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Temporal Transfer Learning for Traffic Optimization
with Coarse-Grained Advisory Autonomy

Jung-Hoon Cho

Abstract—The recent development of connected and automated
vehicle (CAV) technologies has spurred investigations to optimize
dense urban traffic, maximizing vehicle speed and throughput.
This article explores advisory autonomy, in which real-time driving
advisories are issued to human drivers, thus achieving near-term
performance of automated vehicles. Due to the complexity of traffic
systems, recent studies of coordinating CAVs have leveraged deep
reinforcement learning (RL). Coarse-grained advisory is formal-
ized as zero-order holds, and we consider a range of hold durations
from 0.1 to 40 s. However, despite the similarity of the higher
frequency tasks for CAVs, a direct application of deep RL fails
to generalize to advisory autonomy tasks. To overcome this, we
employ zero-shot transfer, training policies on a set of source
tasks—specific traffic scenarios with designated hold durations—
and then evaluating the efficacy of these policies on different target
tasks. We introduce temporal transfer learning (TTL) algorithms to
select source tasks for zero-shot transfer, systematically leveraging
the temporal structure to solve the full range of tasks. TTL selects
the most suitable source tasks to maximize the performance of the
range of tasks. We validate our algorithms on diverse mixed-traffic
scenarios, demonstrating that TTL more reliably solves the tasks
than baselines. This article underscores the potential of coarse-
grained advisory autonomy with TTL in traffic flow optimization.

Index Terms—Deep learning in robotics and automation,
intelligent transportation systems, learning and adaptive systems,
transfer learning.
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I. INTRODUCTION

ECENT advancements in connected and automated vehi-
R cle (CAV) technologies have opened up new frontiers in
addressing the challenges of urban traffic congestion and associ-
ated environmental problems. The growing urgency to mitigate
traffic-related issues, buoyed by advances in autonomous vehi-
cles (AVs) and machine learning, is pushing the boundaries of
urban roadway autonomy. As the transportation sector progres-
sively moves toward a fully autonomous paradigm, the spotlight
is firmly on devising innovative methods for traffic flow opti-
mization, targeting key outcomes, such as enhanced ecodriving,
throughput maximization, and congestion reduction [1], [2].

This article highlights the significant role of advisory auton-
omy, an approach where automated systems provide real-time
driving guidance to human drivers to integrate seamlessly with
other traffic and achieve better traffic flow. The crux of our re-
search lies in demonstrating how advisory autonomy can enable
human-driven vehicles to emulate the system-level performance
of automated vehicles (AVs), providing a viable, cost-effective
alternative in the near term. The notion of coarse-grained advi-
sory autonomy is formalized through the lens of coarse-grained
zero-order holds [3]. With this coarse-grained advice, instead
of instantaneous controls ([4], [5], [6]), vehicles are provided
with guidance that persists for a particular duration, thereby
addressing the intricacies of fluctuating hold duration. This is
significant as human drivers, unlike AV's, may find it challenging
to adhere to frequent and rapid control changes. Concurrently,
work on robustness to human compliance errors (response delay,
speed deviation) shows that advisory performance can degrade
sharply without explicit handling [7].

In this work, our objective is to develop an algorithm that,
given a traffic scenario, can determine whether guidance that hu-
man drivers could conceivably follow would achieve outcomes
comparable to those of AVs. We concentrate on human compat-
ibility for traffic optimization and the ability of human drivers to
match corresponding system-level metrics (such as the average
speed of all vehicles and the throughput) rather than achieve
accurate maneuvers where AVs possess clear advantages, such
as being able to react to abrupt braking without hesitation. This
article subsumes and extends Sridhar et al.’s [3] work, which
originally formulated the problem as piecewise-constant control
for traffic optimization. This article further elaborates to include
both acceleration and speed guidance and validates on different
traffic networks.

Integrating this approach with reinforcement learning (RL)
presents an elegant way forward, given RL’s structured
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Fig. 1. Tllustrative figure of TTL for the coarse-grained advisory system. In
a coarse-grained advisory system, vehicles receive persistent guidance for a
specified hold duration rather than instantaneous controls. The system perfor-
mance of this system shows the nonrobustness to the hold duration of deep RL
when trained exhaustively. We propose TTL methods designed to select source
training tasks based on temporal features. In comparison to the exhaustive and
multitask training methods, TTL provides an intermediate number of policies
to train to solve a full set of tasks.

framework for sequential decision-making. While deep RL has
emerged as a potent tool for this purpose, its direct application
to the advisory system has exposed a degree of instability,
characterized by jagged performance over a range of tasks,
echoing the findings of Sridhar et al. [3]. This inconsistency and
brittleness necessitate a more sophisticated approach to deep RL,
one that can more reliably handle the complexities of real-world
traffic scenarios encountered by advisory systems.

To confront these challenges head-on, we turned to transfer
learning, a widely employed technique in numerous research
fields that enables the utilization of knowledge acquired from
one task to enhance performance in another related task [8],
[9]. Specifically, transfer learning can be applied to adapt the
pretrained policy to a new task or to initialize a learning
algorithm with pre-existing knowledge, substantially expediting
the learning process and boosting overall performance. Transfer
learning has been successfully applied to improve the efficiency
and training performance of traffic management systems [4],
[10], [11]. In this context, we employ zero-shot transfer, where
policies are trained on a source task—specific traffic scenarios
with designated hold duration—and then evaluated on different
target tasks. This approach is computationally efficient as it ob-
viates the need for any additional fine-tuning, directly leveraging
the trained policies to new scenarios.

We introduce two temporal transfer learning (TTL)
algorithms— greedy temporal transfer learning (GTTL) and
coarse-to-fine temporal transfer learning (CTTL). A high-level
overview of the proposed TTL framework for coarse-grained
advisory autonomy is shown in Fig. 1. These algorithms adeptly
leverage the temporal similarities across tasks to judiciously se-
lect training tasks, thereby significantly facilitating the training
efficiency and overall performance. The essence of TTL lies in
its capability to seamlessly transfer knowledge acquired from
one task to another, circumventing the often observed training
brittleness in deep RL algorithms. The TTL approach provides
a structured advantage by systematically leveraging temporal
structures inherent in the task domain. Our GTTL methods
especially leverage a linear generalization gap, which allows
better estimation of zero-shot generalization across different
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tasks. This ability of TTL to draw insights from prior models
offers a promising avenue to circumvent the fragility often
observed in deep RL training. Then, to evaluate our algorithm’s
generalizability, we consider validation on various traffic scenar-
ios in which mixed-autonomy traffic has been proven effective
for traffic optimization [5], [6].
The core contributions of this article are twofold as follows.
e We delve into a coarse-grained advisory, presenting a
compelling case for its viability in enhancing system-level
traffic outcomes. Our empirical evidence underscores the
possibility of furnishing human drivers with guidance that
mirrors AV behavior, leading to tangible traffic improve-
ments. Such findings pave the way for considering human
drivers as immediate, practical alternatives to full-fledged
AV deployments.
® Qur research introduces TTL algorithms, a robust method-
ology specifically designed to tackle the training brittleness
intrinsic to deep RL algorithms. TTL can be promising
in evolving generalizable training paradigms for complex
traffic optimization tasks by adeptly identifying sources of
variation and harnessing insights from pre-existing models.

II. RELATED WORK
A. RL for Mixed Autonomy Traffic

As we await the era of fully automated vehicles, we can antic-
ipate a mixed autonomy system where automated and human-
driven vehicles share the road. In such a system, controlling
only a small proportion of the vehicles can significantly improve
the overall traffic flow [5], [10]. Several studies have explored
the potential of RL in addressing the challenges posed by the
coexistence of AVs and human-driven vehicles. Researchers
have worked on enhancing traffic efficiency in mixed autonomy
settings using deep RL-based approaches, showing that it can
eliminate stop-and-go traffic and mitigate congestion [2], [4],
[5], [6], [10], [12]. These studies collectively highlight the
potential of RL in optimizing mixed autonomy traffic, paving
the way for enhanced safety, efficiency, and performance in
transportation systems.

B. Advisory Autonomy

Advisory systems in roadway autonomy span a broad range of
applications, from enhancing safety to mitigating traffic conges-
tion. These systems provide considerable benefits to users. For
instance, collision warning alerts have been employed to ensure
the driver’s safety [13], and speed advisory systems at signalized
intersections help users pass the green light efficiently [14]. At
a system level, on the other hand, the advisory system provides
system-level traffic optimization. For example, speed advisory
systems contribute significantly towards ecodriving [15] and
personalized advisory systems have been introduced to miti-
gate traffic congestion [16], [17]. Furthermore, roadway signs
suggesting advisory speeds represent another form of advisory
autonomy.

However, the application of advisory systems poses unique
challenges given their interaction with human drivers. While
fully automated vehicles can operate within clearly defined
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parameters and constraints, human drivers exhibit different be-
haviors. For instance, as noted by Mok et al. [ 18], humans require
a minimum of 5-8 s to appropriately transition control. This
finding highlights the importance of considering the distinct
characteristics and limitations of human drivers when develop-
ing control methods. For instance, Sridhar and Wu [3] identified
two key characteristics of human-compatible driving policies:
a simple action space and the capacity to maintain the same
action for a few seconds. An example of a human-compatible
advisory system is a coarse-grained control system, which is
provably stable in the context of Lyapunov in mitigating con-
gestion on single-lane ring roads [19]. This system, known as
an action-persistent Markov decision process (MDP), success-
fully addresses the human need for simplicity and persistent
actions. In light of these considerations, it is crucial to integrate
human driving characteristics into the design of control methods
for human drivers. Complementary to our effort in developing
the transfer learning-based algorithm, Kim et al. [7] relaxed
the perfect-compliance assumption by modeling driver delays
and speed deviations, revealing substantial degradation without
robustness measures and proposing RL-based advisories re-
silient to such errors.

C. Action Persistent MDPs and RL

In exploring action repetition within RL, the concept of semi-
MDPs offers a rich framework for incorporating temporally
abstract actions into the traditional MDP paradigm [20]. The
ability to apply the same action across extended time periods
allows for a simplified control strategy that can be beneficial for
complex control problems.

Various methodologies such as reducing control granularity,
implementing a skip policy, and applying temporal abstraction
have been employed to analyze action repetition [21], [22], [23],
[24]. Metelli et al. [24] introduced action persistence and the per-
sistent fitted Q-iteration algorithm to modify control frequencies
and learn optimal value functions. Lee et al. [25] addressed the
multiple control frequency problems that guarantee convergence
to an optimal solution and outperform baselines. In the context
of transportation systems, Sridhar and Wu [3] investigated the
use of piecewise constant policies for traffic congestion mitiga-
tion, providing a structured approach to guide human drivers in
real-time.

These contributions collectively underscore the significance
of action repetition and the strategic choice of control frequen-
cies in RL. They also highlight the potential for translating these
concepts into tangible traffic management solutions, exemplify-
ing the intersection between theoretical research and practical
application.

D. Transfer Learning in RL

Transfer learning is a popular technique used in various
research domains to leverage the knowledge gained from one
task to improve performance in another related task [8], [9]. In
particular, transfer learning can be used to adapt a pretrained
policy to a new task or to initialize a learning algorithm with
pre-existing knowledge, thereby greatly accelerating the learn-
ing process and improving overall performance. In contrast to

multitask learning’s simultaneous approach, transfer learning
applies knowledge from source tasks to optimize a particular
target task, underscoring an asymmetrical relationship between
tasks [9].

Transfer learning offers the advantage of significantly de-
creasing the amount of data needed for learning compared to
traditional independent learning methods [26]. Dynamic transfer
learning maps for multirobot systems can be obtained from the
basic system properties of approximated physical models or
experiments [27]. Kouw and Loog [28] not only delved into
the specific instances and various techniques of domain adap-
tation but also highlighted the challenges of sequential domain
adaptation. Moreover, transfer learning also has its benefits, as
it requires a reduced number of data or training for new tasks,
stemming from the shared representation of related tasks [26],
[29], [30].

In robotics, transfer learning has been utilized for a wide
range of applications such as robot manipulation, locomotion,
and control [31], [32]. In the context of traffic settings, transfer
learning has been applied to improve the efficiency and training
performance of traffic management systems [4], [10], [11]. For
example, Kreidieh et al. [10] proposed a transfer learning frame-
work that can help the warm start for training policies to dissipate
shockwaves from closed traffic scenarios to more complex open
ones. Similarly, zero-shot policy transfer to adapt a pretrained
policy for autonomous driving in a structured environment to an
unstructured environment results in improved performance and
safety [11].

Also, the transferability of the learned policies may differ
at different levels of tasks; for instance, policies derived from
more structured and informative tasks are more robust to di-
verse tasks [33]. Yan et al. [4] proposed a unified framework
for traffic signal control using transfer learning to transfer
knowledge across different intersections and adapt to varying
traffic conditions. Also, transfer learning is used for real-time
crash prediction [34], and traffic flow prediction in data-sparse
regions [35].

RL-based methods require generating significant amounts of
simulation data, which can be costly. However, transfer learning
offers a solution to alleviate the burden of data generation and
simulation for training each model. By employing an efficient
training scheme, the model can quickly learn when, what, and
where to transfer knowledge in scenarios with limited data
availability [36]. The selection of source tasks is critical in
transfer learning as it sets the foundation for the efficacy of
knowledge transfer. Contextual relevance in source task selec-
tion is critical for the efficacy of the transferability of a policy,
which may be predicted through its relation to the target task’s
characteristics [37], [38]. Furthermore, Agostinelli et al. [39]
explored metrics that predict the success of transferred knowl-
edge, facilitating the selection of source model ensembles to
maximize performance on the target task. In addition to selecting
individual source tasks, multitask learning can also be used to
solve multiple related tasks [40]. Closest to our setting, Cho et al.
[41] introduced model-based transfer learning, which explicitly
models 1) the training performance via Gaussian processes
and 2) a linear generalization gap over context, and then uses
Bayesian optimization to pick source tasks with sublinear regret
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guarantees. In contrast, our TTL specializes in the temporal
context (hold duration §) and yields simpler closed-form greedy
and coarse-to-fine selection rules with area-coverage guarantees.

A hierarchical approach to task granularity can be beneficial
as it allows for the refinement of coarse attributes while learning
finer tasks. This method has been successfully employed by Wei
et al. [42] in their work on vehicle reidentification tasks and
in large-scale fault diagnosis tasks [43]. Our method leverages
temporal locality in hold duration—transferring between nearby
d0—which plays an analogous role to curriculum learning while
explicitly optimizing source-task selection under a fixed training
budget.

Overall, transfer learning has shown promising results in im-
proving the efficiency and safety of traffic management systems
by leveraging the similar temporal structure of a series of tasks
and prior knowledge from related tasks.

III. COARSE-GRAINED CONTROL
A. Coarse-Grained Guidance in Advisory Autonomy

Advisory autonomy stands for the automated system that pro-
vides guidance to human drivers rather than a fully controllable
process. In this context, it is designed to work in the presence of
human-driven vehicles, ensuring that controlled vehicles operate
in a manner that is safe, predictable, and intuitive for human
drivers. Coarse-grained control refers to the vehicle control
system that gives control periodically. Coarse-grained control
involves applying the same action to an AV for a fixed time
segment. As we discussed in Section II-C, coarse-grained con-
trol can be interpreted as action-persistent MDPs with different
control granularities.

B. Action Persistent MDPs

We consider N vehicles and assume that all vehicles are
human-driven vehicles. A subset of these vehicles, defined by the
fraction p, receives periodic guidance from the advisory system
and is termed guided vehicles. The remaining vehicles, con-
stituting the fraction (1 — p), are designated as default-driven
vehicles and do not receive such guidance. Guided vehicles are
human-driven vehicles with periodic assistance from a trained
policy for coarse-grained control, 7(s;, ). The policy is applied
atintervalst,, = dm, wherem € Ng (N as a set of nonnegative
integers) and ¢ denotes the guidance hold duration. It is essential
that the guidance hold duration is significantly shorter than the
total horizon, denoted as (H > 9). These vehicles receive guid-
ance for any time ¢ that falls within the range [t , t;,+1]. This
action persistent MDP can be represented by the seven-tuple
Ms=(S,A,T,R,H,~,J), where S defines the state space, .A
is action space, 7 : S x A x § — R is a transition probability
distribution, R is reward function, H is a total time horizon,
and + is a discount factor. The transition probability function
P(s'|s, a) specifies the probability of transitioning to a state s’
from a state s by taking action a. An agent’s objective in an MDP
is to find a policy 7 that maximizes the expected sum of rewards
obtained over time, given the current state s and the actions it
can take.

VISORY AUTONOMY
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Coarse-grained control, also known as piecewise constant
control or zero-order hold control, refers to the application of
the same control action over a specified time segment length [3].
In other words, the same action determined at time step ¢, is
applied to the time segment of ¢ € [t,,, t,,+1]. In the single-lane
ring, the simulation experiments reported that the hold duration
could be extended to 24 s without degradation of the system
performance [3]. This piecewise constant control is backed
up with the simulator experiments to evaluate the effect of
the coarse-grained advisory [44]. Hasan et al. [16], [17] also
introduced a cooperative advisory system that leverages a novel
driver trait conditioned personalized residual policy to guide
drivers in ways that reduce traffic congestion.

C. Guidance Type

In our setting, we assume that the guided vehicle ¢ observes
the space headway s;(t) between ith vehicle and the preceding
vehicle and its derivative $;(t) can be computed from successive
headway measurements or velocity differences when the preced-
ing vehicle’s velocity can be observed. Likewise, the velocity
v;(t) comes from speed sensors in the vehicle. Based on the
observation of the drivers, the coarse-grained controller provides
the drivers with either the target raw acceleration or target speed.

Acceleration guidance: Acceleration guidance in advisory
autonomy systems directs human drivers by recommending
the optimal acceleration action from a continuous action set,
determined by the trained policy 7. Concretely, the pol-
icy m takes the observed traffic state at time t¢,,—namely
(5:(tm), 5i(tm), vi(tm))—and outputs a recommended accel-
eration for guided vehicle ¢ for the duration ¢ € [t,, tymi1 =
tm + 5]

For this acceleration guidance in the single-lane ring, Lya-
punov analysis gives sufficient conditions for the stability of
the coarse-grained advisory [19]. Moreover, the success of
this guidance system critically depends on the interface design
through which advisories are communicated. A few challenges
are possible discomfort for drivers, the complexity of human
drivers in accurately interpreting and executing precise accel-
eration commands, and an increased risk of manual execution
errors.

Speed guidance: In contrast to acceleration guidance, speed
guidance presents human drivers with a target speed that they
should attain and maintain over the hold duration interval. This
approach is motivated by the observation that many drivers find
it more intuitive to adjust to a specific speed target rather than
precisely following recommended accelerations [45]. Moreover,
using acceleration guidance type for the coarse-grained control
often struggles to achieve and sustain the optimal velocity as
discussed in [46] and [47]. Accordingly, our trained policy 7
generates arecommended target speed for guided vehicle ¢ based
on its current state (8;(tm ), $i(tm), vi(tm)). Once this target
speed is communicated, the driver accelerates or decelerates to
reach it as quickly and smoothly as possible, subject to comfort
and safety constraints.

Researchers have worked on the speed advisory system [48],
[49], [50]. For example, Liang et al. [48] guided the driver with
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Fig. 2. Two types of advisory system to the human drivers: acceleration
guidance (a), speed guidance (b).

the speed for signal phase and timing in CAV environment. Wang
et al. [51] reported that the human—machine interface display-
ing the difference between current and suggested speeds with
the cooperative driving simulator improved the performance
while displaying time difference harmed the speed adaptation.
However, there are some drawbacks that human drivers tend to
perceive the target speed as the easily broken speed limit and
easily exceed it [52].

Fig. 2 intuitively depicts two distinct forms of advisory
provided to drivers: acceleration and speed guidance. From a
stabilization standpoint, speed guidance has certain advantages,
as it enables the vehicle to maintain a constant speed throughout
the hold duration. However, under acceleration guidance, the
vehicle’s speed is subject to change unless the acceleration is
precisely zero. This inherent difference between the two forms
of guidance gives rise to distinct behaviors and responses within
the traffic system, as demonstrated in our results.

IV. TEMPORAL TRANSFER LEARNING

In advisory autonomy, we guide human drivers by providing
a predetermined period, known as the hold duration, indicating
how long they should maintain their guided actions. We consider
solving families of MDP tasks whose only difference is the
guidance hold duration, since the control of humans can vary.
Throughout, we use “task” in the transfer-learning sense to
denote the same control problem evaluated at a particular guid-
ance hold duration 4. Apart from J, all environment and model
parameters, such as the number of agents and road networks,
are identical. Even in this setting, we find that RL will train
successfully in some scenarios and unsuccessfully in others,
with no clear pattern among the tasks. Similar findings have
been documented in [53].

The algorithm introduced in this section is inspired by the
intuition that an optimal strategy for hold duration § should
not differ significantly from that for hold duration ¢’ ~ 4. In
particular, small perturbations of the hold duration should yield
only minor changes to the action sequence and the closed-loop
dynamics. Empirically, however, J*(§) and the learned policies
exhibit a jagged, nonsmooth dependence on §—a sign of training
brittleness—which motivates zero-shot transfer across nearby
tasks.

We aim to investigate multiple tasks to comprehend the intri-
cacies of the coarse-grained advisory and its effectiveness in

TABLE I
TABLE OF NOTATIONS

Symbol Description
) Guidance hold duration
J(9) The performance of task with duration ¢
A The aggregate performance across different durations
k Sequential step in source task selection
5k The guidance hold duration chosen at kth step
Tk The policy trained at the task at 5%
J7k(6%) The performance of policy 7, evaluated at %
AJ(6s,0r) The generalization gap when the policy trained with §g
transferred to the task with dp
Ji (6) The performance updated with the best-performing
performance among previously trained policies
Sk A set of selected source tasks

optimizing traffic flow, particularly in mitigating congestion.
Addressing multiple tasks provides a holistic understanding of
the system’s behavior under various scenarios, thereby inform-
ing more robust optimization strategies. While solving multi-
ple tasks simultaneously with a separate model per each task
could be computationally intensive and resource-demanding,
leveraging a pre-trained model and transfer learning for our
specific tasks can drastically reduce the computational burden.
The list of variables and functions used throughout this article is
summarized in the Table I, ensuring clarity and ease of reference
for the reader.

A. Problem Definitions

Guidance hold duration and performance: In coarse-grained
advisory settings, let J(d) denote the performance metric for a
task with a guidance hold duration of §. For a coarse-grained
policy m, we write this as J™(d). The hold duration 0 spans
from Opmin t0 dmax. We define the aggregate performance over
the interval [Omin, Omax] as the integral of J(0)

Omax
A(5mina 5max) - / J(é) d5 (1)
5mm

which measures how the system performs across all hold du-
rations. In practice, we approximate this integral via a discrete
sum

Omax

A((Sminy max Z J (2)

0=Cmin

For notational simplicity, we will use A(0min, dmax ) Or simply A
to represent this aggregate performance.

Sequential source tasks selection problem: We next define
the sequential source tasks selection problem, where the goal is
to iteratively choose which hold duration §* to train on so as
to maximize overall performance. We let K denote the transfer
budget (i.e., the maximum number of source tasks we can train).
At each iteration k € {1,..., K}, we train a policy on the task
withhold duration 6*. The set of selected source tasks at iteration
k is denoted by Sj.

We write Ji(0) for the estimated performance on a task with-
hold duration ¢ after k iterations of training on selected tasks.
Training at §* produces a policy 7, with performance J™ (§*)
on that same task. In practice, a policy trained on one task dg
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may perform suboptimally when applied to a different task é,
due to a generalization gap. This gap captures how performance
degrades when zero-shot transferring a policy from dg to dp.
Such performance degradation has been studied in [54] and [55],
and similar effects have been observed in multiobjective con-
texts [56]. The generalization gap is crucial for understanding
the limits of transfer and for guiding the iterative improvement
of task-specific policies in RL.

Definition 1. (Generalization gap AJ(dg,dr)): For a policy
trained on source task dg and evaluated on target task o, we
define the generalization gap as the difference in performance
AJ(8s,67) = J™5(ds) — J™ (o).

We initialize the estimated performance Jy (&) for all guidance
hold durations § within the range of interest to zero, which sets
the baseline for subsequent improvements

Jo(é) =0 Ve [5min’6max}' 3)

After each iteration k, Ji(9) is updated by taking the maxi-
mum over the best known policy so far and the newly trained
policy (accounting for the generalization gap)

58)= J™ (5%, if § = o"
T max (T 1 (8), ™ (5%) — AJ(S*,6)), otherwise.
€

Definition 2. (Sequential source tasks selection problem):
The problem is to select a sequence of tasks {6%,2,..., 65}
that maximizes the aggregate performance. At iteration k, we
pick 8% to maximize Ay, (6%), where

Omax
Ap(0%) = /(S max(Ji_1(6), J™(6F) — AJ(5*,5)) dd.
)

The selection process continues for up to K iterations, thereby
incrementally improving policy performance across all hold
durations.

A conceptual illustration of this process is shown in Fig. 3. At
each step, the newly trained policy may enhance performance
in a neighborhood of 4%, subject to the generalization gap when
evaluated on other tasks.

B. Modeling Assumptions

We now list the main assumptions used to formalize and
analyze the source tasks selection problem in the context of
TTL.

Assumption 1 (Constant upper bound performance): For
any hold duration § in [dmin, dmax), the upper bound of the
performance .J*(¢) is constant, denoted by J*. Formally

J*((S) = J*; Vo e [6min75max}- (6)

Assumption 1 is supported by empirical analysis within
coarse-grained advisory autonomy settings, suggesting that vari-
ous coarse-grained guidance tasks may uphold the same training
performance. Our observations in single-lane ring environments
validate this assumption [see Fig. 9(a)], although it is noted
that in more complex scenarios, such as highway ramps, the
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Jm (51) ........... J7f2(52)
AJ(62, 0)
.......... Jo(0)

St 52 J
Target task §

Fig. 3. Visualization of sequential source task selection and corresponding
performance evaluations within the guidance hold duration space. The shaded
region represents the aggregate performance A after selecting 6! in the first
step. The generalization gap A.J (8%, §) quantifies the performance drop when
applying the policy trained at §! to a target task with §. At the second step, the
selection of §2 updates the estimated performance of task with duration of &

from J1 () to J2(9).

training performance may decline as hold duration increases
[see Fig. 9(b)].

Assumption 2 (Deterministic training performance): For any
task trained withhold duration 6%, training attains performance
J™ (8F) = J*(6%); analysis uses J™ (%) = J*(5%).

From Assumptions 1 and 2, training on any chosen 6% achieves
J*, which simplifies the analysis of subsequent transfers.

Assumption 3 (Linear generalization gap): The general-
ization gap AJ(dg,dr) between tasks dg and dr is linearly
proportional to |dg — dr|. Specifically

QL((Ss—(ST), if55'>6T
AJ(ds,07) = 7
(95 97) {HR(éT —dg), otherwise 2

where 0, signifies the slope of transfer performance when tran-
sitioning from a coarser to a finer task, implying that 6g > d7.
Conversely, 0y represents the slope when shifting from a finer
to a coarser task, suggesting that g < dp.

Assumption 4 (Symmetric generalization gap function): For
simplicity, we assume the transfer slopes are equal, i.e., 0, =
Or =0.

Assumption 4 simplifies the analysis by asserting that the
granularity of the task does not influence the rate of performance
degradation during policy transfer.

Assumption 5 (Bounded slope of generalization gap function):
We require that J* > 6(dmax — Omin), SO that

J*
o = 5max - 5min . (8)

This bound ensures the generalization gap does not exceed
the maximum possible performance, making geometric analyses
tractable. If J* is larger than 0(dyax — Omin), the transfer from
any point would be able to encompass the additional volume.
Thus, without loss of generality, we can assume J* = 0(0yax —
dmin) in our geometric analysis. If J* is less than 6(dmax — Omin)»
indicating a relatively constrained effective transfer range, the
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Upper-bound performance J*

Piecewise linear segment

Average performance .J

0 10 20 30 40
Guidance hold duration (sec)

Fig. 4. Exemplified representation of the TTL process for source task selec-
tion. The graphic showcases the stepwise procedure for two iterations (k = 2),
resulting in two segments demarcated by inflection points at 61 and §2. The
upper bound performance J* is indicated by the blue dotted line, as posited in
Assumption 1, while the piecewise linear segments and their slopes, as governed
by Assumptions 3 and 4, guide the selection of the next hold duration 8% that
will maximize the aggregate performance Ay. Each segment is assessed for its
potential marginal contribution to Ay, with decisions influenced by the shape of
the performance function J(¢), here visualized as transitions from the orange
to the green area, signifying the shift in guidance hold duration from &' = 20
to 62 = 33.33.

advantage of using transfer learning might be limited. This is
due to the fact that TTL tends to benefit from the case where the
amount of the generalization gap is prominent.

C. Optimal Strategy for Source Tasks Selection Problem

With several assumptions we made in the previous section,
we can devise a systematic algorithm to solve the source tasks
selection problem and choose the subsequent training source
task based on simple geometry. We consider an analysis that
simplifies the marginal performance improvement after each
iteration to obtain intuition and provide a theoretical grounding
for the TTL process.

As shown in Fig. 3 and supported by Assumptions 1-3,
training on a selected source task yields optimal performance
at that task, creating two distinct segments in the performance
function. These segments, delineated by the selected task, can be
modeled as piecewise linear functions. After (k — 1) iterations,
there are k segments with inflection points at 6*, ..., §*~1. Our
objective is to select the next hold duration ¢* that maximizes
the aggregate performance Ay. To this end, we evaluate each
piecewise linear segment and compute its potential marginal
increase in Ay, which depends on the shape of J(9).

Figure 4 illustrates various decision rules for selecting the
transfer point based on the shape of J(J). Under Assumption 1,
the performance upper bound J* is depicted as a flat blue
dotted line, while Assumptions 3 and 4 ensure that the transfer
performance functions in both directions are linear with the same
slope.

We formalize a greedy approach in theorem 1, which chooses
8% to maximize the marginal increase in A, within each piece-
wise linear segment. Although “greedy” focuses on one step at a

Algorithm 1: Greedy Temporal Transfer Learning (GTTL).

Input: MDP M, Hold-duration range [Smin, dmax ], Upper
bound area A*, Termination criteria £, Transfer budget K
Output: J; and S
Initialize - Jo(é) =0Vo e [5min76max], A, =0,8; = {},
w={Lk=0
while (A4, <
5k+1 —
FindGreedyTransferPoint (S, Jk, dmin, Omax )
Sk+1 < Sp U {5k+1}
M1 < Train(M(58T1))
7 U { Tt}
g1 (6541) = Jmei (5541)
Jk+1 (6) < max Jk( ) Jk+1 (5k+1>
— AJ((S’CJrl 0))VS € (Smins Omax) \0F 1
8: Ak+1 = f5 k+1(5)d5
9: k< k+1
10:  end while
11: return .J, and Sy

—_—

(1—-¢e)A* and (k < K)do

»

A A

time, it yields an efficient and interpretable selection rule under
our linear-gap assumptions.

Theorem I: [Optimal source task selection for greedy trans-
fer]: Consider a piecewise linear segment [1,, dg] of Ji(0). To
maximize the marginal increase in Ay, the greedy choice of §*
is

%ut0n  for k = 1 or Ji symmetric
6% = 2Lt fork £ 1and L= > 0 )
% fork # 1and 4 < 0.

The resulting marginal increase A Ay in the aggregate perfor-
mance is

%9(5}3-(&)2 fork=1
l19(51% —061)? for k # 1 and J;, symmetric (10)
20(0r — 61)*

A complete proof appears in Appendix A, based on geometric
properties of Ji(0) and the linear-gap assumptions.

Leveraging the above-mentioned assumptions and the esti-
mated performance function, we propose the GTTL algorithm
(Algorithm 1). This iterative algorithm selects the optimal hold
duration to train on at each step. Initially, under Assumption 4,
the optimal training point is the median of the hold-duration
range. For subsequent steps, the selection is guided by theorem
1. The transfer process continues until either the aggregate
performance area is sufficiently covered or the transfer budget
is exhausted. Fig. 5 compares the TTL algorithms in terms of
their transfer procedures.

Algorithm 1 starts by initializing with the minimum and
maximum hold duration, setting the performance of all hold
duration to 0, initializing J and S to 0, and having an empty
set for the policies. It continues as long as the covered area is
below a threshold or the number of source tasks is less than
the budget. For simplicity in notation, we propose substituting
the whole area of (dmax — Omin)J* With A*. Inside the loop, the

AA;, =

otherwise.
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Fig. 5.
the best-performing policy for each task. (a) GTTL. (b) CTTL.

Algorithm 2: Find Greedy Transfer Point.
Function FindGreedyTransferPoint(Sy, Jx, Omins Omax)
1:  Cut arange of hold duration [0yin, dmax] into the
segments split by 6* € S,
2:  // Choose §* within the segment of [3;,, ] based on
the slope of J; (Theorem 1)

if Jj, is symmetric then
k or+oRr
0% ¢ 2Ly

else if J;; has positive slope then
8§k« 20Ltdr
3

else if J; has negative slope then
k, 0p+28
6 — L S R
end if
10: return 5"

Loodrnhsw

algorithm chooses a new training task with a hold duration of
§%+1 and appends it to its set. It then trains a policy for this hold
duration and adds it to the set of policies. After updating the
performance with this new policy, the algorithm then calculates
the area under this performance curve. Once the loop finishes,
the algorithm returns the best performance for each task (.J;) and
a set of selected training tasks (S%). In Algorithm 1, Algorithm
2 assists in identifying the greedy training source task, drawing
insights from the shape of the estimated performance function
J. This decision-making rule is grounded in theorem 1.

GTTL algorithm (Algorithm 1) exhibits several noteworthy
characteristics underpinning its functionality and efficiency.
This algorithm is formulated as an anytime algorithm, meaning
it can provide a valid solution even if stopped in the middle
of the iterations. Beyond mere validity, GTTL algorithm offers
performance assurances. At any given step k, GTTL not only
provides a valid solution but also ensures a performance that
is oriented toward optimization. For example, CTTL might
struggle with finer tasks in the initial selection of the source
task. This is because the trained policy is inherently skewed to
excel in coarser tasks. This means that while other methods,
such as CTTL, can also deliver valid results at step k, GTTL is
specifically designed to offer a performance closer to optimal
at every individual step. This property ensures flexibility and
usability under varying operational constraints, allowing con-
tinuous solution improvement with each additional source task.
This intelligent selection process ensures efficient knowledge

VISORY AUTONOMY
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Ilustrative figure of TTL algorithms: Selecting the training task based on the TTL algorithm, evaluating each task based on the trained policies, and taking

transfer and promotes effective learning across different stages
of the algorithm’s execution.

D. Theoretical Analysis for Optimal TTL

A natural question is how effective these incremental transfer
learning strategies are over multiple iterations. One optimal-
ity criterion is the best performance achieved within K steps.
Analogous to K-means clustering, where the number of clusters
affects both granularity and computational cost, the transfer
budget K directly influences the quality of the solution. In
practice, we are also interested in the minimum number of source
tasks, denoted by K*(e), required to achieve a performance
within a suboptimality threshold e. This metric quantifies the
algorithm’s efficiency in exploring the solution space.

Definition 3. (Cumulative area under the estimated perfor-
mance function at each iteration): Let Ay denote the cumu-
lative area under the estimated performance function after &
iterations. The optimal number of steps K *(¢) is defined as the
minimum k such that

Aoy 2 (1 —e) A" (1n
where A* represents the maximum possible aggregate perfor-
mance.

As iterations progress, the cumulative gain Ay, approaches A*,
indicating improved performance coverage with each additional
source task. Definition 3 essentially conveys about the optimal
K (K*) that is estimated to cover the area of (1 — ) A*, having
remaining area represented by the ratio of <. Hence, the defi-
nition offers insight into how many steps are required to meet
the prespecified level of performance as we iterate. Although
evaluating the potential coverage for each monotonic segment
is critical, deriving a closed-form solution for the optimal policy
is challenging due to varying segment shapes.

For a tractable closed-form analysis, we derive a lower bound
performance of GTTL by introducing ghost cells at the bound-
aries, as depicted in Fig. 6. In this lower bound case, we choose
Omax and Iy, for the second and third source tasks, respectively,
thereby creating a symmetric V-shaped performance profile for
all subsegments. We denote the lower bound of the cumulative
area after k iterations as flk.

Lemma 1 (Lower bound of GTTL): For all iterations k =
1,..., K, the cumulative area under the estimated performance
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Fig. 6. Illustrative figure for the lower bound of GTTL with the ghost cells at
the end of the segments.

function satisfies

Ap > A, Vk=1,.. K. (12)

Proof: Since GTTL always selects the optimal task to max-
imize the area at each step, the cumulative area Ay, is always at
least as large as the lower bound area Ay, which is computed
using suboptimal (ghost cell) choices. g

It follows that if there exists an integer n for which fln >

(1 —e)A*, then A, > (1 —e)A*, since A, > A,,. In fact, at
least <L steps are required to cover (1 — ) A*.

Theorem 2: [The number of source tasks required to cover
the area]: If there exists an integer n such that A,, > (1 — &) A*,
then A, > (1 —£)A*. Moreover, at least “*! iterations are
necessary to achieve this performance threshold.

‘We prove theorem 2 by leveraging the lower bound cumulative
area of GTTL as outlined in Lemma 1, which has a streamlined
expression of A,. The comprehensive proof is provided in
Appendix B.

E. Bounded Suboptimality

If the transfer budget is known in advance, a more structured
algorithm than GTTL can be designed. This motivates our
introduction of CTTL, which selects source tasks uniformly
across the hold-duration range. CTTL begins with coarser tasks
and progressively transitions to finer ones. For example, with a
budget of seven source tasks and a hold-duration range from 1 to
40, training might begin with a hold duration of approximately
37.14, then proceed to 31.43, 25.71, 20, 14.29, 8.57, and finally
2.86, reflecting a diminishing granularity [see Fig. 7(b)].

The advantage of starting with coarser tasks lies in their
limited effective horizon, making them easier to solve. Prior
work suggests that a coarse-to-fine transfer learning approach is
beneficial when adapting a pretrained policy from a coarser to a
finer task [42], [43].

Lemma 2 states the optimality of the CTTL algorithm, which
selects its subsequent transfer task contingent on the allocated
transfer budget K.

Lemma 2: [Optimality of CTTL]: CTTL algorithm estab-
lishes the optimality under Assumptions 1-5. Starting from
the coarsest task withhold duration (Jpmax — M) CTTL

Algorithm 3: Coarse-to-Fine Temporal Transfer Learning
(CTTL).
Input: MDP M, Range of hold duration [0min, Omax]»
Transfer budget K
Output: J; and Sy
Initialize : Jo(6) = 0 Y6 € [Omin, Omax)> Sk = {}, m = {},
k=0
1: whilek < K do
2 Skl — Sina
3: Sk+1 — Sk U {
4: T4y < Train(M(0
5.
6
7

K ( max ~ mm)

L)

gEH1))

7 U {Tpq1}

Tip1(BFFY) = Jree (6hH1)

Ji41(8) ¢ max(Jx(6), Jp+1 (6"F1) —
Yo € (5min75max)\5k+1

Jsr+15)

(o]

k+—k+1
9:  end while
10:  return Jj and S}

transitions to finer tasks with uniform spacing of W. The
optimal estimated performance after K iterations is given by

1
AT = (1 —~ 4K> 0 (Gmax — Omin)” - (13)

The optimality of CTTL can be established via the equality
condition of the Cauchy—Schwarz inequality; see Appendix C
for details.

In practice, when the optimal number of source tasks K*(¢)
is known, CTTL tends to outperform GTTL. However, precise
knowledge of the transfer budget is often unavailable, making
it important to quantify the suboptimality gap between GTTL
and the oracle-like CTTL. Theorem 3 provides bounds on the
suboptimality of GTTL relative to CTTL for a given transfer
budget K.

Theorem 3: [Suboptimality of GTTL]: The suboptimality
gap of GTTL relative to CTTL is bounded by

me((smax - 5min)2
9(5max - 5min)2

for K =20 +1

. (14)
otherwise

1
2(K—1)2

where i € Nj.

The detailed proof is provided in Appendix D, where the
suboptimality bounds of GTTL relative to CTTL are derived
for the two cases specified previously.

V. SIMULATION EXPERIMENTS

This section elucidates the simulation experiments conducted
to address our primary research questions. The main purpose of
our investigation is to explore the potential of human-compatible
control serving as an immediate surrogate for AVs and to verify
the degree to which such control can optimize traffic perfor-
mance at a system level. We conducted many experimental trials
in various environments to obtain valuable answers to these
essential questions.
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Fig. 8. Modular road networks. Three traffic scenarios for mixed autonomy
roadway settings: single-lane ring (top left), highway ramp (bottom), and sig-
nalized intersection (top right).

A. Modular Road Networks

In mixed-autonomy roadway settings, we delve into various
traffic scenarios as explored in prior works [4], [5], [6], includ-
ing single-lane ring, highway ramp, and signalized intersection
networks, as depicted in Fig. 8. Each scenario has distinct
objectives; for instance, the single-lane ring and intersection
aim to elevate all vehicles’ average velocity, while the highway
ramp scenario focuses on increasing the outflow given a constant
inflow. The signalized intersection scenario employs a multitask
RL strategy, simulating varied penetration rates to accommo-
date different levels of human-guided vehicle presence, with an
evaluation of a penetration rate of 0.1 to assess the RL policy’s
performance. Default-driven vehicles, which are not equipped
with the guidance system, adhere to the intelligent driver model
(IDM) for car-following [57].

In the single-lane scenario, the state space is defined by
the ego vehicle’s speed, the leading vehicle’s speed, and the
headway. For the highway ramp scenario, the state includes
the ego vehicle’s speed, relative positions and speeds of the
leading and following vehicles in the same lane, and those of
the following vehicle on the ramp. In the intersection scenario,
the state comprises the ego vehicle’s speed, the distance re-
maining to the intersection, the traffic signal phase, as well as
the relative positions and speeds of the leading, following, and
adjacent vehicles, the current speed limit, and lane and road
identifiers.

Guidance hold duration (sec)

Guidance hold duration (sec)

(c)

Tllustrative figures for comparing marginal area increase at each iteration by GTTL, CTTL for a given budget K, and RTTL. (a) GTTL. (b) CTTL.

The action space varies with the type of guidance employed.
For acceleration guidance, a continuous action space ranging
from —1 to 1 is utilized, directly influencing the vehicle’s
acceleration up to a maximum of 2.5 m/s?. For speed guidance,
a discrete action space is defined, with ten actions ranging from
0 to 1, where the chosen action is scaled by the speed limit
to determine the vehicle’s target speed. The respective reward
functions are tailored to the objectives of each scenario. The
reward functions for the single-lane ring and highway ramp are
the average speed and throughput of the system, respectively.
In the signalized intersection scenario, the reward function is
defined as the average speed of all vehicles alongside other
factors, such as stopping time, abrupt acceleration, and fuel
consumption. A thorough examination of these scenarios and
reward formulations is provided in Appendix E.

B. Experimental Setup

We utilize the microscopic traffic simulation called Simula-
tion of Urban MObility (SUMO) [58] v.1.16.0 and its accompa-
nying Python API, TRACI, to establish a dynamic link between
our algorithmic framework and the SUMO environment. This
integration is critical for implementing and testing our traffic
management strategies in a controlled, simulated setting. The
experiments used the MIT Supercloud with 48 CPU cores [59].
For our numerical experiments, we employed the trust region
policy optimization algorithm [60], coupled with a multilayer
perceptron neural network architecture featuring two hidden
layers, each with 64 units, and employing the tanh activation
function. We trained and tested two different types of guid-
ance: continuous action space for acceleration guidance and
discretized action space for speed guidance. We evaluated the
system’s performance over a range of guidance hold duration
§ € [0.1,40]. In our simulation experiments, we simplify the
analysis by setting 6, = 0, and we round the calculated § to
the nearest multiple of 10 when selecting the source training
task. The detailed experimental setup is explained in Fig. 8 and
Appendix E.

C. Baselines

We compare our TTL approaches with several baselines.
These baselines represent various strategies for learning and

Authorized licensed use limited to: MIT. Downloaded on March 05,2026 at 07:20:17 UTC from IEEE Xplore. Restrictions apply.



30

Fig. 9.

Average speed (m/s)

IEEE TRANSACTIQNS ON ROBOTICS, VOL 42,2026

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO pap

—— Acceleration guidance

— Speed guidance

-~ Optimal velocity from hand-designed policy
--- Baseline (100% Unguided)

N

o

w

~

Average speed (m/s)

w

~

—— Acceleration guidance
—— Speed guidance
--- Baseline (100% Unguided)

o

Average speed (m/s)

Acceleration guidance
Speed guidance

- Baseline (100% unguided)

5 10 15 20 25 30 35 40
Guidance hold duration (sec)

(@)

System performance (average speed of all vehicles) for three traffic scenarios in mixed autonomy roadway settings. Each task with different hold durations

5 10 15 20 25 30 35 40
Guidance hold duration (sec)

(®)

is trained exhaustively. (a) Single-lane ring. (b) Highway ramp. (c) Signalized intersection.

TABLE I

1 5
Guidance hold duration (sec)

(©)

30 35 40

COMPARISON OF AVERAGE SPEEDS ACHIEVED BY DIFFERENT TRAINING METHODS ACROSS VARIOUS TRAFFIC SCENARIOS AND GUIDANCE TYPES

Traffic scenarios

Single-lane ring Highway Ramp Signalized Intersection
Training Number of Accel. Speed Accel. Speed Accel. Speed
Methods - . . . . . B
complexity  source tasks k guidance  guidance | guidance  guidance | guidance  guidance
Oracle
Oracle transfer nxn n 4.10 4.41 5.48 6.30 7.71 7.71
Exhaustive RL n 3.84 4.29 424 4.99 6.86 7.69
Baselines
100% unguided 0 - 3.80 3.80 3.95 395 6.84 6.34
Multitask RL nt - 3.94 428 4,53 4.42 - -
TTL (ours)
CTTL k 5% 3.85 4.39 447 5.31 7.71 7.71
k 101 4.02 4.40 5.19 5.44 7.71 7.71
k 151 3.92 4.39 5.20 5.56 7.71 7.71
k 5 3.89 4.39 5.19 5.19 7.71 7.71
GTTL k 10 403 4.40 5.19 5.54 771 771
k 15 4.04 4.40 5.19 6.25 7.71 7.71
Ablation
k 5 3.85 4.36 4.53 5.70 7.69 7.71
RTTL k 10 3.97 4.39 4.89 5.87 7.70 7.71
k 15 4.01 4.39 5.09 6.03 7.71 7.71

t: denotes the number of tasks used in multitask RL. It was evaluated after the same number of rollouts of training as other settings.
#: The performance of the CTTL is assessed after completing the training across a predetermined number of source tasks at budget.

transfer in the context of coarse-grained advisory autonomy
tasks.

1) 100% Unguided: In this baseline, all vehicles are un-
guided, following the IDM car-following models. This scenario
represents a completely decentralized system without any RL.

2) Oracle Transfer: The oracle transfer benchmark is an ide-
alized scenario where we train separate models for each possible
source task. Once trained, we execute a zero-shot transfer by
applying each model to every target task, selecting the most
successful model for each.

3) Exhaustive RL: This strategy represents the classic ap-
proach to machine learning, where each task is trained individu-
ally and evaluated with its corresponding in-distribution trained
model. The performance is evaluated by calculating the average
performance across all tasks. Fig. 9 illustrates the average speed
of all vehicles for three traffic networks trained exhaustively.

4) Multitask RL: The multitask RL framework is designed to
simultaneously train a single policy across various tasks [6] and
[40], here specifically by varying the guidance hold duration
between 1 and 40 s. Each worker in the training process is
assigned a specific task and contributes to a shared experience

buffer. Upon completion of rollouts by all workers, the policy is
updated based on the collective data in the buffer. This approach
aims to explore the potential synergies and tradeoffs that arise
when a policy is exposed to multiple tasks during the learning
process, potentially leading to more robust and generalizable
policies.

5) Random Temporal Transfer Learning (RTTL): RTTL
chooses tasks for transfer from a pool of temporal tasks at
random. This scenario represents a nondeterministic transfer
learning strategy and serves as a stochastic comparison point for
our deterministic GTTL approach. From all the policies from the
source task at each iteration, we select the top-performing one
for tasks with varying hold duration [see Fig. 7(c)].

D. TTL Results

Table IT and Fig. 11 illustrate the outcomes of TTL algorithms
compared to baselines in different traffic environments. Here, the
selected performance metric is the average speed of all vehicles
evaluated in all tasks. In scenarios such as the highway ramp,
while outflow is the primary reward metric, we also present
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Fig. 10.

System performance of TTL algorithms (GTTL and CTTL) compared to the exhaustive RL. The advisory system used either acceleration or speed

guidance. (a) Single lane ring with acceleration guidance. (b) Highway ramp with acceleration guidance. (c) Signalized intersection with acceleration guidance.
(d) Single lane ring with speed guidance. (e) Highway ramp with speed guidance. (f) Signalized intersection with speed guidance.

the average speed as a metric for comparison. This choice is
justified by the high correlation between speed and outflow,
providing a consistent measure across different scenarios for a
more straightforward comparative analysis. The bolded values
represent the highest performance metrics achieved by TTL
algorithms, discounting the oracle transfer due to its prohibitive
computational demand. The TTL algorithms exhibit exemplary
performance in both acceleration and speed guidance categories,
markedly outperforming the baselines across diverse traffic con-
ditions. Remarkably, with few source tasks, TTL algorithms
approach the near-term performance of the oracle transfer. Some
scenarios require a small number of source tasks to achieve
the near-term performance of oracle transfer, while others de-

mand more extensive iterations. Specifically, in the signalized

intersection scenario, all transfer learning methods yield the top

performance when paired with speed guidance. This highlights

the effectiveness of TTL in optimizing traffic management tasks,
particularly when combined with speed guidance. Fig. 10 shows
the system-level performance of each task after the TTL methods
is applied, compared to the exhaustive RL.

The results presented in Fig. 11 offer an insightful com-
parison of several training methodologies in the context of
coarse-grained advisory autonomy tasks in different traffic sce-
narios. The performance metrics present in Fig. 11 indicate
the average of evaluated performance across the full range of
the coarse-grained advisory, and each task is evaluated with
the average speed of all vehicles, with higher values denoting
better performance. It provides a gauge for the generalizability

of source tasks selected from different methods across various
target tasks.

Single-lane ring: Fig. 9(a) compares the system performance
of acceleration and speed guidance in the single-lane ring road
network when trained from scratch. When analyzing the results,
both guidance types demonstrate excellent overall performance
as the guidance hold duration increases, with an average speed
increase of approximately 22.22% for all vehicles in the sys-
tem. However, it is worth noting that the acceleration guid-
ance results were slightly lower than speed guidance. First, in
a single-lane ring environment [see Fig. 11(a)], the average
speed of GTTL starts higher than both RTTL and CTTL in
the first iteration of selecting the source task. Despite a slight
decrease in the early stages, the speed improves consistently over
the iterations and stays competitive against the other methods.
The performance of GTTL shows that it learns quickly in the
initial stages and then continues to optimize its performance
in subsequent steps, indicating an effective transfer of knowl-
edge. It is also worth noting that while no strategy surpasses
oracle transfer’s average speed of 4.10 m/s, GTTL gets rel-

atively close, reaching final average speeds of approximately
4.04 m/s. While the trends for RTTL are upward as the number
of source tasks gets larger, it does not exceed the performance
demonstrated by GTTL. Multitask RL, although slightly sur-
passing the baseline, falls short when compared to our GTTL
method.

Furthermore, a clear distinction is observed when compar-
ing the number of source tasks required to achieve a given
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System performance comparison of TTL with various baselines in three different traffic scenarios and two different guidance types: unguided vehicles

(representing a completely decentralized system), oracle transfer (showcasing zero-shot transfer capabilities), exhaustive RL (traditional separate model per task
approach), multitask RL (incorporating multiple tasks into the learning process), and transfer learning strategies such as greedy (choosing the one-step greedy
source training task) and coarse-to-fine (transferring from coarser to finer tasks progressively). (a) Single lane ring with acceleration guidance. (b) Highway ramp
with acceleration guidance. (c) Signalized intersection with acceleration guidance. (d) Single lane ring with speed guidance. (e) Highway ramp with speed guidance.

(f) Signalized intersection with speed guidance.

performance level across methods. To surpass baselines with
exhaustive RL, RTTL necessitates approximately ten steps,
whereas GTTL achieves this in merely seven steps, highlighting
its efficiency. These findings strongly advocate the effectiveness
of GTTL in such driving scenarios, reinforcing its potential suit-
ability for real-world applications in achieving coarse-grained
advisory in mixed autonomy. Upon examining speed guidance
results [see Fig. 11(d)], we observe that performance levels
are already near-optimal even before applying transfer learning
algorithms. This observation highlights the intrinsic effective-
ness of speed guidance, making the added benefits derived
from implementing TTL algorithms less distinguishable in this
specific scenario.

Highway ramp: Following the single-lane ring road scenario,
we analyze the results from a highway ramp scenario, where
the complexity of the traffic situations and interactions are
significantly elevated. Fig. 9(b) displays the jagged performance
of training exhaustively in the highway ramp road network,
which could indicate the difficulty of traffic coordination around
the ramp and brittleness of RL training. However, the overall
trend suggests that the average speed of all vehicles decreases
as the guidance hold duration increases. In both scenarios, the
multitask RL approach—trained with access to all target tasks—
demonstrates a slight improvement over the unguided baseline
but still falls significantly short of the performance offered by
the TTL algorithms.

With the acceleration guidance [see Fig. 11(b)], oracle
transfer, considered as upper bound performance, consistently
achieved 5.48 m/s for speed guidance, while the average speed
in the unguided case is maintained around 3.95 m/s. CTTL
progressively improved the average speed from 4.47 m/s within
the budget of 5-5.20 m/s over 15 source tasks, obtaining the
highest performance. GTTL started at 5.19 m/s after the first five
steps, which is the highest among other methods, and eventually
optimized its performance to 5.19 m/s across the 15 steps.
Switching to the speed guidance scenario [see Fig. 11(e)], all
methods indicated an enhancement compared to the accelera-
tion guidance scenario. The RTTL method started at 5.70 m/s
and reached a higher peak speed of 6.03 m/s. Furthermore,
the CTTL method increased the average speed from 5.31 to
5.56 m/s over the 15 steps. GTTL exhibited robustness, initiating
at an average speed of 5.19 m/s and advancing to 6.25 m/s
across the steps. This result where RTTL outperforms GTTL
and CTTL highlights the unpredictable aspects of RL training,
indicating that despite GTTL’s strategic framework, random task
selection by RTTL can, at times, yield comparable or superior
results.

Signalized intersection: Analyzing the signalized intersection
scenarios with acceleration and speed guidance reveals some no-
table trends. When trained exhaustively, the system performance
of the signalized intersection remains steady [see Fig. 9(c)].
During the training of the multitask RL policy, achieving a robust
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Fig. 12.  Robustness to different IDM parameters: Heatmaps of average speed
(m/s) under different combinations of max-acceleration (x-axis) and max-
deceleration (y-axis) parameters. Warmer colors represent higher speeds. Both
short (2 s) and longer (10 s) hold durations achieve stable performance across
diverse driver profiles. (a) Guidance hold duration 2 s. (b) Guidance hold duration
10 s.

policy that could generalize across all ranges of hold duration
tasks turned out to be challenging. Once the policy converged,
it unfortunately led to an increase in collisions at intersections.

For acceleration guidance [see Fig. 11(c)], the unguided sce-
nario and exhaustive RL resulted in average speeds of 6.84 and
6.86 m/s, respectively, while oracle transfer reached 7.71 m/s.
TTL methods, particularly CTTL and GTTL, improved signifi-
cantly, up to the performance of Oracle Transfer. Speed guidance
scenario [see Fig. 11(f)] benefits from the transfer learning pro-
cedures. Both CTTL and GTTL mirrored Oracle Transfer per-
formance, achieving average speeds of around 7.71 m/s, almost
close to the optimal performance. We observe that at signalized
intersections with speed guidance, even a single source task
allows transfer learning methods to match the performance of the
oracle. This may be due to the more predictable nature of traffic
dynamics at intersections, making them amenable to successful
transfer with minimal learning. Moreover, the selection of the
K parameter for CTTL should be strategically determined by

IS

w
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Fig. 13.  Resilience from abrupt braking: Comparison of our acceleration- and
speed-guidance strategies trained with TTL and “abrupt braking” in a single-
lane ring scenario, along with a 100% unguided baseline (green dashed line).
Coarse-grained guidance maintains a higher average speed even under abrupt
driver actions.

balancing the computational budget and the complexity of the
task to optimize the algorithm’s performance.

E. Sensitivity Analysis

While the IDM is a commonly used car-following model in
mixed-autonomy research; it does not capture every nuance of
real-world human driving. To evaluate how our learned policies
perform under more diverse and less “ideal” driver behaviors,
we conducted two complementary sensitivity analyses: 1) ran-
domizing key IDM parameters, and 2) inducing abrupt braking
events in a subset of human-driven vehicles.

Randomized IDM parameters: We first examine how varia-
tions in the maximum acceleration and deceleration parameters
affect overall system performance. Fig. 12 demonstrates that the
learned policies using TTL generalize well beyond a single set of
IDM parameters to a broad range of aggressive and conservative
driver profiles, both in short and long guidance hold duration.

Abrupt braking events: In addition to IDM parameter vari-
ations, we also tested the resilience of our policy against
unexpected driver actions by injecting “abrupt braking” be-
haviors. Specifically, a few human-driven vehicles were pro-
grammed to perform sudden stops with low probability, disrupt-
ing the smooth car-following patterns. Fig. 13 shows how our
acceleration- and speed-guidance policies sustain high average
speed in the single-lane ring scenario despite these abrupt dis-
ruptions, underscoring the policy’s ability to handle erratic driver
maneuvers.

Overall, these experiments confirm that our learned guidance
strategies remain effective under both parameter variations and
abrupt disruptions, underscoring their robustness and potential
for real-world mixed-autonomy applications.

VI. CONCLUSION

This article presents TTL algorithms for coarse-grained ad-
visory, addressing the intrinsic complexity and brittleness of
RL algorithms. Through empirical analysis across three traffic
scenarios, we evaluate the performance of the advisory system
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Fig. 14. Decision strategies and corresponding marginal performance in-
creases for symmetric and asymmetric Ji (8). (a) When Ji(§) is symmetric
about the center, the optimal dy, is the midpoint, maximizing the area under J.
(b) For asymmetric Ji (8), the trisection points yield the optimum depending
on the local slope. The green region indicates the marginal gain from the
current choice, contrasting with prior coverage (orange). (a) J (§) is symmetric.
(b) Ji () is asymmetric.

through either acceleration or speed and see how much perfor-
mance is near-term as instantaneous control. Significant findings
show that TTL outperforms baselines in diverse traffic condi-
tions, indicating its potential to improve traffic management
in mixed-autonomy environments and reduce computational
cost for training RL policies. TTL algorithm is also generic
and applicable to different contextual MDP tasks and can find
meaningful cross-domain applications especially in industrial
automation and robotics. Relaxing our initial assumptions, such
as the constant estimation of training performance, could en-
hance our algorithm’s applicability and effectiveness. Future
work will explore more complex scenarios and relax the the-
oretical assumptions to bridge the gap toward real-world appli-
cability. We also underscore the potential into computationally
efficient continual learning and fine-tuning strategies for transfer
learning, which could offer a viable way for improved traffic
management system.

APPENDIX A
PROOF FOR THEOREM 1

Proof: Fig. 14 illustrates the one-step decision for selecting
the next hold duration d, to maximize the marginal performance
gain within a segment [0, 0r]. Let 01, 0r > 0 denote the local
(piecewise-linear) slopes near the boundaries. We consider three
cases.

Case 1: Symmetric Ji,(9): Define the objective as the sum of
the two trapezoidal areas created by a split at &' € [0, dg]

mé:}XObJ((S') = % (5/ - (5L)[2J* - 0L(<5’ — 5L)]

1
+ 5 (0r = 8)[2J" = Or(dr — o))
0 0
= (65 = 0" = (0 = 0)* = 5 (0r = 0')%,
Setting -4 0bj(d') = 0 gives
—01(8' = 01) + 0r(6r — ') = 0 5 — LoL +OroR
QL -+ QR

Under Assumption 4 (8, = 0r = 6), the optimizer is the mid-
point &' = %. The resulting marginal gain is AAy =
1 P)
50 (0r —0L)%.

Case 2: Positive slope: For a positively sloped Jj(d) across

the segment, the objective reduces to

Obj(8") = =0 (6r + 36" — 261) (6r — &').
Differentiating and setting to zero yields &' = %, and the
marginal area increase is AA, = £ 6 (6 — 6.)°.

Case 3: Negative slope: By symmetry, for a negative slope the
maximizeris ¢’ = %, with the same marginal gain A Ay, =
Lo (5r —d1)?

3 R L) -
These three cases establish the one-step greedy choice. [

APPENDIX B
PROOF FOR THEOREM 2

Proof: For the initial step
1

A = (Omax — Omin)J* — 19(5max N
From the geometry in Fig. 6, the next few odd steps satisfy
i = (s = Oin)T* — 500 — B
A5 = (Smax — Omin)J" — io(amax — Omin)?
16
P 1
Ag = (Omax — Omin)J" — 3—29(6max — bmin)?, ...

In general, for k = 2° + 1 with i € N and using Assumption 5,
ie., J* = 0(0max — Omin)

- 1
A2i+1 - (5max

2i+2

— (1 — 22,%)9(&““ — Omin)”-

To cover at least a fraction (1 — ¢) of the full area

- Jmin)J* - 9(5max - 5min)2

A2i+1 Z (1 - 6) 9((5max - 6min)2 <:> ) > 2Z+2 .
Hence
: 1 4e +1
2'+1 > —+1 =
= 4e + 4e
so at least 251 steps are required. O

APPENDIX C
PROOF FOR THEOREM 4

Proof: Consider a transfer budget of K and partition

[Omins Omax] into K+1 subsegments with lengths Iy, ..., 511
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(so Z,[fjll Ik = 6max — Omin)- The remaining area below J*
after the CTTL sequence equals the sum of triangle areas within
each subsegment

3013, 1012 (k=2,... K), 160%,,.

Thus, we minimize

min
1,>0

1 1
ial%zezg -+ 01K+ 91K+1

K+1

St > Ik = Omax — 6
k=1

min-

Let u=(I1/v2,12/2,...,1k/2, zKH/f) and v =
(V2,2, ..., 2, V2). Then, (u,v) = > 1" Ik = dmax — Omin
and ||v||? = 4K. By Cauchy—Schwarz
u,v)?2 0
0 2 > < . = T - 5111 X 5rnin 2-
Rl 2 04 = i G = )

Equality holds when u=Av, ie., 2l =ly=---=lg =
2l g +1. Using the sum constraint

5max - 5min 5max - 6min
1= UIK+1 oK ) 2 K K
Therefore, the optimal objective value is

ACTTL 0 ((5 — 5 )2
4K max min
which proves the optimality of the CTTL allocation. (]
APPENDIX D

PROOF FOR THEOREM 3
Proof: Weconsiderthecases K = 2/+1and2""'+1 < K <
2'+1 with i € N.
Case 1: K = 2'+1: From Appendix B

1
ACTTL = (1 - 7)0 6max - (Smin 2
1
AGITL > JOTTL _ (1 _ )9 G — 6o )2,
4(K —1) ( )
Hence
1
ACTTL _ AGTTL < 0 6max _ 6min 2.
K ~4K(K - 1) ( )
Case 2: 27'4+1< K <2+1: Using ASML = (1-
52=)0(-)? and Ag’TTlEH = (1— 541)0(-)% the uniform

increments over this range are

AGTTL 1

AGTTL
i s Ol

K+1

- 6min ) 2 .
Therefore

K— (21 +1) )
Te((smax - 5Inin)

K-3.201 -1 2
= (1 + T)a((smax - 5min) .

FGTTL _ FGTTL
AR = A0+
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Then

CTTL GTTL CTTL AGTTL
ASTTL _ AGTTL < JCTTL _ 4]

< 1
= 92i+1
<
—2(K —1)2
which yields the claimed bound. ]

9(6nlax - 5min)2

9(6max - (smin)Q

APPENDIX E
EXPERIMENTAL DETAILS FOR MODULAR ROAD NETWORK

In mixed autonomy roadway settings, we investigate the traf-
fic scenarios covered in the previous works [4], [5], [6], including
the following road networks: single-lane ring, highway ramp,
and signalized intersection.

a) Single-lane ring: Inspired by Sugiyama [61], the circular
ring has a circumference of 250 m. The single-lane ring envi-
ronment aims to increase the average velocity of all vehicles in
the road network.

The reward function is the average speed of all vehicles

= i%;vi(s,a).

b) Highway ramp: The objective in the highway ramp environ-
ment was to increase the outflow given the same inflow. The
reward function in the highway ramp scenario focuses on traffic
flow efficiency. It is defined as the number of vehicles exiting
the system. Specifically, we compare the average speed of all
vehicles in the system as a performance measure.

¢) Signalized intersection: We have designed a single-lane,
four-way signalized intersection regulated by a static traffic
signal phase. A multitasking training approach is employed
to train this intersection. Specifically, we use a multitask RL
strategy, considering various penetration rates to simulate dif-
ferent levels of human-guided vehicle presence. Nonetheless,
when evaluating the effectiveness of this strategy, we focus on
scenarios with a 0.1 penetration rate. This allows us to assess
the performance of the trained RL policy in conditions where
only 10% of the vehicles are controlled by the RL policy, and
the remaining 90% operate under human driving model.

For the signalized intersection, the reward function incorpo-
rates multiple components to optimize various aspects of traffic
flow

15)

T(S, a) = E Zvi(sa a) — Q- IDslop

Vi

— g - Agecel — Q3 Fconsumplion (16)

where:

1) Pyop is a penalty for vehicles stopped or moving slower
than a set threshold (typically 1 m/s), aimed at reducing
delays;

2) Auccel penalizes abrupt acceleration or deceleration to
encourage smoother driving;

3) Fionsumption penalizes high fuel consumption, promoting
ecofriendly driving practices.
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TABLE III

EXPERIMENTAL PARAMETERS FOR RL, TTL, SIMULATIONS, CAR FOLLOWING MODELS, AND SCENARIOS

Type Experiment parameters Value

RL Training epochs 1000
Discount factor 0.999
Test epochs 50
Number of discrete action space | 10

Simulation Simulation step 0.1 s/step
Warmup steps 500 s
Timestep horizon 1000 s

Car following model Model IDM [57]
Maximum acceleration 1 m/s2
Comfortable deceleration 1.5 m/s?
Desired velocity 30 m/s
Minimum spacing 2 m
Desired time headway Is
Exponent 4

Ring Circumference 250 m
Number of controlled vehicles 1
Total number of vehicles 22
Speed limit 10 m/s

Highway ramp Mainlane inflow rate 2000 veh/hr
On-ramp inflow rate 300 veh/hr
Guided vehicle penetration rate 0.1
Speed limit 30 m/s

Signalized intersection Inflow rate 400 veh/hr
Signal phase time (green, red) 35,455
Guided vehicle penetration rate 0.1
Speed limit 14 m/s
Weight for stop penalty 35
Weight for acceleration 1
Weight for fuel consumption 1

TTL Transfer budget 15

The weights a1, aia, g are hyperparameters that fine-tune the
significance of each penalty within the reward function, allowing
for a balanced consideration of speed, safety, and efficiency
based on the specific goals of each scenario.

Similar to the highway ramp scenario, we compare the average
speed of all vehicles in the system as a performance measure.

Table III provides the detailed experimental setup for RL,
microscopic traffic simulation, car-following models, and the
traffic scenarios used in the experiments.
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