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Abstract

Action advising endeavors to leverage supplementary guid-
ance from expert teachers to alleviate the issue of sampling
inefficiency in Deep Reinforcement Learning (DRL). Previ-
ous agent-specific action advising methods are hindered by
imperfections in the agent itself, while agent-agnostic ap-
proaches exhibit limited adaptability to the learning agent.
In this study, we propose a novel framework called Agent-
Aware trAining yet Agent-Agnostic Action Advising (A7) to
strike a balance between the two. The underlying concept of
A7 revolves around utilizing the similarity of state features
as an indicator for soliciting advice. However, unlike prior
methodologies, the measurement of state feature similarity is
performed by neither the error-prone learning agent nor the
agent-agnostic advisor. Instead, we employ a proxy model
to extract state features that are both discriminative (adap-
tive to the agent) and generally applicable (robust to agent
noise). Furthermore, we utilize behavior cloning to train a
model for reusing advice and introduce an intrinsic reward
for the advised samples to incentivize the utilization of ex-
pert guidance. Experiments are conducted on the GridWorld,
LunarLander, and six prominent scenarios from Atari games.
The results demonstrate that A7 significantly accelerates the
learning process and surpasses existing methods (both agent-
specific and agent-agnostic) by a substantial margin.

Introduction
Deep Reinforcement Learning (DRL) has emerged as a well-
established paradigm for addressing sequential decision-
making tasks (Mnih et al. 2013; Barto, Sutton, and Ander-
son 2020; Jiang, Xie, and Yang 2021; Jiang et al. 2022; Liu
et al. 2024b) spanning across diverse practical domains, in-
cluding video games (Vinyals et al. 2019; Ye et al. 2020),
robotics (Sangiovanni et al. 2018; Andrychowicz et al.
2020), auto-driving (Chen, Yuan, and Tomizuka 2019; Kiran
et al. 2021), industrial control (Zhou et al. 2020; Yang et al.
2020; Sharma et al. 2021; Liu et al. 2024a) etc. DRL neces-
sitates the agent’s acquisition of knowledge through trial and
error, enabling them to adapt and enhance their performance
by interacting with the environment. However, a formidable
challenge within the realm of DRL lies in sampling ineffi-
ciency (Yarats et al. 2021; Ye et al. 2022), as the agent must
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Figure 1: Comparing our method with the existing methods
for action advising. (a) Existing methods rely on estimating
the uncertainty or novelty for the current state to seek teacher
advice. (b) Our method conducts feature matching to seek
teacher advice, which considers the relationship between the
current state and history states.

engage in numerous interactions with the environment in or-
der to acquire a promising policy.

To this date, there has been a remarkable amount of re-
search effort to overcome the sampling inefficiency with the
aid of online expert feedback, including action-based ad-
vice (Torrey and Taylor 2013; Silva et al. 2020; Liu et al.
2023), preference-based evaluation (Christiano et al. 2017;
Lee, Smith, and Abbeel 2021; OpenAI 2023), and language-
based instruction (Goyal, Niekum, and Mooney 2019; Zhou
and Small 2021). Among the diverse approaches, action ad-
vising is recently gaining increasing attention as a straight-
forward yet compelling solution for its more accurate guid-
ance on the policy. Nevertheless, the inherent nature of con-
tinuous interactions in action advising inevitably burdens the
expert with substantial communications. Hence, the agent
must judiciously determine when to seek guidance and ef-
fectively leverage the limited resources of expert advice.

Existing action advising approaches determine whether
or not acquire action advice from the expert by evaluating
the agent uncertainty or novelty of the current state, as de-
picted in Figure 1(a), which can be broadly classified into
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two categories: agent-specific methods and agent-agnostic
methods. Agent-specific methods (Silva et al. 2020; İlhan
et al. 2022) hinge upon the agent’s inherent uncertainty on
the current state to solicit advice from teachers, thus exhibit-
ing enhanced adaptability to the agent policy. Albeit effec-
tive in certain scenarios, the uncertainty estimation is easily
misled by the agent’s own imperfections, consequently re-
sulting in inadequate coverage of the advised state space.
In contrast, agent-agnostic methods (Ilhan, Gow, and Perez-
Liebana 2019; Ilhan, Gow, and Perez 2021) assess the nov-
elty of the state from the viewpoint of the demonstrator or
others, irrespective of the agent’s policy. This circumvents
the issues stemming from an imperfect agent (especially
during the early stage of training) yet leads to wastage of
advice in states where the agent has already gained suffi-
cient experience.

In this work, we endeavor to amalgamate the advantages
of both approaches. We present an innovative framework
called Agent-Aware trAining yet Agent-Agnostic Action Ad-
vising (A7) for predicting state novelty, as depicted in Fig-
ure 1(b). The fundamental concept of A7 revolves around
utilizing the similarity of state features as an indicator for
seeking advice. However, unlike previous methodologies,
the measurement of state feature similarity is not performed
by the error-prone learning agent or the agent-agnostic ad-
visor. We employ a proxy model (Feature Extractor) to ex-
tract state features that are both discriminative (i.e., adap-
tive to the agent) and generally applicable (i.e., robust to
agent noise). Taking inspiration from the contrastive method
BYOL (Grill et al. 2020), we tailor a contrastive learn-
ing approach called action-BYOL to train the proxy fea-
ture extractor by contrasting the current state with the sub-
sequent state following the agent’s policy (in which sense
we call it agent-aware training). Upon encountering a new
state, action-BYOL extracts its features and conducts feature
matching (compares them with those from historical states),
based on which an advice query is sent to an external ex-
pert (in which sense we call it agent-agnostic action advis-
ing). Additionally, we employ behavior cloning to train a
model for reusing advice and introduce an intrinsic reward
for the advised samples to incentivize the exploitation of ex-
pert guidance. To summarize, A7 offers several advantages
over state-of-the-art approaches in action advising:

• In contrast to prior agent-specific methods such as
RCMP (Silva et al. 2020) and SUA-AIR (İlhan et al.
2022), A7 employs a self-supervised learning strategy to
acquire generally applicable state features. This agent-
agnostic approach reduces sensitivity to imperfections in
the learning agent.

• In comparison to prior agent-agnostic methods like
SNA (Ilhan, Gow, and Perez-Liebana 2019) and ANA (Il-
han, Gow, and Perez 2021), A7 leverages the proposed
action-BYOL to extract state features. This method trains
the feature extractor by contrasting the current state with
the next state following the agent’s policy, resulting in
more discriminative features for identifying novel states.

Experiments conducted on various scenarios demonstrate
that the proposed A7 framework significantly accelerates the

learning process and surpasses existing methods.

Related Work

To overcome the sampling inefficiency problem in DRL,
learning from human feedback has attracted much attention
in the academic field in recent years, where human feed-
back can be roughly divided into action-based advice (Arora
and Doshi 2021; Liu et al. 2023), preference-based evalua-
tion (Christiano et al. 2017; OpenAI 2023), and language-
based instruction (Goyal, Niekum, and Mooney 2019;
Zhou and Small 2021). Christiano et al. first scaled
preference-based learning to utilize modern deep learning
techniques while Lee et al. proposed a feedback-efficient
RL algorithm by utilizing off-policy learning and pre-
training for preference-based methods recently. Toro Icarte
et al. (Toro Icarte et al. 2018) utilize natural language ad-
vice (e.g., “Turn out the lights before you leave the of-
fice” or “Always alleviate potholes in the road”), which
can recommend regarding behavior to guide the explo-
ration of the RL agent.

Compared with the low discriminability of preference-
based evaluation and the semantic ambiguity of language-
based instruction, we are interested in action-based advice
methods, also called action advising, which provides much
more accurate guidance to the agent. At the heart of action-
advising methods is how to determine the optimal timing for
the student agent to solicit action advice from the teacher
model (a pre-trained model or an expert). Agent-specific and
agent-agnostic methods have dominated the two mainstream
branches of action advising, which both assess the advice
significance based on the uncertainty of the current state.
On the one hand, agent-specific methods evaluate the agent-
level uncertainty based on the current state from the agent
network. Torrey and Taylor (2013) initially estimated the un-
certainty of the teacher agent by considering its Q-value and
sought advice upon high uncertainty. In contrast, Silva et al.
(2020) calculated the uncertainty from the viewpoint of the
student agent based on an multi-head attention network em-
ployed by Bootstrapped DQN (Osband et al. 2016). Liu et al.
(2023) additionally employed the value loss as a measure of
state uncertainty. İlhan et al. (2022) further calculated the
uncertainty by utilizing a twin network with dropout to mit-
igate interference from the original network.

On the other hand, agent-agnostic methods (Ilhan, Gow,
and Perez-Liebana 2019; Ilhan, Gow, and Perez 2021) eval-
uate state-level uncertainty based on the global states be-
yond the limited viewpoint of a single agent. Ilhan, Gow,
and Perez (2021) measured the novelty of a piece of advice
based on Random Network Distillation (RND) and only up-
dated RND for the advised states. Albeit effective of existing
action-advising approaches, we are motivated to bridge the
advantages of agent-specific and agent-agnostic methods in
this paper to advance the utility of expert feedback. Torrey
and Taylor (2013) introduced a teacher uncertainty method
that uses the Q-value of the teacher agent to decide when to
get the advice.
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Figure 2: Left: an illustrative diagram of action-BYOL, which minimizes a similarity loss between qθ(zθ, at) and sg(z′ξ). sg(·)
means stop-gradient operation. Right: an illustrative diagram of the proposed A7 framework, comprising two key components:
the contrastive advice selector and the intrinsic reward generator.

Method
In this work, we focus on the action advising problem for
the control tasks with the discrete action space under the
Markov Decision Process (MDP). In the framework of ac-
tion advising in DRL, a student agent πS can seek action
advice from the expert teacher πT to learn an effective pol-
icy. Then the expert teacher will return the action advice
ãt = πT (st) based on the current state st. Specifically, the
advice budget N is often limited due to resource constraints.
We adopt Dueling DQN (Wang et al. 2016) as the backbone
of all compared methods to ensure comparability.

In what follows, we detail the proposed A7 framework.
As shown in Figure 2, A7 comprises two complementary
components: the contrastive advice selector and the intrinsic
reward generator. The contrastive advice selector employs
a proxy model called action-BYOL, which is trained with
the states experienced by the agent (agent-aware) to extract
relevant state features. Then, the selector only uses the sim-
ilarity between state features to identify an appropriate state
for seeking advice, regardless of the agent (agent-agnostic).
Moreover, the intrinsic reward generator collects the state-
advice pairs chosen by the selector for reuse. It also intro-
duces additional intrinsic rewards for advised samples (ad-
vised by the teacher and reuse model) to incentivize the ex-
ploitation of expert guidance. With these two components,
A7 can accelerate the agent learning process and improve
sampling efficiency.

Contrastive Advice Selector
To integrate the benefits of existing methods, encompassing
adaptability to agent behavior and robustness to agent noise,
we adopt the similarity among state features as an indica-
tor for seeking action advice. This necessitates the effective
extraction of state features in our approach. To achieve this,
we employ the contrastive learning method, BYOL (Grill
et al. 2020), to train the feature extractor using states experi-

enced by the agent, which can be referred to as agent-aware
training. However, the similarity calculation for action ad-
vising is performed without considering the specific agent,
which can be referred to as agent-agnostic. Moreover, con-
sidering the temporal relationships between states, we intro-
duce modifications to the BYOL method. When an agent en-
counters a state and takes an action, it transitions to the next
state. Two consecutive states are usually similar. Also, the
selected action can provide transitional information between
the current state and the subsequent state. To fully leverage
this information, we incorporate the current state, selected
action, and next state into the contrastive learning process
instead of employing simple augmentations. We term this
modified model as action-BYOL. It is also worth noting that
the hidden layer of the agent network also has the poten-
tial for feature extraction. Nonetheless, the continuous up-
date of network parameters, along with incomplete initial
network training, limits its effectiveness in representing the
relationship between states. Therefore, we adopt a separate
pre-trained action-BYOL as a feature extractor.

The action-BYOL model consists of the online and target
networks, as depicted in the left part of Figure 2. The online
network with parameters θ takes the current state st as input
and outputs the representation xθ ≜ fθ(st), as well as the
projection zθ ≜ gθ(xθ). The target network with parameters
ξ takes the next state st+1 as input and outputs the target
representation x′

ξ ≜ fξ(st+1), as well as the target projec-
tion z′ξ ≜ gξ(x

′
ξ). Moreover, we further output a predictor

qθ(zθ, at), which takes the selected action at and the pro-
jection zθ as input. Note that the predictor is only applied
to the online network. We normalize qθ(zθ, at) and z′ξ to
q̄θ(zθ, at) ≜ qθ(zθ, at)/∥qθ(zθ, at)∥2 and z̄′ξ ≜ z′ξ/∥z′ξ∥2.
Finally, the similarity loss function (Grill et al. 2020) be-

21484



tween the predictions and target projections is defined as:

LC = ∥q̄θ(zθ, at)−z̄′ξ∥22 = 1−
⟨qθ(zθ, at), z′ξ⟩∥∥qθ(zθ, at)∥∥2 · ∥∥z′ξ∥∥2 · (1)

The optimization is performed to minimize LC with respect
to the online parameters θ only, while the target parameter
ξ is updated slowly by the online parameters via ξ ← τξ +
(1− τ)θ with the target decay rate τ ∈ [0, 1].

To facilitate the learning of sample features, we train
the action-BYOL model periodically until the budget is ex-
hausted. However, the agent often fails within a few steps
during the early stage of training, resulting in the collection
of similar samples that hinder the learning process of action-
BYOL. Therefore, to acquire diverse samples, we allow the
agent to continuously seek advice from the teacher at the be-
ginning. After each training stage of action-BYOL, we only
retain the encoder fθ and use the representation output as
the state feature. The features of all experienced states are
stored in a feature buffer Df . At each time step t, we extract
the agent-agnostic feature from the current state and calcu-
late the average cosine distance between the current feature
and the stored features as the indicator for seeking advice:

dt = Φ(st,Df ) =

∑M
j=1 xj · fθ(st)

M
, (2)

where st is the current state, xj ∈ Df is the stored feature
in the feature buffer, and M is the buffer size. Training an
agent involves an extensive process of interactive learning
with substantial samples. Hence, it is essential to evaluate
the overall relationships among the samples. However, it
is not practical to store all state features in a buffer due to
the memory overhead and computational speed limitations.
Therefore, we transform Equation (2) into:

dt = fθ(st) · x̄, where x̄ =

∑M
j=1 xj

M
and xj ∈ Df . (3)

It is easy to devise incremental formulas for updating the
average feature x̄ with low computational cost. Thus, it suf-
fices to store a single average feature x̄, eliminating the need
to store all individual state features.

During training, the agent will seek the expert teacher for
advice if the feature distance dt of the current state st ex-
ceeds a threshold σ. Additionally, the current state feature
xt = fθ(st) will be used for updating the average feature
x̄. However, it is challenging to determine a fixed distance
threshold σ for different environments with various feature
spaces. Therefore, to address the necessity of tuning the dis-
tance threshold for each environment, we employ an adap-
tive distance threshold. At each time step t, we add the dis-
tance dt to a fixed-length queue, denoted as H. If the queue
is not yet full, the agent can continuously seek advice from
the teacher. Once the queue H reaches its maximum length,
we sort the queue H incrementally and use the percentile
value of H as our adaptive threshold for subsequent steps.
Although the length of the queue and the percentile value
still require configuration, they can be universally applied
across all environments.

Intrinsic Reward Generator
To encourage the exploitation of expert guidance, we em-
ploy behavior cloning to train a reuse model to imitate the
expert teacher for action advising. Moreover, additional in-
trinsic rewards are introduced for each advised sample to
train the agent. Specifically, we collect the state-advice pairs
generated by the contrastive advice selector. These pairs are
then used to train a neural network known as the reuse model
using behavior cloning. Behavior cloning approximates the
conditional distributions of actions based on the associated
state. The reuse model is trained to minimize the negative
log-likelihood loss function as:

LG =
∑

(s,a)∈T

− logG(a|s;ϕ), (4)

where T denotes the collected state-advice pairs and ϕ rep-
resents the parameter of the reuse model G. Subsequently,
by taking the current state as input, the uncertainty of
the reuse model G can be calculated. Then we determine
whether to provide its output as re-advice to the student
based on the level of uncertainty. A smaller level of uncer-
tainty indicates a high alignment between the current state
and the training states of the reuse model, enabling the reuse
model to deliver the teacher action of that specific state. The
uncertainties of all trained state-advice pairs are computed,
and the threshold ur is set as the lower 90% of these un-
certainties. When using the reuse model, the first step is to
calculate the uncertainty us for the current state. If the us

is lower below the threshold ur. The resulting output with a
deactivated dropout layer is subsequently utilized as advice
for the agent. The calculation of us have been provided in
the appendix. In this way, the student can seek advice from
the reuse model G when encountering states that are similar
to the advised samples.

Although the agent can directly execute the re-advised
actions from the reuse model to the environment for guid-
ance, the standard rewards from the environment are not
sufficient for the agent to learn these expert behaviors ef-
fectively. To further encourage the exploitation of these re-
advised samples, we propose to assign intrinsic rewards to
each re-advised sample based on its distance from the fea-
ture buffer. Specifically, it is necessary for the agent to learn
from hard samples. This implies that samples with greater
feature distance require a larger intrinsic reward. Thus, the
additional intrinsic reward is designed as follows:

r̂t = Ψ(dt) = λt · tanh (
dt
dm

), (5)

where dt denotes the feature distance between the current
state and the stored features. dm denotes the average fea-
ture distance in the feature buffer, serving as a regularization
term. The time decay coefficient λt controls the effect of in-
trinsic rewards and decays over time. The speed of decay-
ing λt determines how long the intrinsic rewards will con-
tinue to influence the agent policy. Choosing the appropriate
decay speed of λt can accelerate learning while preventing
substantial biases in the policy. In this paper, we adopt a lin-
ear decay regime to gradually reduce the value of λt from
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the initial value λ0. For advice directly obtained from the
teacher, we keep this initial value unchanged. By incorpo-
rating advice reuse and leveraging intrinsic rewards, the in-
trinsic reward generator can enhance the effective utilization
of teacher advice and expedite the learning process.

Experiments
To demonstrate the effectiveness of the proposed A7 frame-
work for action advising in DRL, we conduct experiments
on the GridWorld (Ilhan, Gow, and Perez 2021), LunarLan-
der (Towers et al. 2023) and six popular scenarios from
Atari games in line with the previous works (Silva et al.
2020; Ilhan, Gow, and Perez 2021; Ilhan, Gow, and Liebana
2021; İlhan et al. 2022). In this section, we first introduce
the compared methods and the special hyperparameter set-
tings. Then the comparison results are reported and ana-
lyzed. Moreover, ablation studies are conducted to investi-
gate the advantages of our A7.

Experimental Settings
We compare A7 with various baselines, including:
1. Heuristic methods: No Advising (NA), where the stu-

dent agent follows its own policy without advice; Early
Advising (EA), where the student agent always requests
advice until the advice budget is exhausted;Random Ad-
vising (RA), where the student agent requests advice with
a probability of 50% at every step.

2. Agent-specific methods: Importance-base Action Ad-
vising (IAA) (Torrey and Taylor 2013), where the stu-
dent agent uses the difference between the maximum
and minimum values of the Q-values to calculate un-
certainty and requests advice based on a predefined
threshold; Requesting Confident Moderated Policy Ad-
vice (RCMP) (Silva et al. 2020), where the student agent
uses multi-head DQN to calculate uncertainty and re-
quests advice based on a predefined threshold; Student
Uncertainty-driven Advising with Advice Imitation &
Reuse (SUA-AIR) (Ilhan, Gow, and Liebana 2021; İlhan
et al. 2022), where the student agent requests advice
based on an adaptive uncertainty estimation, paired with
an imitation model that is using uncertainty thresholds
for advice reuse.

3. Agent-agnostic methods: Advice Novelty-Based Advis-
ing (ANA) (Ilhan, Gow, and Perez 2021), where the stu-
dent agent adopts random network distillation (Burda
et al. 2019) to calculate state novelty for action advising.

We adopt Double DQN (Van Hasselt, Guez, and Silver
2018) as the backbone. The decay of λt is linear. For Grid-
World and LunarLander, it takes 20k steps with inital value
of 0.1, while for Atari scenarios, it takes 1M steps with inital
value of 0.5. To carry out sufficient experiments, we follow
the same teacher setting as previous works (Silva et al. 2020;
İlhan et al. 2022) to use a pre-trained model as a teacher.
Please refer to Appendix for more details.

Results and Analysis
The experimental results in various environments compared
with the state-of-the-art methods are shown in Figure 3 and

Table 1. Specifically, since the curves in Figure 3 represent
the scores of the agents at different time steps, we adopt the
area under the learning curve (AUC) as an important met-
ric to evaluate the sampling efficiency of different methods,
which provides an overall measure of the agent’s learning
efficiency. In the easy environments (GridWorld and Lu-
narLander), NA often performs poorly, while our proposed
A7 can achieve superior performance. Similarly, several
baselines, including EA and SUA-AIR, also exhibit promis-
ing results in these two environments. Especially in the
Freeway, Qbert, and Seaquest scenarios, our proposed A7
method consistently outperforms baselines by a large margin
during training. Moreover, A7 has also demonstrated a sub-
stantial performance advantage compared to other methods
when evaluated using the AUC metric. In the Freeway and
Qbert, our method demonstrates a powerful capability to ex-
pedite agent learning, achieving scores that are significantly
higher than those obtained by other methods during the early
stages of training. In the Seaquest, A7 consistently outper-
forms other methods in terms of scores throughout the entire
duration. In the Pong, Enduro, and SpaceInvaders scenarios,
A7 maintained its leading position in the overall learning
curves. Additionally, when considering the overall AUC, A7
remained the best. In addition, we also listed the best evalu-
ation scores achieved by all methods throughout the training
phase in Table 2. It is evident that, in all scenarios except
for Pong, our method attained the highest scores, which also
validates A7 improves the scores of the agent compared to
existing methods. To sum up, the experimental results sug-
gest that our novel framework A7 amalgamates the advan-
tages of agent-specific and agent-agnostic approaches, im-
proving the sampling efficiency and accelerating the agent
learning process to achieve non-trivial performance.

Ablation Studies
The contribution of different components To under-
stand the superior performance of A7, we carry out abla-
tion studies to test the contribution of its two main compo-
nents: contrastive advice selector and intrinsic reward gen-
erator. The results are shown in Figure 4. By comparing A7
without contrastive advice selector (replace the advice se-
lection strategy of A7 with EA, and set the intrinsic reward
to a fixed value) and without the intrinsic reward generator,
we can conclude that neither of them alone can achieve the
level of A7. This comparison highlights the effectiveness of
our excellent advice selection strategy and the benefits ob-
tained from combining it with the design of intrinsic rewards
in achieving excellent results. Additionally, the AUC of both
components exceeds that of NA, which demonstrates the ef-
fectiveness of both components in accelerating agent train-
ing and improving sampling efficiency.

The impact of different advice budgets Moreover, to
study the impact of different advice budgets on the perfor-
mance of A7, we conduct an ablation study as shown in
Figure 5. The performance benefit of A7 experiences a sub-
stantial increase when the number of advice budgets rises
from 5k to 25k. Conversely, the performance of SUA-AIR
has shown minimal improvement. This can be attributed to
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Figure 3: Learning curves of our proposed A7 and baselines on the GridWorld, LunarLander, and six Atari scenarios. All
experimental results are illustrated with the mean and the standard deviation of the performance over five random seeds for
a fair comparison. The score represents the cumulative reward for a game during evaluation. To make the results in figures
clearer for readers, we adopt a 95% confidence interval to plot the error region. Dashed lines represent the operation level of
the teachers in different environments.

Method GridWorld LunarLander Freeway Qbert Seaquest Pong Enduro SpaceInvaders
NA 0.07 ± 0.13 0.75 ± 0.03 0.62 ± 0.01 0.27 ± 0.03 0.17 ± 0.01 0.37 ± 0.07 0.45 ± 0.01 0.52 ± 0.01
RA 0.68 ± 0.11 0.83 ± 0.03 0.56 ± 0.03 0.28 ± 0.04 0.23 ± 0.04 0.43 ± 0.07 0.47 ± 0.01 0.50 ± 0.01
EA 0.85 ± 0.02 0.80 ± 0.03 0.62 ± 0.03 0.20 ± 0.04 0.25 ± 0.07 0.50 ± 0.07 0.48 ± 0.01 0.53 ± 0.01
IAA 0.81 ± 0.01 0.78 ± 0.04 0.62 ± 0.03 0.15 ± 0.04 0.25 ± 0.07 0.52 ± 0.03 0.48 ± 0.01 0.50 ± 0.01

RCMP 0.27 ± 0.22 0.75 ± 0.06 0.62 ± 0.04 0.26 ± 0.06 0.25 ± 0.07 0.49 ± 0.03 0.56 ± 0.01 0.57 ± 0.01
SUA-AIR 0.85 ± 0.01 0.80 ± 0.02 0.69 ± 0.01 0.22 ± 0.03 0.31 ± 0.06 0.61 ± 0.02 0.48 ± 0.01 0.53 ± 0.01

ANA 0.84 ± 0.01 0.73 ± 0.04 0.62 ± 0.03 0.25 ± 0.03 0.16 ± 0.01 0.43 ± 0.06 0.46 ± 0.03 0.52 ± 0.01

A7 0.87 ± 0.02 0.85 ± 0.01 0.85 ± 0.01 0.54 ± 0.03 0.37 ± 0.01 0.62 ± 0.03 0.64 ± 0.01 0.60 ± 0.01

Table 1: Area under the learning curve (AUC) of all compared methods in different environments.± corresponds to one standard
deviation of the average score over five random seeds. Bold indicates the best performance in each environment.

Method GridWorld LunarLander Freeway Qbert Seaquest Pong Enduro SpaceInvaders
NA 0.18 ± 0.35 168.52 ± 25.65 32.20 ± 0.11 1992.40 ± 1170.26 4461.56 ± 1234.05 7.61 ± 2.33 1135.19 ± 94.63 727.40 ± 69.29
RA 0.91 ± 0.01 198.45 ± 35.37 32.25 ± 0.08 2930.50 ± 702.73 5145.38 ± 2514.32 7.75 ± 3.64 1179.58 ± 86.84 687.05 ± 35.77
EA 0.89 ± 0.03 185.00 ± 41.75 32.26 ± 0.15 2563.35 ± 491.27 6695.36 ± 1601.95 11.41 ± 1.04 1066.53 ± 105.43 750.70 ± 53.33
IAA 0.86 ± 0.05 105.00 ± 13.26 31.41 ± 0.21 2015.00 ± 573.78 6760.80 ± 1264.99 4.64 ± 2.85 1062.61 ± 168.85 715.50 ± 35.75

RCMP 0.61 ± 0.02 182.12 ± 19.41 32.14 ± 0.25 3233.00 ± 1079.40 2150.80 ± 1166.01 11.48 ± 2.03 1504.75 ± 268.45 875.35 ± 56.83
SUA-AIR 0.94 ± 0.01 224.95 ± 63.25 32.31 ± 0.12 4024.95 ± 606.63 7865.12 ± 1536.11 12.19 ± 1.56 1077.28 ± 92.76 772.95 ± 76.71

ANA 0.91 ± 0.01 76.32 ± 15.07 32.09 ± 0.05 2382.35 ± 1015.09 2950.78 ± 586.52 9.76 ± 2.37 920.67 ± 324.39 730.60 ± 18.21

A7 0.95 ± 0.01 266.35 ± 34.12 32.36 ± 0.15 4096.45 ± 344.81 8692.98 ± 1009.86 11.13 ± 1.67 1544.83 ± 77.01 893.18 ± 59.24

Table 2: Test evaluation scores of all compared methods in different environments. ± corresponds to one standard deviation of
the average score over five random seeds. Bold indicates the best performance in each environment.

21487



A7 w/o Sw/o G NA

0.25

0.50

0.75
AU

C

(a) GridWorld

A7 w/o Sw/o G NA

0.25

0.50

0.75

AU
C

(b) LunarLander

A7 w/o Sw/o G NA

0.25

0.50

0.75

AU
C

(c) Freeway

A7 w/o Sw/o G NA

0.2

0.4

AU
C

(d) Qbert

A7 w/o Sw/o G NA0.1

0.2

0.3

AU
C

(e) Seaquest

A7 w/o Sw/o G NA

0.2

0.4

0.6
AU

C

(f) Pong

A7 w/o Sw/o G NA

0.2

0.4

0.6

AU
C

(g) Enduro

A7 w/o Sw/o G NA

0.2

0.4

0.6

AU
C

(h) SpaceInvaders

Figure 4: Ablation study on the contrastive advice selector (S) and the intrinsic reward generator (G) for six Atari scenarios.
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Figure 5: The performance comparison of our proposed A7 (red line) , SUA-AIR (purple line) and No Advising baseline (blue
line) under different advice budgets in the Freeway scenario and the Qbert scenario.

the fact that the states selected by A7 for seeking advice can
better represent the entire sample space. However, the states
selected by SUA-AIR are quite similar, resulting in a lack of
improvement in terms of performance. It is also noteworthy
that the budget for A7 increased from 15k to 35k in Free-
way and 25k to 35k in Qbert, but the consequent growth in
performance was minimal. This suggests that once a tipping
point is reached, an increase in the number of advice results
in a gradual decline in the growth of benefits.

Conclusion
In this work, we propose a novel framework called A7 to al-
leviate the sampling inefficiency in DRL. A7 amalgamates
the advantages of agent-specific and agent-agnostic meth-

ods, making it the first dedicated attempt to explicitly build
the similarity of state features as the indicator for action ad-
vising. Experimental results on different environments show
that A7 accelerates the training of agents more effectively
and yields significantly high sampling efficiency compared
with state-of-the-art competitors. Action advising methods
are limited to environments with discrete action spaces. Due
to the expansive range of continuous actions, human teach-
ers often struggle to provide precise continuous actions,
which can result in unfavorable outcomes when sub-optimal
advice is given. Thus, an important future direction lies in
the development of action advising methods designed for en-
vironments with continuous action spaces, broadening their
applications in various practical domains.
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İlhan, E.; Das, S.; Taylor, M. E.; et al. 2022. Methodical Ad-
vice Collection and Reuse in Deep Reinforcement Learning.
arXiv preprint arXiv:2204.07254.
Ilhan, E.; Gow, J.; and Liebana, D. P. 2021. Action Advising
with Advice Imitation in Deep Reinforcement Learning. In
International Conference on Autonomous Agents and Multi-
agent Systems.
Ilhan, E.; Gow, J.; and Perez, D. 2021. Student-initiated
action advising via advice novelty. IEEE Transactions on
Games.
Ilhan, E.; Gow, J.; and Perez-Liebana, D. 2019. Teaching
on a budget in multi-agent deep reinforcement learning. In
IEEE Conference on Games.
Jiang, H.; Li, G.; Xie, J.; and Yang, J. 2022. Action Can-
didate Driven Clipped Double Q-Learning for Discrete and
Continuous Action Tasks. IEEE Transactions on Neural
Networks and Learning Systems.
Jiang, H.; Xie, J.; and Yang, J. 2021. Action candidate based
clipped double q-learning for discrete and continuous action

tasks. In Proceedings of the AAAI conference on artificial
intelligence, volume 35, 7979–7986.
Kiran, B. R.; Sobh, I.; Talpaert, V.; Mannion, P.; Al Sallab,
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