 1. Adding standard deviation to the advantage (i.e. the Deviation-Adjustment (DA) in Da
Capo) generally breaks the expected-gradient equivalence in two ways. First, as standard deviation
is computed individually for every step, the introduction of such denominator adds a stepwise scaling
to the total reward. Second, estimating the denominator from the same rollout group can invalidate
the zero-mean cancellation of conditionally independent reward terms. To see this, decompose
the trajectory-level return associated with a driving output as r; + 72, where 72 is conditionally
independent of the current trajectory tokens given their conditioning context. Although 75 can be
removed without changing the expected unnormalized gradient, its contribution after division by
std(r1 4+ 72) does not necessarily vanish, because the denominator also depends on the sampled
output through r.
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Despite this loss of exact equivalence, we find standard-deviation normalization empirically bene-
ficial in our autonomous-driving setting, unlike the findings of “Dr. GRPO” (Liu et al., 2025) for
mathematical reasoning. This choice is motivated by the heterogeneous reward scales across scenes
and task components. For example, driving-reward differences within a rollout group can range
from approximately 0.02 for a 0.1 m ADE difference to 1 for an ADE difference exceeding 5 m.
Normalization within each step and output component puts these heterogeneous advantage signals
on a comparable scale, allowing small but meaningful driving improvements to contribute alongside
larger reward differences. Our ablations show that this adaptive normalization outperforms RL with
no standard deviation or a fixed normalization constant; see Sec.[D.2] for ablations.

B EXPERIMENT DETAILS
B.1 EVALUATION METRICS
We list the details on the evaluation metrics used in Sec. @ here:

* minADE (lower is better). Minimum Average Displacement Error (ADE) is one of the
most commonly used metric in autonomous driving. More specifically, given K predicted

trajectory 71 = (pi,p3, -+ Pig)s - > T = (P15, P5 s - ., piy) and ground truth trajectory
= (p§T, pST, ..., p§T), minADE is calculated as
| M
min i i _ . GT : »
ic{1,2,...K} M ; 1P —p5" |2 (14)

where p’,pi" € R are waypoints on the 2D coordinate, each represents the location for
every 0.1 second. Following prior works, unless otherwise specified, we have K = 6 and
M = 64 (i.e. prediction of 6.4s) in our evaluation. minADE describes the behavior of the
best prediction, which compensates for potential mode error (e.g. due to human intention
unavailable to the agent, the car turns right when the prediction is turning left).

* Average ADE (lower is better). Similar to minADE, average ADE can be calculated as

K M

1 i
3w 2 25 = B2, (15)

i=1 j=1
which describes the average driving performance of the VLA.

* Most likely ADE (lower is better). Most likely ADE describes the performance of the
agent if the car is under its control. With K rollouts, we calculate the log probability of
each rollout, and report the ADE - Z]M=1 I p; - ijTHQ for trajectory 4 with the highest log
probability.

* minFDE (lower is better). Minimum Final Displacement Error (FDE) describes the dis-

crepancy between the final position of the predicted and ground truth trajectory. More
specifically, it is calculated as

min o — pSt 16
i€{1,2,....,K} IPar = Par (16)
i.e., only take the last waypoint into account.

» Average FDE (lower is better). Similar to minFDE and average ADE, average FDE is
calculated as

=

K 1 )
> =Pk = 5t N2, (17)
j=1

* Most likely FDE (lower is better). Similar to most likely ADE, most likely FDE is the
FDE for the trajectory with the highest log probability.
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¢ Corner Distance (lower is better). Corner distance jointly measures the translation and
orientation errors of the predicted ego-vehicle trajectory. Let ¢}, and cJGlT denote the [-
th corner of the predicted and ground-truth ego-vehicle bounding boxes, respectively, at

timestep j, where | € {1, ..., 8} for a 3D bounding box. Corner distance is calculated as
| Mo
: i GT
37 22 i e = ST a9

The corners are obtained from the predicted vehicle position and orientation using a fixed-
size ego-vehicle bounding box.

* Stop Success rate (SR, higher is better). We first detect a stop as a contiguous interval
during which the vehicle speed is below a threshold vst.p. Only examples containing a valid
ground-truth stop are included in the evaluation. A prediction is considered a successful

stop if it contains a valid predicted stop and its stop-start time tsgss satisfies
GT d _ ,GT
tstop - 2€St0P < tEtr(fp < tstop + Estop- (19)

Stop SR is the fraction of eligible predictions satisfying this condition. Unless otherwise
specified, following prior work (Liang et al., 2026)), we use vgtop = 0.5 m/s, a minimum
stop duration of 0.2s, and €gop, = 0.7s. Notably, only when a keyframe is before the
ground truth stop time will we consider it as eligible for metric computation as reported in

Sec. 11

* Go Success rate (SR, higher is better). For a ground-truth trajectory that departs after
stopping, a prediction is considered successful if it contains a valid stop and its stop-end
time is within the specified tolerance of the ground-truth stop-end time:

T T
tgo — €early S tgéed S tggo + €late- (20)

If the ground-truth vehicle remains stopped until the end of the prediction horizon, the
prediction is successful only if it also remains stopped. Go SR is the fraction of eligible
predictions satisfying the corresponding condition. We use €carly = €late = 0.7 s following
prior work (Liang et al., [2026)).

* Roll-through Rate (Roll, lower is better). A prediction is classified as a roll-through if
the ground-truth trajectory contains a valid stop but the predicted trajectory contains no
valid stop interval. Roll-through rate is the fraction of eligible predictions classified as
roll-throughs.

* Position Error (A, lower is better). Position error measures the spatial discrepancy

. . . T
between the predicted and ground-truth stopping locations. Let pgop denote the ground-
truth stopping position and pgggg

calculated as

the position at which the predicted stop begins. It is

pred

— GT
Apos - pstop - pstop

’2. @1)

If no valid predicted stop is detected, the final predicted waypoint is used as pstrsg . We
report the mean position error in meters over eligible examples.

« Stop Duration Error (Aqy,, lower is better). Let d°° and dST_ denote the durations of

A . 'stop stop “ .
the predicted and ground-truth stop intervals, respectively. Stop duration error is calculated
as
d _ 4,GT
Adur = |dSiop — dsiop| - (22)

The predicted stop duration is set to zero when no valid predicted stop is detected. We
report the mean duration error in seconds over eligible examples.

* MCQ Accuracy (higher is better). MCQ accuracy is the accuracy of the model answering
the question at the end of the clip, and is an indicator for the general scene understanding.
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B.2 LINGOQA AND WAYMOQA

LingoQA. LingoQA (Marcu et al.,|2024) is a video question-answering benchmark for autonomous
driving that covers both fine-grained scene perception and higher-level driving reasoning. Each sam-
ple contains a 4-second driving clip sampled at 1Hz (i.e. a total of 5 frames), together with free-form
questions and answers concerning nine competencies, including action recognition, action justifica-
tion, object to pay attention to, object identification, localization, description, counting, anticipation,
and counterfactual reasoning. We test our memory on its evaluation set, which comprises 500 ques-
tions from 100 held-out scenarios, with two independently written reference answers per question,
yielding 1,000 reference answers. Predictions are evaluated primarily using Lingo-Judge, a learned
truthfulness classifier that determines whether a generated answer is semantically consistent with
either reference answer; the resulting correctness scores are averaged over the evaluation set.

WaymoQA. WaymoQA (Yu et al., 2025b) is a visual question-answering benchmark built from
long-tail scenarios in the Waymo End-to-End Driving Dataset (Xu et al., 2026) and designed to
assess safety-critical driving reasoning. It includes both key-frame image questions and temporal
video questions spanning perception, behavior prediction, planning, uncertainty, counterfactual rea-
soning, spatial and temporal relationships, traffic signals, and two-stage reasoning about immediate
hazards and risks induced by an initial evasive action. In our experiment, we keep the video-VQA
in the test set, which translates to 896 questions, and write memory for the video at 2.5Hz (same
frequency as that in our dataset). The predictions are verified by rule-based scripts that extracts
answers.

B.3 HYPERPARAMETERS

Tab. []lists the hyperparameter we use for our experiments. Notably, to align the training dynamics,
for our no memory and CoT-as-memory baseline on the general driving dataset, we also train them
on the same memory writing data as our method.

C DATASET CURATION AND STATISTICS

C.1 ALL-WAY STOP DATASET
C.1.1 DATASET CURATION

We curate our all-way stop dataset by first choosing the clips with all-way stop sign with the follow-
ing standards: 1) ego has stopped in the clip, where “stop” is defined as speed < 0.3 m/s for > 0.2
seconds; 2) besides ego car, there must be at least one more car that has stopped, and the period of
stopping must be no more than 1 second apart from ego’s period of stopping (such that memory is
needed); 3) At most one car has stopped before the clip starts, such that the stopping order can be
recovered from the video. With such video, we then identify the moments of “stop” and “go” event
of each car in the scene with trajectory information for ego and bounding box detection for other
cars. In total, we curate 7436 clips for SFT training, 2479 clips for RL training and 2479 clips for
evaluation with no joint clip between the splits.

Memory curation. As we care about “stop” and “go” in the all-way stop scenario, our memory is
closely related to the stop/go status of each car and generated in a rule-based manner. We define
six sequential states for the car: “moving towards the crossing”, “almost arrives at the crossing”,
“arrived at the crossing”, “stopping”, “start moving”, “passing the crossing”, and assign them to our
key frames according to the time of stop/go events. Memory at each frame is a concatenation of

state description for each car (e.g. front car, left car, right car and ego); see Sec.[C.1.3|for examples.

VQA curation. In this dataset, we focus on the following question: “What is the stopping order
between the cars?”. If the scene only involves two cars, we ask whether one of the car comes earlier;
if three or more cars are involved, we ask that in which permutation did the car arrive. The reason
for focusing on this question is because we find the other questions, such as going order, are severely
biased (e.g. towards ego car moving last; see Sec. [C.1.2]for details).
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Table 4: List of hyperparameters for our algorithm.

Supervised Fine-Tuning

global batch size
learning rates

optimizer

Adam betas / epsilon
weight decay

Ir scheduler

gradient clipping

precision

maximum sequence length

input frames per sample

weight for memory-writing in SFT ¢;
VQA weight in SFT c»

128

1 x 1072 (vision encoder); 1 x 10~* (language model and LM
head)

fused AdamW

(0.9,0.95)/1 x 1078

0.1

cosine decay; 100-step linear warm-up; minimum Ir factor
0.01

1.0

bfloat16 parameters; float32 reduction

8192 tokens

4 (0.1s per frame)

1 for general driving, O for all-way stop

10

Semi-Closed-Loop RL

number of steps

global rollout batch

rollouts per clip / group size
optimizer

learning rate

Ir scheduler

Adam betas / epsilon

weight decay

sampling temperature / top-p
gradient accumulation interval
optimizer steps per epoch

epochs of update per batch

gradient clipping

PPO clipping range

KL coefficient

importance sampling weight clipping
MCQ reward weight

memory reward

driving reward

maximum response / context length
training precision

420 (all-way stop, 2 epochs); 760 (general driving, 1 epoch)
144 trajectories per training step (12 clips x 12 trajectories)
12

fused AdamW

3x107°

constant

(0.9,0.999) /1 x 107°

0.01

0.6/0.98

60 samples per GPU, with the final partial interval flushed
vary with trajectory length; typically 3-4 (144 trajectories X
20-25 steps / 16 GPUs / 60 samples)

1

1.0

€low = 0.20, €pigh = 0.28

0.001

2.0

0.5

LS rdve 4+ 0.5r™MOQ for step i

—0.2 ADE for ADE < 5m; —1 otherwise

51274096 tokens

bfloat16 parameters; float32 reduction

Evaluation
sampling temperature 0.6
sampling top-p 0.98
parallel rollouts K 6
trajectory horizon 6.4s
trajectory discretization 64 future waypoints at 10 Hz
memory horizon T’ 50

C.1.2 STATISTICS

Our all-way stop dataset contains 12394 clips, randomly divided into SFT training, RL training,
and test sets in proportions of 60%, 20%, and 20%, respectively, as described in the main paper.
Of these, 9877 clips concern the arrival order of two cars, while 2517 concern the arrival order of
three or more cars. As co-waiting and situations in which vehicles’ stopping periods overlap or are
separated by at most 1 second are important but relatively rare in driving, we curated this dataset by

filtering over one million clips. Each memory entry contains 14.827 tokens on average.
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Figure 7: Anillustration of the two key statistics of our dataset. Panel (a) is the number of keyframes,
which is the length of our clip; panel (b) is the co-wait time between ego and other car, which is a
surrogate for the memory horizon required.

0.3 s ago .2 5 ago 0.15ago now
- -

Figure 8: An example of the visual input for all-way stop dataset at the VQA frame.

Fig. [7] shows the distribution of the number of keyframes per clip in panel (a) and the maximum
co-waiting duration between the ego vehicle and any other vehicle in each clip in panel (b). Panel
(a) reflects the distribution of clip lengths, as consecutive keyframes are spaced 0.4 seconds apart.
Panel (b) serves as a proxy for the required memory horizon: when two vehicles are waiting simul-
taneously, the current frame alone may not reveal which arrived first. Notably, only 2.72% of clips
have a co-waiting duration of at least 5 seconds, and none exceeds 10 seconds. Using this proxy, a
memory horizon of 5 seconds covers the estimated memory requirement for over 97 % of clips,
while 10 seconds covers all clips. These observations guide our choice of memory horizon.

Bias in departure order. We examine the distributions of stop and go event orderings between
the ego vehicle and other vehicles in our dataset. Across all pairs of stop events involving the ego
vehicle and another vehicle, the ego vehicle stops earlier in 31.7% of cases, later in 42.6%, and
simultaneously in 25.6%. For pairs of go events, the ego vehicle starts moving earlier in 18.8% of
cases, later in 66.5%, and simultaneously in 14.8%. Given this strong bias toward the ego vehicle
starting later, we exclude questions about departure order from our VQA task.

C.1.3 EXAMPLES

Below we show an example of question, corresponding memory and answer in an all-way stop
dataset, with input visualized in Fig.[8] The rationale of the answer are generated by GPT-5.6 Luna
by taking the memory, the question and the answer option as input.

Example Question:
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Determine the chronological arrival order of the following vehicles at the crossing. Here, “>"" means that
the event on the left occurred more than 0.5 seconds earlier, while “=""means that the two events occurred
within 0.5 seconds of each other; “>" means “no later than” and allows either relation. If multiple answers
apply, choose any correct one.

1. car ahead arrives at the crossing 2. ego arrives at the crossing 3. left car arrives at the crossing

A3>2>1 B.2>1>3 (C.2>3>1
D.1>3>2 E1>2>3 FE3>1>2

Example Memory:

s N
[-0.4s] The car ahead seems to start moving. The left car is passing the crossing. The ego vehicle
seems to start moving.

[-0.8s] The car ahead arrives at the crossing. The left car is passing the crossing. The ego vehicle is

stopping.

[—-4.8s] The car ahead is moving towards the crossing. The left car stays still. The ego vehicle arrives
at the crossing.

[-5.2s] The car ahead is moving towards the crossing. The left car arrives at the crossing. The ego
vehicle almost arrives at the crossing.

[-6.8s] The car ahead, the left car, and the ego vehicle are moving towards the crossing.
L J

Example CoT as memory:

0.4s] the crosswalk due to the pedestrian crossing ahead.
-0.8s] the intersection because the crossing vehicle has cleared.

[-4.8s] toyield to the vehicle crossing the intersection.
[-5.65s] to stop at the stop sign controlling the intersection.

[-6.8s] to stop due to the stop sign at the intersection.
L J

Example Answer:

Qurs. According to the history, the car ahead arrives at the crossing (1) 0.8 seconds ago, the ego vehicle
arrives at the crossing (2) 4.8 seconds ago, and the left car arrives at the crossing (3) 5.2 seconds ago.
Since the last two events are within 0.5 seconds of each other, the order is 3 = 2 > 1. Thus, the answer
is A.

CoT as memory. The left car is already passing through and then clearing the intersection, so it arrived
first. The ego vehicle remains behind the stop line during the final visual inputs, while the car ahead does
not enter the crossing before the ego vehicle. Thus, the answer is A.

C.2 GENERAL DRIVING DATASET

C.2.1 DATASET CURATION

We curate a dataset that tests the performance of our algorithm in more diverse and challenging
driving scenes. To identify such scenes, we use Qwen3-VL-30B-A3B-Instruct (Bai et al.,[2025) and
collect a set of 45446 clips (27246 SFT training set, 9088 RL training set and 9112 test set) with
challenging scenes; see Sec. [C.3|for the prompt.

Decision graph. With such clips available, the key challenge of language-based memory is to
balance between brevity and inclusion of the objects that indeed affect driving; describing each of
the 20 pedestrians on the sidewalk who never enters the road will only make the language memory
less efficient than image input. Thus, we design a novel agentic framework in which the agent first
identify and track items of interests in the frame with tools according to the video context. The agent

23



arXiv Preprint

ego intends to stopped track_3556 Remain stopped and yi...
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Overhead traffic sign.

ignal_or
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Figure 9: An example of a decision graph.

then builds a decision graph, which describes the objects of interest on the road and their relation
with the ground truth action of ego car on this frame. By doing so, we ensure that all items described
in the memory are relevant to the driving decision. Such graph is built with the following procedure:

Object Grounding: Given the video clips, we first apply specialized object detection and
map-element perception models to localize driving-relevant entities, including vehicles,
Vulnerable Road Users (VRUs), crosswalks, lane areas, road signs, and traffic lights. Each
detected entity is represented by a grounded visual prompt, such as an indexed bounding
box, mask, or polygon overlaid on the corresponding frame. These prompts establish an
explicit correspondence between image regions and unique object or map-element identi-
fiers.

Semantic Association: With the grounded object, a vision-language model is then queried
with the visually prompted frames to associate higher-level semantics with the grounded
entities, such as their type, state, motion, and relation to the ego vehicle or road layout. The
resulting grounded entities and semantic attributes are converted into structured evidence
records. Such evidences form a comprehensive set of candidate nodes in the decision graph,
which will be filtered in the next step.

Evidence Gathering: Given a specific key frame from the video and the related evidences,
we call GPT-5.6 Luna to select the ones that affects driving with rationale, which is essen-
tially a filter over the evidences. The model is also asked to review the frame and add any
missing evidences in the image.

Retrieve Final Action: We call GPT-5.6 Luna to generate future action of ego car in natural
language, and calibrate with the ground truth future trajectory.

Build Graph: With both the evidences and final action available, we prompt GPT-5.6 Luna
to build a graph, where each evidence and final action is a node and the connection between
them is an edge. The model is asked to give rationale and a category (e.g. causal, temporal,
intentional, regulatory, etc.) for each edge connected.

Description-Based Linting: With the decision graph generated, we use a rule-based script
to conduct a sanity check on the graph, and regenerate those which have invalid node,
empty rationale, or no connection to the final action.

Fig. [9]shows an example of decision graph. Notably, as the decision graph requires multiple VLM
calls and can be expensive in practice, we only generate such graph for every 1.2s (i.e. every three
keyframes), and then use GPT-5.6 Luna to fill in memory for the time between decision graphs.

Memory curation. With decision graphs for each key frame, we prompt GPT-5.6 Luna to curate
the memory by first describing the nodes in the graph connected to the final action, then asking the
model to review and merge memories from the same clip and “connect” them by keeping track of
the same object throughout the text. We found that merging memory is vital, as repeated description
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Figure 10: The distributions of the number of keyframes in the general driving dataset. Most clips
are around 21 frames, which translates to 8 seconds of video.

Figure 11: An example of the visual input for the general driving dataset at the VQA frame.

of the same item is not only lengthy, but can also be misleading; for example, the stop caused by a
pedestrian on the road, if described repeatedly, can mislead the model on the judgment of the traffic
light. See Sec. [4.3]for an example. Notably, the memories are generated independently from VQA;
this is because if the memory overfits toward a particular VQA question, it will only focus on a small
set of object of interest and miss most items in the scene that affects driving.

VQA curation. We curate two types of VQA questions with GPT-5.6 Luna: the easy type and the
hard type, where the former directly asks about an object of interest in the video, while the latter
is multi-hop, i.e., asks the relative change between two time frames by checking the decision graph
difference between the two frames. We use the former in the training set and the latter in the test set.
This is because we found that training and testing on the same type of VQA questions will overfit
and only illustrates the memorization of the dataset instead of genuine scene understanding; see
Sec. for examples of the dataset, Sec. [C.3|for prompts on curating the questions, and Sec.
/ Sec. for ablations.

C.2.2 STATISTICS

Our general driving dataset has a total of 27246 SFT training clips, 9088 RL training clips and 9112
test clips; Fig. [I0] shows the distributions of the number of keyframes. On average, the length of
each entry of memory is 29.054 tokens.

C.2.3 EXAMPLES

Below we show an example of questions and corresponding memories in our general driving dataset,
with the image input illustrated in Fig.[TT}

Example Easy Question:
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s 3
What does the ego vehicle do throughout the sequence as it approaches and traverses the intersection?
A. It stops before the intersection, waiting for cross traffic to clear.
B. It turns left across opposing traffic after the signal changes red.
C. It pulls toward the curb and parks beside the tour storefront.
D. It continues straight across the intersection without changing its lane position.
E. It reverses briefly, then waits behind the stopped red car ahead.
F. It proceeds through the green-lit intersection, following the roadway’s rightward curve.
L J

Example Hard Question #1:

What sequence links the scene at 5.6 seconds ago with the later situation at 2.0 seconds ago?

A. Left-side traffic and a right-side parked vehicle constrained passage; later, a red vehicle followed ahead
right-to-left.

B. Left-side traffic and a right-side parked vehicle constrained passage; later, a red vehicle crossed ahead
left-to-right.

C. Left-side traffic and a right-side parked vehicle allowed passage; later, a red vehicle crossed ahead
right-to-left.

D. Right-side traffic and a left-side parked vehicle constrained passage; later, a red vehicle crossed ahead
right-to-left.

E. Left-side traffic and a right-side parked vehicle constrained passage; later, a white vehicle crossed
ahead right-to-left.

F. Left-side traffic and a right-side parked vehicle constrained passage; later, a red vehicle crossed ahead
right-to-left.

L J

Example Hard Question #2:

s N
Which sequence best describes the ego vehicle’s response as it approached and then traversed the inter-
section?

A. It began stopped behind traffic, then merged right while continuing through the intersection.

B. It began stopped near the crosswalk, then turned left after nearby pedestrians cleared its path.

C. It began stopped amid tight lateral clearances, then proceeded straight while preserving crosswalk
clearance.

D. It began moving beside parked vehicles, then stopped only after clearing the crosswalk.

E. It began moving through the intersection, then continued straight after stopping beside roadside vehi-
cles.

F. It began moving behind traffic, then remained stopped as oncoming vehicles cleared the intersection.

L J

Example CoT as Memory:

[-0.4s] the right lane change due to slower traffic ahead in the current lane.

[-2.0s] the right turn into the rightmost lane because the signal permits the turn, the lead car ahead is
already turning, and the crosswalk and bike lane to the right are clear of conflicts.

[-4.8s] to merge right behind the lead car because the intersection and crosswalk ahead require a
rightward merge.

[-5.6s] to turn right at the intersection to follow the lead vehicle.

[-6.4s] to stop due to the red traffic light.

[-8.4s] to merge left due to the lead vehicle moving left ahead.
L J

Example Memory:
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s 3
[-0.4s] The ego vehicle continues straight past the intersection crosswalk behind the red vehicle, with
additional traffic ahead and a marked bicycle lane on the right.

[-2.0s] The ego vehicle continues through the intersection while the red crossing vehicle moves farther
left and vulnerable road users remain near the crosswalk.

[-5.6s] The ego vehicle remains stopped as the oncoming vehicle continues past on the left and vul-
nerable road users remain near the crosswalk and right curb.

[-6.0s] The ego vehicle remains stopped with the vehicle ahead waiting, a large black vehicle at the
right edge, an oncoming vehicle alongside on the left, and vulnerable road users near both sides of the
crosswalk.

[-8.4s] The ego vehicle is stopped at a nighttime urban intersection approach with an oncoming vehicle
on the left, a vehicle directly ahead, a vehicle close along the right edge, crosswalks ahead and left, and
pedestrians near both crossings.

L J

Example Answer:

Ours.

Easy: F. The ego vehicle proceeds through the green-lit intersection, following the roadway’s rightward
curve.

Hard #1: F. Traffic occupied the left side while a parked vehicle narrowed the right side, constraining
straight passage. A red vehicle later crossed ahead from right to left.

Hard #2: C. The ego vehicle was initially stopped while nearby traffic and close roadside vehicles con-
strained the approach. It then began moving straight through the intersection while preserving crosswalk
clearance.

CoT as memory.

Easy: F. The ego vehicle proceeds through the green-lit intersection, following the roadway’s rightward
curve.

Hard #1: F. The constrained passage was followed by the red vehicle crossing ahead from right to left.
Hard #2: C. The ego vehicle changes from being stopped amid tight lateral clearances to proceeding
through the intersection.

C.3 PROMPTS FOR DATA GENERATION

Below we show the core prompt for data generation. We first show the prompt for filtering the
challenging clips for the general driving dataset. We only disclose excerpts of the prompt for both
brevity and protection of proprietary information:

s 2
Find challenging scenario that requires deep human reasoning to drive through safely. Key criteria in-
clude:

- Complex interactions between multiple road users (e.g., pedestrians, cyclists, vehicles) that require
careful negotiation and anticipation.

- Unusual or unexpected events (e.g., sudden pedestrian crossing, erratic behavior from other drivers) that
demand quick and accurate decision-making.

and exclude:
- only concern is low visibility or adverse weather, without complex road user interactions or unexpected
events.
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N

Analyze the video and motion to deduce ego’s driving decision at the keyframe according to the pre-
defined decision list below. Here’s a list of pre-defined LONGITUDINAL and LATERAL driving deci-
sions:

- LONGITUDINAL decisions

— Stop

Decelerate to, hold at stop/yield lines or other control points (traffic light, stop sign, school bus/railroad
rules, blocked path by lead vehicle).

- Yield

Yield to the [pedestrian/cross-traffic/cyclist/emergency vehicle] / give way for / wait for priority traffic to
clear.

Priority policy (must follow):

1. First check if ego is conducting ’interesting’ decisions:

- LONGITUDINAL.: ’Yield’, ’Stop’, 'Pass/Overtake’, ’Gap-search’, Adapt Speed’.

- LATERAL: ’Lane Change’, ’Nudge’, *Turn’, "Merge’, ’Split’.

- If any interesting decision is clearly present, output that decision and do not downgrade to generic *Keep
Distance’, ’Keep Lane’ or 'Resume Speed’.

2. Lane change and nudge are top-priority lateral decisions:

Critical definitions:
1. Lead vehicle means a vehicle ahead in the same lane and moving in the same direction.

Best practices:
1. Use “crosswalk” and only mention it when a pedestrian is walking across the road.

Format:

Next, we show the prompt for VQA curation of the general driving dataset:

# Easy questions

You are an expert autonomous-driving scene analyst.

You are given front-wide-camera frames sampled at 2 frames per second from exactly the interval begin-
ning at this clip’s first retained driving frame and ending at its final retained driving frame. Frames are
ordered oldest to newest. A prior caption is supplied only to help locate potentially relevant actors; it may
be wrong, so determine behavior from the frames.

Prior caption: {prior_description}

Create one six-option multiple-choice question about a temporal behavior or ego-object interaction that
requires the full interval, not only the final frame. If no other actor is salient, ask about ego motion or
traffic-control response. Audio is unavailable.

Requirements:

- Exactly six mutually exclusive options A-F.

- correct_answer must be A before downstream deterministic shuffling.

- Options must be plausible and scene-compatible, with matched grammar, specificity, certainty, and
action intensity.

- Each option must have 8-12 words; longest-shortest difference at most 3 words.

- Do not use memory notes or information outside the supplied frames.

- Return only the requested JSON object.

28




arXiv Preprint

-
# Hard question 1
You are an expert autonomous-driving scene analyst and a rigorous temporal multiple-choice-question
author. You receive two synchronized sources for one driving clip:
1. Front-wide-camera images ordered oldest to newest. Immediately before every image is a TEXT label
of the form “Frame time: N.N seconds ago” or “Frame time: now”. The label is not drawn on the image.
Images are sampled at approximately 2 frames per second, so adjacent labels are usually about 0.5 seconds
apart. “Now” is the final question image.
2. Raw structured decision-graph snapshots sampled on a 1.2-second source grid. Every snapshot is
explicitly marked with its time relative to “now” and contains compact ‘evidence’, ‘nodes’, and ‘edges’.
Node fields include id, type, label, and confidence. Edge fields include source, target, relation, rationale,
and confidence. Use this structure to follow entities and decision relations over time, but verify every
question-critical claim against the images.
Important graph interpretation rules:
- An ‘action’ node is a hypothetical safe decision, not necessarily observed ego behavior. Never present it
as something ego actually did unless images show it.
- Internal node/track IDs are for linking snapshots only and must never appear in a question or option.
- A snapshot marked slightly “after now” exists only because source and camera timebases can differ
within the stated alignment tolerance. Never use a fact visible only after now.
- Missing snapshots must not be interpolated or invented.
Raw 1.2-second decision-graph context:{decision_graph_context}
Produce exactly ONE ‘past_anchor’ six-option MCQ. Analyze the complete clip before writing:
1. Track every salient actor, traffic control, road feature, hazard, and the ego vehicle across time. Resolve
which references denote the same entity.
2. Identify state changes, temporal order, interactions, and causal or regulatory links. Images are authori-
tative when they conflict with graph snapshots.
3. Choose one exact supplied historical time and write it naturally as “N.N seconds ago”. Never use
notation such as “t=-2.4s”.
4. The answer must require both the anchored historical evidence and evidence from a second supplied
time. Do not ask for a static fact at the anchor alone.
5. Apply the final-image-only counterfactual: hide every historical image and all graph snapshots. If a
careful observer could answer from “now” alone, reject and rewrite the question.
Time and spatial ambiguity rules:
- Do not ask “when did X happen?” when X persists across multiple images. A state covering an interval
cannot be assigned a unique point timestamp.
- Prefer questions about a change after the anchor, an interaction spanning the anchor and a later time, or
the complete anchored state needed to explain a later response.
- Exactly one option must be completely correct under every reasonable reading.
- Do not mix overlapping spatial axes. If an actor is ahead-left, “ahead” and “left” are both partially true.
Ask about one explicitly named axis: lateral = left/center/right or longitudinal = ahead/alongside/behind.
Otherwise use matched composite relations such as ahead-left/ahead-center/ahead-right in every option.
- Avoid nested categories such as moving versus accelerating, stopped versus yielding, vehicle versus
truck, or crossing versus ahead-left.
- Distinguish actor identity whenever two similar actors could match.
- State in ‘ambiguity_check’ why A is uniquely complete, why the strongest distractor is false, and why
the anchor does not represent a persistent-state timing ambiguity.
Distractor quality and wording:
- Distractors must be realistic near-misses for this exact scene. Prefer changing one subtle attribute:
temporal order, matched spatial relation, speed trend, signal state, actor identity, or ego response.
- Never use obviously absurd, dangerous, or extreme actions merely to fill an option. In particular, no op-
tion may use reverse/reversed/reversing, swerve/swerved/swerving, crash/collide/collision, U-turn, driv-
ing onto a sidewalk or curb, entering oncoming traffic, spinning, or rolling over.
- Do not invent an actor type or maneuver unsupported by the clip.
- Avoid giveaway modifiers such as “suddenly”, “recklessly”, “violently”, “immediately”, “without rea-
son”, “at full speed”, or “completely ignored”.
- Match grammar, semantic axis, specificity, certainty, and action intensity across all six options.
Output requirements:
- Exactly six mutually exclusive options A-F.
- ‘correct_answer‘ must be A before downstream deterministic shuffling.
- Each option must contain 8-16 words; longest-shortest difference at most 5 words.
- Do not ask about a static fact, count, color, or location visible at “now”.
- Do not ask about audio, hidden intent, or information outside supplied inputs.
- Do not expose internal graph IDs or refer to graphs, memory, notes, or frames in the question or options.
- Return only the requested JSON object.

L
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# Hard question 2

... (same as hard question 1) ...

Produce exactly ONE ‘multi_hop’ six-option MCQ.

Analyze the complete clip before writing:

1. Track every salient actor, traffic control, road feature, hazard, and the ego vehicle across time. Resolve
which references denote the same entity.

2. Identify state changes, temporal order, interactions, and causal or regulatory links. Images are authori-
tative when they conflict with graph snapshots.

3. Build an evidence chain from at least two distinct supplied times. At least one indispensable fact must
be historical.

4. The answer must require combining at least two different decision-relevant facts, such as an actor state
change plus ego response, a traffic-control transition plus actor interaction, or temporal order plus the
resulting maneuver. Comparing two locations or restating one change is not multi-hop.

5. Apply the final-image-only counterfactual: hide every historical image and all graph snapshots. If a
careful observer could answer from “now” alone, reject and rewrite the question.

6. Do not put numerical timestamps in the question or options.

Mandatory ambiguity audit:

... (same as hard question 1) ...

Then, we show the prompt for memory merging of the general driving dataset below:

r

Fill and rewrite the complete 0.4-second memory sequence for this driving clip. Every labeled image is
one required output timestamp. Some images include an independently generated anchor memory; the
other images explicitly say that no independent memory exists. Return exactly one memory for every
image timestamp, in the same order.

Rules:

1. Use every image, the anchor memories, and temporal continuity together. Preserve all factual anchor
information, but do not invent details unsupported by either an image or an anchor.

2. Locate changes at the earliest 0.4-second image where they are visibly supported. For example, if
a signal changes between two 1.2-second anchors, inspect all intermediate images and mention the new
color only at the frame where it first appears. Apply the same frame-accurate treatment to ego accelera-
tion/deceleration, stopping, starting, turning, lane changes, actor motion, and visibility changes.

3. The first output establishes the scene. Later outputs are concise temporal deltas. Omit unchanged static
background such as an already established signal color, sign, crosswalk, lane, snowbank, or road surface
until it changes. Every frame must still contain useful supervision: use concise continuity wording for
reliably visible dynamic subjects when no new event occurs.

4. Track the same physical subject across frames. Introduce it once with enough visible appearance,
location, and behavior to identify it uniquely, then use a stable natural reference while unambiguous.

5. When reliable observed ego behavior is visible, put it first and begin with "The ego vehicle”. Describe
ego motion only qualitatively, such as stopped, starting, accelerating, decelerating, moving straight, turn-
ing, or changing lanes. NEVER output a numeric ego speed or units such as m/s, mph, or km/h in any
output frame. If ego behavior is uncertain, omit the ego vehicle completely. Never write The ego mo-
tion remains unspecified”, "The ego vehicle’s observed motion is unspecified”, "No ego maneuver is
evidenced”, or any equivalent placeholder.

6. An anchor memory equal to ”"N/A” is a failed generation, not a fact. Recover that frame from its image
and temporal context; never copy "N/A” into the output.

7. Never emit track IDs, lane ordinals, node/evidence IDs, or raw timestamps inside memory_text. Do not
report hypothetical safe actions or future plans as actual behavior.

8. Return one concise present-tense sentence per timestamp. Do not leave any output empty.

The response must match the requested JSON shape. Copy each input timestamp exactly into the corre-
sponding output object; put only the completed sentence in memory_text.

Finally, we report the prompt for generating answers for VQA:
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CURRENT -0.3s CURRENT -0.2s CURRENT -0.1s CURRENT 0.0s

Figure 12: An example where memory benefits general driving; a pedestrian in the red box is oc-
cluded behind the crosswalk sign, which is hard to discover; the intention of the pedestrian is even
harder to tell.

HISTORY -2.05 HISTORY -1.65 HISTORY -1.25 HISTORY -0.85 HISTORY -0.45

Figure 13: The previous frames of the same clip as that in Fig.[T2] With these frames, it is clearly
shown that the pedestrian is walking towards the road and the ego car should yield.

You are verifying a fixed-ground-truth multiple-choice question about an autonomous-driving scene.
You receive: 1. one current ego front-wide-camera image; 2. timestamped scene memory from earlier
frames; 3. a fixed question with six fixed options; and 4. the fixed correct answer label and text.

Write one concise rationale that explains why the fixed correct answer follows from the current image and
the supplied earlier scene memory.

Requirements: - Do not change or challenge the supplied answer. - Use only evidence visible in the current
image or stated in the supplied memory. - Describe the relevant temporal change or ego-object interaction
directly. - Do not mention “image”, “frame”, “memory”, “notes”, "prompt”, or the answer label. - Do not
introduce precise numbers, identities, directions, or events that are absent from the supplied evidence. -
Use one or two sentences and no answer tag. - If the supplied evidence genuinely contradicts the fixed
answer or cannot support any concise rationale, set supported to false instead of inventing evidence. -
Return only the requested JSON object.

Earlier scene memory: {memory_block}

Fixed question: {question}

Fixed options: {options}

Fixed correct answer: {correct_label}. {correct_text}

D ADDITIONAL EXPERIMENT RESULTS

D.1 MORE QUALITATIVE RESULTS

In this section, we illustrate another qualitative example in our general driving dataset (Sec. {.2)
where language memory helps. Fig. [12]shows that a pedestrian is occluded by the crosswalk sign,
which is hard to discover in current input; however, once the agent has access to memory as shown
in Fig. [T3] it is much easier to see that the pedestrian has an intention of walking onto the road.
Below shows an example of memory of our agent:

[ -0.4 s ] The ego vehicle continues straight toward the crosswalk behind the vehicle ahead while pedes-
trians remain on the right and center-left portions of the crossing.

[ -0.8 s ] The ego vehicle continues straight behind the vehicle ahead; the pedestrian is farther into the
right side of the crosswalk, with another pedestrian near the center-left refuge area.

[ -1.2 s ] The ego vehicle continues straight behind the vehicle ahead as the pedestrian moves leftward
across the right side of the crosswalk and the construction barriers remain along the right edge.

[-1.6 s ] The ego vehicle is moving straight toward a marked crosswalk, following a vehicle directly ahead,
with another vehicle ahead-left, a pedestrian crossing from the right, and red-and-white construction
barriers narrowing the right edge.
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Figure 14: The trajectories predicted by different methods in the example of Fig.[12|and Fig. It
is clearly shown that our method outperforms baselines.

Table 5: The ablation on Da Capo, which proves that a better credit assignment significantly im-
proves final performance over trajectory-level GRPO. The standard deviation in advantage also helps
by introducing a natural scaling factor that balances rewards of different magnitudes.

minADE | Avg. ADE| ML.ADE| StopSRT GoSRT Apsl Agrd Roll] MCQ Acc.T

Da Capo (Ours) 0.951 1.866 1.915 89.26%  45.01% 1.070  1.183  5.26% 51.66%
Capo (no std) 0.942 1.952 2.047 89.22% 44.27% 1.130 1277 5.01% 50.91%
Capo + const. scaling 0.943 1.911 1.979 89.21% 44.74% 1.122 1.227 5.03% 51.57%
GRPO (traj-level reward)  1.007 2.113 2.194 87.11% 40.94% 1.312 1392 6.28% 48.16%
AD-Memo (SFT only) 1.049 2.121 2.256 87.48% 40.66% 1.257 1.469 6.05% 45.99%

The memory clearly records the existence and intention of pedestrian. The predicted trajectories are
illustrated in Fig. [I4] where our method outperforms no memory and CoT-as-memory.

D.2 DEVIATION ADJUSTMENT (DA) FOR Da Capo

To test the necessity of introducing standard deviation in our RL algorithm (see Appendix |A| for
detailed rationale), we test our RL algorithm based on the same AD-Memo (SFT-only) checkpoint
against the following baselines: Capo (no standard deviation), using a constant scaling factor on
advantage (= 0.4), and trajectory-level GRPO. The results summarized in Tab. [5|show that adding
standard deviation to our algorithm improves the empirical performance. The result also shows that
all variants of Capo far outperform GRPO with trajectory-level reward, which proves the benefit of
removing causally unrelated reward terms.

D.3 ScCALING Up MODEL SI1ZE

In order to see how our model works with models of larger scale, we further conduct SFT on another
8B checkpoint of Alpamayo 2 on our all-way stop dataset (Sec. [C.I.1)). Tab.[6] shows the result,
where 8B models generally outperform 2B models; our finetuned model performs the best among
8B models, and also far outperforms Alpamayo 2 Super 34B.

D.4 OVERFITTING CHECK ON VQA OF THE GENERAL DRIVING DATASET

The biggest challenge of curating VQA questions on the general driving dataset is that models will
easily overfit to questions from the same distribution by memorizing patterns in the dataset without
understanding, sometimes even without assigning any attention to the visual input. Many prior
autonomous driving benchmarks are haunted by such issue. For example, models on TUMTraffic-
VideoQA (Zhou et al.l 2025a) can achieve 71% accuracy with no visual input, while only achieving
81% accuracy with 11 frames; NuScenes-QA (Qian et al.} [2024) reports an accuracy of 53.4% by
only looking at the question alone; on DriveBench (Xie et al.| [2025), models with no image input
can even achieve 95% GPT-score performance compared to normal input.

Therefore, to check whether our model overfits on the curated questions after training, and also as a
sanity check to the correctness of our curated questions, we test the performance of GPT-5.6 Luna
on our “easy” and “hard” split of MCQ questions, as well as the performance of our checkpoint
when trained on the respective split of these questions. The result is illustrated in Tab. [/} which
gives us the following two insights:
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Table 6: Results of 8B models on All-Way-Stop v4. The result clearly shows that our 8B model
works the best.

minADE | Avg. ADE| ML.ADE] StopSRT GoSRT Apsd Aawd Rolll  MCQAcc. t

Alpamayo 2 Super 34B 0.993 2.293 N/A 78.75% 34.30% 2.182 1.488 15.94% 33.19%
Base model (2B) 1.386 2.351 2.393 82.06% 33.74% 1.725 1.871 11.79% 0%

No memory (2B SFT) 1.102 2.185 2318 87.04% 38.59% 1.358 1.564 6.62% 33.77%

CoT-as-memory (2B SFT)  1.096 2.171 2.296 86.89% 39.37% 1.377 1.531 6.69% 45.41%

Ours (2B SFT) 1.049 2.121 2.256 87.48%  40.66% 1.257  1.469 6.05% 45.99%
Base model (8B) 1.315 2.254 2332 83.72% 35.65% 1.627 1.776 10.90% 0%

No memory (8B SFT) 1.011 2.092 2.255 88.11% 42.05% 1.252 1.415 6.04% 39.31%

CoT-as-memory (8B SFT)  1.000 2.025 2.130 88.18% 42.48% 1.230  1.374 5.92% 44.92%

Ours (8B SFT) 0.980 1.986 2.071 88.99%  43.24% 1130  1.352 5.40% 52.46%

Table 7: The MCQ accuracy on our “easy” VQA questions (i.e. the one in the training set) and
“hard” VQA questions (i.e. the one in the test set) for the general driving dataset. GPT-5.6 Luna with
full video serves as a sanity check and verifier for the correctness of our generated VQA questions.
Avg. test set is the average of hard #1 and hard #2; the example for each type is listed in Sec.[C.2] It
is clearly shown that test on the same distribution of VQA questions as training causes overfitting.
Thus, we deliberately use different questions for the training and test set.

Easy Hard (#1, past-anchor)  Hard (#2, multi-hop)  Avg. test set

Random 16.67% 16.67% 16.67% 16.67%
Alpamayo 2 Super 34B 48.45% 25.77% 25.65% 25.71%
No memory 98.14% 54.93% 61.10% 58.02%
CoT-as-Memory 98.02% 51.46% 63.56% 57.51%
Ours 97.92% 60.92% 70.34% 65.63%
CoT-as-Memory (GT mem) 97.99% 51.25% 63.48% 57.36%
Ours (GT mem) 98.22% 63.00% 72.29% 67.65%
GPT-5.6 Luna + full video 94.34% 89.14% 91.57% 90.35%

* VQAs training on the same distribution will very likely overfit on the test set, even sur-
passing GPT-5.6 Luna performance with full video. We also tried to use the “hard” split as
the training set, but the accuracy on test data generated from the same distribution will still
reach over 96%.

* Qur designed memory indeed achieves the best result on the harder test set with different
distributions, and can do even better with ground truth memory (as opposed to CoT-as-
memory where ground truth memory does not help).

D.5 WHICH SCENE DOES AD-MEMO BENEFIT THE MOST?

In this section, we will investigate our test set and to locate the scenes where AD-Memo benefits
the most. Following prior work (Tan et al., 2026), we ask GPT-5.6 Luna to classify the clips in our
test set into 15 categories, including turning maneuver, speed control, merging, lane change, cut-
in, nudge maneuver, nudge static obstacle maneuver, Vulnerable Road Users (VRU), intersection
navigation, lane keeping curve, lead vehicle following, traffic control compliance, lane keeping,
stop for vehicle, and others. Fig. [I3] shows the ratio of each type of data, and Tab. [§] shows the
performance difference between our method and the baseline without memory. The result shows
that our method improves more on the performance of average and the most likely rollout, and
works better on the more common challenging scenes, especially traffic control compliance, lead
vehicle following, and stop for vehicles.

D.6 THE NECESSITY OF DECISION GRAPH
As we mentioned in Sec.[C.2.]] the purpose of building decision graphs is to identify the objects on

the road that affects driving. In this section, we illustrate the necessity of decision graph by providing
an example in Fig. [[6] where we compare the memory directly generated by simply feeding the
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Figure 15: The distribution of different scenes in the test set of our general driving dataset.

Table 8: Per-scenario open-loop trajectory error gains of our model over the no-memory model
(after RL); as it is the gain, the higher the better, i.e., positive values indicate improvement, and vice
versa. The categories are sorted in descending order of their shares. All values are in meters. It is
shown that AD-Memo outperforms the no-memory model on the more common scenes, especially
traffic control compliance, lead vehicle following and stop for vehicles.

ADE gain FDE gain Shares

(min/Avg./ML) (min/Avg./ML) (%)
Vulnerable Road Users -0.011/40.010/+0.018 ~ -0.011/+0.054/+0.072  41.46%
Traffic Control Compliance +0.013/+0.023/+0.030  +0.089/+0.101/+0.105  20.57%
Lead Vehicle Following +0.003/+0.017/+0.012  +0.021/+0.058/+0.031 8.98%
Turning Maneuver -0.002/+0.024/+0.031 -0.019/+0.061/+0.092 7.81%
Stop for Vehicles +0.008/+0.011/+0.017  +0.057/+0.072/+0.067 7.79%
Nudge Static Obstacle Maneuver  -0.006/+0.030/-0.001 -0.040/+0.063/-0.035 6.23%
Lane Changes +0.020/+0.060/+0.060  +0.021/+0.143/+0.124  2.96%
Nudge Maneuver +0.002/+0.042/+0.067  +0.051/+0.081/+0.154 1.20%
Merging -0.010/+0.031/-0.017 -0.013/+0.092/-0.068 1.05%
Speed Control -0.043/+0.033/+0.030  -0.089/+0.159/+0.136 0.64%
Lane Keeping -0.036/-0.031/-0.012 -0.155/-0.132/-0.049 0.59%
Intersection Navigation +0.022/+0.051/-0.128 -0.238/-0.035/-0.503 0.20%
Lane Keeping Curve -0.089/-0.061/+0.024 -0.455/-0.258/-0.045 0.20%
Others -0.270/-0.337/-0.332 -1.041/-1.220/-1.398 0.18%
Cut-in -0.128/-0.068/+0.003 -0.396/-0.211/-0.190 0.14%

whole video into GPT-5.6 Luna and prompting the model to write memory. The generated memories
are as follows:

Direct generation: The pedestrian is at or very near the right curb/sidewalk and is nearly clear of
the crosswalk; ego continues straight.

Decision graph: The ego vehicle remains stopped while the pedestrian with the stroller is at the
right side of the rainbow crosswalk, with a yield sign on the right and large vehicles, the pickup, and box
truck obstructing the left approach.

The result clearly shows that without decision graph, the generated memory will lose track of many
vital items in the image, such as the stroller, crosswalk, yield sign and obstruction on the left.

D.7 DECODE SUCCESS RATE

As the output of our model contains CoT, memory and trajectory tokens, it is possible that the
output of the model does not follow the corresponding format, thus leading to failures of decoding
output. In Tab. 9] we report the decode rate of our model and baselines, which shows that our model
maintains a high decode success rate. Notably, during evaluation, if we fail to decode memory from
one step, we will set the corresponding slot of memory to null moving forward.
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(a) Visual input (b) Object detection (c) Decision graph

Figure 16: An example of how our pipeline based on decision graph identify all objects related
to driving. All objects that affect driving decision are grounded in panel (b) from the input frame
shown in panel (a); these objects end up as nodes in the corresponding decision graph in panel (c).

Table 9: The decode success rate for our model and baselines, which are all reasonably close to
100%.

Model Decode success rate

All-way stop dataset

Base model 100.00%
Alpamayo 2 Super 34B 100.00%
No memory (SFT) 99.44%
CoT-as-Memory (SFT) 99.41%
Ours (SFT) 99.51%
No memory (RL) 99.85%
CoT-as-Memory (RL) 99.87%
Ours (RL) 99.86%
General driving dataset
Base model 99.87%
Alpamayo 2 Super 34B 100.00%
No memory (SFT) 99.78%
CoT-as-Memory (SFT) 99.69%
Ours (SFT) 99.62%
No memory (RL) 99.91%
CoT-as-Memory (RL) 99.85%
Ours (RL) 99.83%

D.8 SEMI-CLOSED LOOP RL TRAINING CURVE

Fig. [I7) illustrates the training dynamics of our semi-closed loop RL on the all-way stop dataset,
while Fig. [T8]illustrates the training dynamics of our semi-closed loop RL on the general driving
dataset.

D.9 ABLATION ON MEMORY HORIZON T’

Fig. [I9) shows the result for using different memory horizon with AD-Memo and CoT-as-memory
on all-way stop dataset during inference, and Fig.[20]shows the result on the general driving dataset.
Several conclusions can be drawn from the results:

* Our memory is consistently more effective than CoT-as-memory throughout different mem-
ory horizons on both datasets.

* The MCQ accuracy is highly correlated with the memory horizon. On the all-way stop
dataset, a memory of 8 seconds (20 frames) is sufficient; on the general driving dataset, a
memory of 4 seconds (10 frames) is generally fine. The performance of AD-Memo scales
largely with memory horizon, but CoT-as-memory does not, which shows the effectiveness
of our memory.

* minADE, minFDE and corner distance are the metrics that benefits the most from longer
memory horizon. We hypothesize that it because a more diverse set of memory induces
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Figure 17: The training dynamics of our semi-closed loop RL on the all-way stop dataset. We report
the original curve and Exponential Moving Average (EMA).
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Figure 18: The training dynamics of our semi-closed loop RL on the general driving dataset. We
report the original curve and Exponential Moving Average (EMA). The VQA accuracy is close to 1
as the problems are relatively easy to overfit, and thus we test different problems in the test set; see
Sec.[D. 4 for details.

more diverse driving behavior, leading to a better coverage (which also explains why avg.
and most likely metrics are not scaling with respect to memory horizon).

* The trend of task-specific metrics on the all-way stop task, such as success stop rate, suc-
cess go rate and roll-through, does not necessarily correlate with ADE, which shows the
necessity of adding these metrics.
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Figure 19: The change of performance with respect to memory horizon during inference time on the

all-way stop dataset.
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Figure 20: The change of performance with respect to memory horizon during inference time on the

general driving dataset.

D.10 ABLATION ON \VQA

Tab. |10 shows the ablation result of using different AV on our test set. The result shows that
our method is generally robust to the choice of )\, with the optimal A\Y?* for each metric spanning
over the table. Notably, larger \V?* does slightly better than smaller A\Y?*. Such performance
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Table 10: The result of our method on the all-way stop dataset with different A\VA. The performance
is generally consistent, and no hyperparameter choice prevail on all metrics.

AVeA  minADE] Avg. ADE| ML.ADE| StopSRT GoSRT Apesd Agwd Rolll MCQ Acc.t

0.02 0.945 1.886 1.927 88.73% 44.80% 1.111 1.184 5.54% 50.43%
0.05 0.943 1.877 1.913 88.67% 45.01% 1.092 1.178 5.38% 50.65%
0.1 0.932 1.886 1.898 88.71% 45.01% 1.129 1.179 5.28% 51.61%
0.2 0.960 1.876 1.931 89.03% 44.94% 1.099 1.194 5.34% 51.12%
0.5 0.951 1.866 1.915 89.26 % 45.01% 1.070 1.183 5.26% 51.66%
1 0.941 1.900 1.891 88.52% 45.04% 1.119 1.174 5.44% 50.38%
2.5 0.942 1.886 1.909 88.10% 45.33% 1.130 1.175 5.74% 50.80%
5 0.948 1.874 1.908 88.87% 45.07% 1.070 1.175 5.25% 50.47%
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Figure 21: The performance change with the training length of SFT on the validation set. It is
clearly shown that, after 2 epochs, not only does the trajectory move further from ground truth,
but the format following ability of the model is also degrading due to exposure bias (Bengio et al.|
2015)), i.e., more invalid rollouts appear in sampling.

difference comes from the fact that the cumulative future driving reward is a highly noisy signal.
Thus, even if smaller \Y?* encourages the model to focus on driving, its performance will not
necessarily improve. Such noisiness is also one of the motivation for Da Capo that gives better
credit assignment and reduces variance.

D.11 ABLATION ON SFT TRAINING LENGTH

To test the optimal training length of our model on SFT, we train our 2B checkpoint for up to 4
epochs on an earlier split of our general driving SFT dataset, and test its performance on a separate
2000-clip validation set on that split. The result is illustrated in Fig. which shows that training
for 2 epochs is optimal.

E COMPUTATIONAL RESOURCES

Our computational resource consumption is as follows:

Data curation: Generating a decision graph takes on average 10.43 model calls, which sums to
roughly 15K input tokens and 5K output tokens.

SFT experiments: All SFT experiments are conducted on a single compute node with 8 NVIDIA
H100 GPUs (80GB memory), 96 AMD EPYC 9R14 CPUs, and 512GB memory. A 8900-step SFT
training on the general driving dataset takes approximately 16 hours.

RL experiments: All RL experiments are conducted with four compute nodes (two for rollout and
two for training), each of which is identical to a SFT node. RL experiments typically require 2-3
days to complete.

Evaluation: All evaluations are conducted with 16 single-GPU node with each node identical to the
SFT node (except for the number of GPU). Evaluation usually takes 4-6 hours.
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F LIMITATION AND FUTURE WORKS

Horizon of memories. Our work mainly studies memories that lasts around 10 seconds. While we
empirically verified this to be sufficient for our task of interest (Sec.|[C.I), long-term regulations such
as speed signs may exert influence on driving for minutes to hours. While AD-Memo can straight-
forwardly address such problem by adding a special buffer for “long-term memory” heuristically, an
in-depth investigation into such area is still interesting.

Extending our finding to action expert. Our experiment is mainly done with a VLM backbone,
which means the action expert in Alpamayo is not involved in this work. This is because in the
Alpamayo training pipeline (NVIDIA| [2026), the action expert requires extensive training after the
VLA backbone is finalized, which is too expensive to run. To see whether the advantage of language
memory persists with action expert is an interesting avenue to explore in the near future.

Comparison with vector-based baselines. We choose the same training recipe without memory
and with CoT-as-memory as our baseline because direct comparison to vector-based baselines is
difficult. Most related papers have no training code or checkpoint released, such as MindVLA-
Ul (Huang et al.| |2026c), enhanced HOPE (Kim & Park} 2026), VLN-AVP (Li et al., [2026b) and
AdaDrive (Zhang et al., 2025).

For those with code available, COMPACT-VA (Liang et al., [2026) considers the closest scene to
us, and we adopt some of its metrics. However, the memory design is based on a different VLA
architecture with the assumption of 20 or more frames, which is not supported by our Alpamayo
base model (pretrained to only receive 4 frames). Also, it requires a fixed number of frame input
with no padding (e.g. 20), for which many clips in our test set cannot be tested for their limited
length (and it is also unfair as we report the average of many frames in a clip, including early ones
in the video that must be padded for COMPACT-VA).

For the rest of the baselines, MoMAD (Song et al., [2025) uses ResNet (He et al.l [2016)) instead of
VLA as backbone; to adapt such a method to VLA is beyond our scope (and we already have a
better model, Alpamayo 2 Super 34B, as the off-the-shelf baseline compared to MoMAD’s original
checkpoint). ST-Occ (Leng et al., |2025) is not a driving model and deals with voxels; Orion (Fu
et al.,2025) is based on CARLA dataset, while our work uses real-life clips with a different number
of cameras. The dataset difference means that we cannot reliably compute “collision loss” and
“boundary loss” in the paper.
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