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Abstract
Autonomous driving requires sequential decision-
making under partial observations and heteroge-
neous interactions with human-driven vehicles.
While action chunking provides a useful tempo-
ral abstraction by predicting multi-step future ac-
tions, fixed-length chunk execution can be unreli-
able when later actions are conditioned on stale
observations. We propose UA2C, an uncertainty-
aware adaptive action chunking framework for
offline-to-online reinforcement learning (RL) in
mixed traffic. UA2C first learns a flow-matching
chunk policy from offline driving data and then
refines the policy through online interaction. To
account for behaviorally diverse surrounding ve-
hicles, UA2C incorporates a driving-style infer-
ence module that augments the policy with local
behavior context. During execution, UA2C es-
timates uncertainty from sampled action chunks
and executes only a reliable prefix before replan-
ning. Experiments show that UA2C improves
offline reward and control smoothness over a one-
step baseline, and further improves online perfor-
mance over fixed chunk execution.

1. Introduction
Autonomous driving in mixed traffic requires decision-
making under interactive and partially observable dynamics,
where surrounding human-driven vehicles exhibit hetero-
geneous intentions, driving styles, and reactions [2, 5, 6,
11, 13]. Because surrounding vehicles may react differently
to the same action depending on their driving styles, the
consequence of a driving decision cannot be assessed from
a single timestep alone [8, 9, 18, 25]. Driving strategies
should therefore reason over temporally extended behavior
rather than isolated one-step actions [24].
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Action chunking provides such a temporal abstraction by
predicting a short sequence of future actions at each plan-
ning step, which improves behavioral consistency and ex-
tends the effective planning horizon [12, 27]. In interactive
traffic, however, fixed-length execution creates a temporal
commitment problem: executing more actions preserves
coherent multi-step behavior but increases the risk of stale,
interaction-mismatched tail actions, whereas replanning too
early reduces chunking to myopic control [1, 15]. Thus,
the execution length should be adapted online according to
chunk reliability, rather than fixed a priori [16, 19, 27].

We propose UA2C, an uncertainty-aware adaptive action
chunking framework for offline-to-online RL in mixed-
traffic autonomous driving. UA2C learns temporally ex-
tended driving behaviors from offline data and refines the
flow-matching chunk policy through online interaction. In-
stead of committing to a fixed-length action chunk, the
policy adaptively executes a reliable prefix of each pre-
dicted chunk before replanning. To handle heterogeneous
surrounding vehicles, UA2C infers local driving styles and
incorporates them into both the actor and critic context. This
design preserves coherent multi-step control while enabling
reactive replanning under uncertain, diverse interactions.

2. Problem Formulation
2.1. Road Environment and Vehicles
We consider a mixed-traffic environment with one au-
tonomous vehicle and N − 1 human-driven vehicles [3, 21].
To model a realistic environment, the autonomous vehicle
partially observes H lanes within a distance of 2V [7, 10].
For each observable lane h ∈ {1, . . . , H}, the nearest ve-
hicles ahead of and behind the autonomous vehicle are de-
noted by the leader lh and follower fh, respectively.

2.2. Partially Observable Markov Decision Process

We model the driving task as a partially observable Markov
decision process, defined as a tuple ⟨S,A,O, T ,Ω,R, γ⟩,
wherein S, A, and O denote a state space, an action space,
and an observation space, respectively. The remaining ele-
ments consist of a transition probability T , an observation
probability Ω, a reward function R, and a temporal discount
factor γ ∈ [0, 1).
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Figure 1. Overview of the proposed UA2C framework. (a) UA2C: Uncertainty-Aware Adaptive Action Chunking, (b) Phase 1: Offline
Pre-Training, and (c) Phase 2: Online Adaptation for Adaptive Action Chunking

Observation. The observation ot ∈ O of the autonomous
vehicle is composed as follows.

ot =
[
vt,I , pt,I ,∆v⊤

t ,∆p⊤
t ,ρ

⊤
t , ζ

⊤
t

]⊤
(1)

In (1), vt,I and pt,I denote the absolute speed
and position of the autonomous vehicle, ∆vt =

[∆vt,l1 , . . . ,∆vt,lH ,∆vt,f1 , . . . ,∆vt,fH ]
⊤ and ∆pt =

[∆pt,l1 , . . . ,∆pt,lH ,∆pt,f1 , . . . ,∆pt,fH ]
⊤ denote the rel-

ative speed and position to leaders and followers, while
ρt = [ρt,1, . . . , ρt,H ]⊤ and ζt = [ζt,1, . . . , ζt,H ]⊤ denote
the traffic density and the actual lane distance, respectively.

Action. The control action at ∈ A at time step t is defined
as at = [at,acc, at,lc], where at,acc ∈ [amin, amax] denotes
the acceleration action, while at,lc ∈ {−1, 0, 1} denotes the
lane-change action for left lane change, lane keeping, and
right lane change, respectively.

Reward. The reward at time step t, denoted by
rt = R(st,at, st+1), is defined as R(st,at, st+1) =∑7
α=1 ηαRt,α, where Rt,α denotes the α-th reward compo-

nent and ηα is its corresponding weighting coefficient. The
reward function is designed to balance task efficiency, driv-
ing comfort, and safety through seven components: target-
speed reward, safety-distance penalties with respect to lead-
ers and followers, proactive merge completion, jerk penalty,
unnecessary lane-change penalty, and collision penalty.

2.3. Actor–Critic Structure

We adopt an actor–critic framework for sequential decision-
making under partial observations. The actor πθ proposes
an action sequence at:t+k−1 conditioned on the observa-
tion, while the critic Qϕ evaluates the output actions by
estimating its expected return.

3. Proposed Solution
We propose UA2C, an uncertainty-aware adaptive action
chunking framework for offline-to-online RL in mixed-
traffic autonomous driving. UA2C learns a chunk-aware
flow-matching policy from offline driving data, refines it
through online interaction, and executes only a reliable pre-
fix of each predicted chunk before replanning. To cap-
ture heterogeneous interactions with surrounding vehicles,
UA2C incorporates driving-style inference into the policy
generation and value estimation, enabling behavior-aware
adaptation to diverse traffic conditions, as illustrated in Fig-
ure 1.

3.1. Phase 1: Chunk-Aware Offline Pre-Training

Chunk-Aware Flow-Matching Actor. This phase pre-
trains a chunk-aware policy that captures the distribution
of temporally extended driving behaviors from offline data
and uses critic-based guidance to favor high-value action
chunks. During pre-training, the chunk length k is fixed.
Let ht = (ot−ℓ+1:t,at−ℓ:t−1) denote the ℓ-step history con-
text. The actor models a conditional distribution over future
k-step action chunks at:t+k−1 ∼ πθ(· | ht).

To model the conditional chunk distribution, we sample
a noise chunk x0 ∼ N (0, I) and an offline action chunk
x1 = at:t+k−1 from the offline dataset. For a flow time
τ ∼ U [0, 1], the interpolated chunk is defined as xτ =
(1− τ)x0 + τx1. The actor learns the conditional velocity
field vθ(xτ , τ | ht) by minimizing the following objective.

Lactor(θ) = E
[
∥vθ(xτ , τ | ht)− (x1 − x0)∥22

]
− λE

[
min

j∈{1,2}
Qϕj

(ot−ℓ+1:t, x̂1)

]
(2)

In (2), x̂1 = xτ + (1 − τ)vθ(xτ , τ | ht) denotes the esti-
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mated terminal action chunk, and λ controls the strength of
value guidance. The first term learns the transport direction
from noise to data, while the second term encourages the
actor to generate higher-value action chunks.

For value estimation, we use twin Transformer [20]-based
chunk critics Qϕ1 and Qϕ2 . The critics are combined
through a clipped double-Q estimate to mitigate overestima-
tion bias [4], and are trained by minimizing the chunk-level
Bellman regression loss as follows.

Lcritic(ϕ) =

2∑
j=1

E
[(
Qϕj

(ot−ℓ+1:t,at:t+k−1)− yt
)2]

(3)

In (3), the target value yt is defined as follows.

yt =

k−1∑
u=0

γurt+u+

γkmax
q

min
j∈{1,2}

Qϕ̄j

(
ot+k−ℓ+1:t+k, â

(q)
t+k:t+2k−1

)
(4)

In (4), {â(q)t+k:t+2k−1}
Q
q=1 denotes candidate future chunks

sampled at ht+k.

Driving-Style Inference Module. To account for heteroge-
neous local traffic behaviors, we introduce a driving-style
inference module that predicts the behavior class of each
observable surrounding vehicle from its recent partially
observed trajectory. Let m ∈ {l1, . . . , lH , f1, . . . , fH}
denote a leader or follower slot. For each slot m, we
construct a target-specific trajectory sequence Zm =

[z
(m)
t−ℓ+1, . . . , z

(m)
t ], where each token encodes relative mo-

tion features, target-relative attributes, and local traffic con-
text. A Transformer encoder maps this sequence to a cat-
egorical behavior distribution c

(m)
t = softmax(fψ(Zm)),

where c
(m)
t denotes the inferred driving-style distribution

for slot m.

The module is trained as a standard multi-class sequence
classifier using the cross-entropy objective as follows.

Lstyle = −
∑
m

C∑
b=1

ym,b log c
(m)
t,b (5)

In (5), C denotes the number of behavior classes, ym,b
denotes the one-hot label for class b of slot m, and c

(m)
t,b rep-

resents the predicted probability of that class. The resulting
slot-wise distributions are concatenated into a driving-style
context vector,

ct =
[
c
(l1)
t , . . . , c

(lH)
t , c

(f1)
t , . . . , c

(fH)
t

]
, (6)

which is appended to the control observation during online
adaptation.

3.2. Phase 2: Online Adaptation with Entropy-Guided
Adaptive Action Chunking

Although the policy predicts a full k-step chunk, later ac-
tions may become unreliable as they are conditioned on
increasingly stale observations. Therefore, instead of al-
ways executing the full chunk, UA2C determines a reliable
prefix and replans afterwards.

Specifically, given sampled future chunks
{Â(s)

t }Ss=1, Â
(s)
t = [â

(s)
t , . . . , â

(s)
t+k−1], we esti-

mate the uncertainty at each chunk index using entropy. Let
Hu denote the entropy of the sampled action distribution at
the u-th position across candidate chunks. We then define
the executable prefix length as follows.

Lt = max
{
u ∈ {0, . . . , k}

∣∣∣ Hv ≤ δ, ∀v ∈ {1, . . . , u}
}
(7)

In (7), δ denotes an entropy threshold. If no such u exists,
we set Lt = 1 to ensure at least one executed action before
replanning. The controller then executes the first Lt actions
of the selected chunk and replans afterwards.

During online adaptation, the same adaptive execution rule
is used for rollout collection. The critic target is computed
from the discounted return of the executed prefix together
with a bootstrap value from the replanning state after Lt
steps as follows.

yt =

Lt−1∑
u=0

γurt+u

+ γLt max
s

min
j∈{1,2}

Qϕ̄j

(
ot+Lt−ℓ+1:t+Lt , Â

(s)
t+Lt

)
(8)

In (8), {Â(s)
t+Lt

}Ss=1 denotes candidate future chunks sam-
pled in the next planning state.

Thus, the target in (8) should be interpreted as a chunk-level
value target under adaptive execution semantics, balancing
the realized prefix return with a bootstrap estimate over the
next replanning state [26].

4. Simulation Results
To evaluate the proposed UA2C framework, we conduct
simulations to assess three aspects: offline driving perfor-
mance, online adaptation with adaptive chunk execution,
and driving-style inference for surrounding vehicles.

4.1. Simulation Setup
We consider a mixed-traffic environment with one au-
tonomous vehicle and 34 human-driven vehicles [3, 22].
The autonomous vehicle observes up to V = 30m ahead
and behind, covering three lanes (H = 3) [14]. We imple-
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(a) Offline Reward Comparison (c) Online Reward Comparison (d) Confusion Matrix(b) Offline Jerk-Cost Comparison
ModelModelModel Inferred Driving-Style 𝑐̂

Figure 2. Performance comparisons. (a) Offline reward comparison with the one-step baseline, (b) Offline jerk-cost comparison with the
one-step baseline, (c) Online reward comparison between fixed chunk execution and entropy-guided adaptive chunk execution, and (d)
Confusion matrix for driving-style inference.

ment the simulation using FLOW [23] with the SUMO traf-
fic simulator [17]. To represent heterogeneous surrounding-
vehicle behaviors, we consider three driving styles: conser-
vative, which prioritizes safety and larger headway; neutral,
which reflects moderate yielding and speed maintenance;
and aggressive, which is characterized by shorter headway
and more rapid acceleration or deceleration.

4.2. Offline Performance Comparison
We first evaluate the effect of chunk-aware policy learning in
the offline setting by comparing the proposed chunk policy
with a one-step baseline. As shown in Figure 2(a), the
chunk policy achieves a higher average reward than the
one-step baseline, improving the reward by 6.70%. This
result indicates that predicting a short future action sequence
provides a useful temporal abstraction for sequential driving
control.

Figure 2(b) further shows that the chunk policy reduces cu-
mulative jerk by 18.37% compared with the one-step base-
line. This suggests that chunk-level prediction improves con-
trol smoothness by reducing abrupt action changes across
consecutive timesteps. Together, these results show that
chunk-aware offline learning based on flow-matching pol-
icy improves driving performance without sacrificing tem-
poral consistency.

4.3. Online Adaptation Performance
We next evaluate the effect of adaptive chunk execution dur-
ing online adaptation by comparing the proposed entropy-
guided strategy with a fixed chunk execution baseline.
While the fixed baseline always executes the full predicted
chunk, the proposed method adaptively shortens the execu-
tion horizon according to the uncertainty of sampled future
actions.

As shown in Figure 2(c), the proposed adaptive chunking
method achieves a higher average reward than the fixed
chunk baseline. In particular, the average reward improves
by 13.17%, indicating that uncertainty-aware execution is
more effective than naively committing to the full predicted
chunk.

This result suggests that entropy-guided execution selects a
more reliable execution horizon for predicted action chunks.
In other words, adaptive chunk execution preserves the
benefit of chunk-level prediction while avoiding unreliable
tail actions under evolving traffic interactions.

4.4. Driving-Style Inference Performance
To evaluate the driving-style inference module, we report
the confusion matrix on the test dataset in Figure 2(d). In
the matrix, columns indicate the ground-truth driving style,
while rows indicate the inferred driving style. The proposed
module distinguishes the three driving styles overall. These
results suggest that the inferred driving-style representation
provides useful behavior context for adapting the policy to
heterogeneous surrounding vehicles.

5. Conclusion
In this paper, we propose UA2C, a chunk-based offline-to-
online driving framework that combines a flow-matching
policy with a driving-style inference module in mixed traf-
fic. We further introduce entropy-guided adaptive chunk
execution, which selects a reliable prefix before replanning
and enables stable online refinement. Simulation results
show that UA2C improves offline driving performance and
control smoothness over a one-step baseline, while adaptive
execution further improves online performance over fixed
chunk execution. More broadly, uncertainty-aware adaptive
action chunking offers a general approach for balancing
temporal coherence and reactive replanning in interactive
sequential decision-making tasks.

Impact Statement
This paper advances offline-to-online RL methods for au-
tonomous driving to improve decision-making under un-
certainty and heterogeneous human-driver behaviors. By
enabling adaptive action chunking, the proposed framework
may contribute to more reliable driving policies in inter-
active traffic environments. We do not identify additional
societal risks unique to this work beyond those generally
associated with autonomous driving, including safety, ac-
countability, and robustness under distribution shift.

4



220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

UA2C: Uncertainty-Aware Adaptive Action Chunking for Offline-to-Online Decision-Making in Mixed Traffic

References
[1] L. L. Ankile, A. Simeonov, I. Shenfeld, M. T. Villa-

sevil, and P. Agrawal. From imitation to refinement–
residual rl for precise visual assembly. In Conference
on Robot Learning (CoRL) Workshop on Mastering
Robot Manipulation in a World of Abundant Data,
2024.

[2] D. Chen, M. R. Hajidavalloo, Z. Li, K. Chen, Y. Wang,
L. Jiang, and Y. Wang. Deep multi-agent reinforce-
ment learning for highway on-ramp merging in mixed
traffic. IEEE Transactions on Intelligent Transporta-
tion Systems, 24(11):11623–11638, Nov. 2023.

[3] C. Eom, D. Lee, and M. Kwon. Selective imitation
for efficient online reinforcement learning with pre-
collected data. ICT Express, 10(6):1308–1314, Dec.
2024.

[4] S. Fujimoto, H. Hoof, and D. Meger. Addressing func-
tion approximation error in actor-critic methods. In In-
ternational Conference on Machine Learning (ICML),
2018.

[5] C. Hubmann, M. Becker, D. Althoff, D. Lenz, and
C. Stiller. Decision making for autonomous driving
considering interaction and uncertain prediction of
surrounding vehicles. In IEEE Intelligent Vehicles
Symposium (IV), 2017.

[6] D. Lee and M. Kwon. ADAS-RL: Safety learning
approach for stable autonomous driving. ICT Express,
8(3):479–483, Sep. 2022.

[7] D. Lee and M. Kwon. Episodic future thinking mech-
anism for multi-agent reinforcement learning. In
Advances in Neural Information Processing Systems
(NeurIPS), 2024.

[8] D. Lee and M. Kwon. Episodic future thinking with
offline reinforcement learning for autonomous driving.
IEEE Internet of Things Journal, 12(11):17012–17023,
Jun. 2025.

[9] D. Lee and M. Kwon. Instant inverse modeling of
stochastic driving behavior with deep reinforcement
learning. IEEE Transactions on Consumer Electronics,
71(1):2152–2162, Feb. 2025.

[10] D. Lee and M. Kwon. Scenario-free autonomous
driving with multi-task offline-to-online reinforcement
learning. IEEE Transactions on Intelligent Transporta-
tion Systems, 26(9):13317–13330, Sep. 2025.

[11] J. Li, C. Yu, Z. Shen, Z. Su, and W. Ma. A survey on
urban traffic control under mixed traffic environment

with connected automated vehicles. Transportation Re-
search Part C: Emerging Technologies, 154(9):104258,
Sep. 2023.

[12] Q. Li, Z. P. Zhou, and S. Levine. Reinforcement learn-
ing with action chunking. In Advances in Neural In-
formation Processing Systems (NeurIPS), 2025.

[13] H. Liu, L. Chen, Y. Qiao, C. Lv, and H. Li. Rea-
soning multi-agent behavioral topology for interactive
autonomous driving. In Advances in Neural Informa-
tion Processing Systems (NeurIPS), 2024.

[14] J. Liu, P. Hang, X. Na, C. Huang, and J. Sun. Co-
operative decision-making for CAVs at unsignalized
intersections: A MARL approach with attention and
hierarchical game priors. IEEE Transactions on In-
telligent Transportation Systems, 26(1):443–456, Jan.
2025.

[15] S. Liu, W. Chen, W. Li, Z. Wang, L. Yang, J. Huang,
YipinZhang, Z. Huang, Z. Cheng, and H. Yang.
BridgeDrive: Diffusion bridge policy for closed-loop
trajectory planning in autonomous driving. In In-
ternational Conference on Learning Representations
(ICLR), 2026.

[16] Y. Liu, J. I. Hamid, A. Xie, Y. Lee, M. Du, and C. Finn.
Bidirectional decoding: Improving action chunking
via guided test-time sampling. In International Con-
ference on Learning Representations (ICLR), 2025.

[17] P. Lopez, M. Behrisch, L. Bieker-Walz, J. Erdmann,
Y. Flötteröd, R. Hilbrich, L. Lücken, J. Rummel,
P. Wagner, and E. Wießner. Microscopic traffic simula-
tion using SUMO. In IEEE International Conference
on Intelligent Transportation Systems (ITSC), 2018.

[18] H. Pei, S. Feng, Y. Zhang, and D. Yao. A cooperative
driving strategy for merging at on-ramps based on dy-
namic programming. IEEE Transactions on Vehicular
Technology, 68(12):11646–11656, Dec. 2019.

[19] J. So, C. Lee, S. Lee, J. Ok, and E. Park. Improv-
ing generative behavior cloning via self-guidance and
adaptive chunking. In Advances in neural information
processing systems (NeurIPS), 2025.

[20] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit,
L. Jones, A. N. Gomez, Ł. Kaiser, and I. Polosukhin.
Attention is all you need. In Advances in neural infor-
mation processing systems (NeurIPS), 2017.

[21] J. Wang, Y. Zheng, Q. Xu, J. Wang, and K. Li. Con-
trollability analysis and optimal control of mixed traf-
fic flow with human-driven and autonomous vehicles.
IEEE Transactions on Intelligent Transportation Sys-
tems, 22(12):7445–7459, Dec. 2020.

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

UA2C: Uncertainty-Aware Adaptive Action Chunking for Offline-to-Online Decision-Making in Mixed Traffic

[22] J. Wang, Y. Zheng, Q. Xu, J. Wang, and K. Li. Con-
trollability analysis and optimal control of mixed traf-
fic flow with human-driven and autonomous vehicles.
IEEE Transactions on Intelligent Transportation Sys-
tems, 22(12):7445–7459, Dec. 2021.

[23] C. Wu, A. Kreidieh, K. Parvate, E. Vinitsky, and
A. Bayen. FLOW: A modular learning framework
for mixed autonomy traffic. IEEE Transactions on
Robotics, 38(2):1270–1286, Apr. 2021.

[24] P. Wu, X. Jia, L. Chen, J. Yan, H. Li, and Y. Qiao.
Trajectory-guided control prediction for end-to-end
autonomous driving: A simple yet strong baseline. In
Advances in Neural Information Processing Systems
(NeurIPS), 2022.

[25] H. Xu, Y. Zhang, L. Li, and W. Li. Cooperative driving
at unsignalized intersections using tree search. IEEE
Transactions on Intelligent Transportation Systems,
21(11):4563–4571, Nov. 2020.

[26] J. Yang, B. Zhu, J. Chen, and Y.-G. Jiang. Actor-critic
for continuous action chunks: A reinforcement learn-
ing framework for long-horizon robotic manipulation
with sparse reward. In AAAI Conference on Artificial
Intelligence (AAAI), 2026.

[27] T. Z. Zhao, V. Kumar, S. Levine, and C. Finn. Learn-
ing fine-grained bimanual manipulation with low-cost
hardware. In Robotics: Science and Systems (RSS),
2023.

6


