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Abstract

Online platforms face growing challenges in moderating harmful user-generated
content due to the large volume and rapid pace of interactions. In existing
moderation systems, automated tools assist human moderators, yet they of-
ten struggle to balance processing efficiency and reliable classification. When
moderation fails to detect harmful content quickly and accurately, platforms
risk user harm and noncompliance with content safety regulations. This
paper proposes an adaptive moderation method named the Proximal Pol-
icy Optimization-based Cascaded Inference System (PPO-CIS). The method
integrates multiple toxicity classifiers into a cascaded decision architecture
guided by deep reinforcement learning. At each step, PPO-CIS selects the
next classifier according to the content difficulty and the expected gain in ac-
curacy relative to computational cost. The system enables rapid filtering of
benign content and only activates high-capacity models for uncertain cases.
PPO-CIS is the first toxicity detection framework to employ Proximal Policy
Optimization for real-time optimization of classifier cascades. Experiments
on the AugmenToxic and ToxiGen datasets show that PPO-CIS improves
detection accuracy by 2.10 percent while increasing processing speed from
42.74 to 384 samples per second compared with static cascade designs. The
findings show that adaptive model selection can better shield users from expo-
sure to harmful content while lowering moderation costs. PPO-CIS provides
a practical solution for deploying scalable and timely content moderation in
fast-moving online environments.
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1. Introduction

Online platforms rely heavily on automated systems to moderate toxic
content at scale, yet effective moderation remains difficult due to the volume,
speed, and linguistic diversity of online communication (Gorwa et al., 2020;
Waseem et al., 2017; Bodaghi et al., 2023). Automated classifiers frequently
misclassify content, either removing benign content or failing to detect harm-
ful content. These errors increase the workload of human moderators and
can undermine user trust in platform governance (Ganesh and Bright, 2020;
Dong et al., 2020). Regulatory frameworks such as the German NetzDG and
the EU Code of Conduct on Hate Speech further intensify these pressures
by imposing strict requirements on the timely removal of illegal or harmful
content (Gorwa et al., 2020).

Recent advances in large language models (LLMs) have improved the con-
textual understanding of toxicity; however, deploying LLMs in large-scale,
real-time moderation pipelines remains problematic due to their computa-
tional cost, inference latency, and limited interpretability (Cirillo et al., 2025).
Cascaded and ensemble classifiers have been proposed as a way to address this
trade-off by combining multiple models with different computational costs
(Polikar, 2012; Chen et al., 2012; Viola and Jones, 2001; Paisitkriangkrai,
2011). In cascaded architectures, inexpensive classifiers process most inputs,
while more complex models are reserved for uncertain or high-risk cases. This
approach can significantly reduce computational overhead while preserving
detection performance, making it particularly suitable for real-time toxicity
detection (Viola and Jones, 2001; Zhang et al., 2016). However, most exist-
ing cascaded systems rely on static decision rules that do not adapt to shift-
ing data distributions, evolving toxicity patterns, or changing computational
constraints. Beyond these computational and operational issues, privacy con-
cerns are increasingly tied to content moderation, as personal data shared on
social platforms can be misused to fuel toxic interactions (Cirillo et al., 2023;
Cerruto et al., 2022). Addressing toxicity detection therefore requires not
only accurate classifiers, but also adaptive systems that can balance accuracy,
latency, and cost under real-world conditions. To address these challenges,
we propose PPO-CIS, a Proximal Policy Optimization-based Cascaded Infer-
ence System for toxicity detection. PPO-CIS formulates classifier selection as
a sequential decision-making problem and uses deep reinforcement learning
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(DRL) to dynamically choose which model in a cascade should process each
input. High-throughput classifiers are applied first to handle straightforward
cases, while more accurate but computationally expensive models are invoked
only when classification confidence is low. A custom reward function jointly
penalizes misclassification and inference latency, enabling the system to opti-
mize detection quality while respecting computational constraints. By learn-
ing from ongoing feedback, PPO-CIS adapts its inference policy to changing
content characteristics and operational conditions.

To the best of our knowledge, PPO-CIS is the first toxicity detection
framework to apply Proximal Policy Optimization (Schulman et al., 2017b)
to dynamic cascade optimization. Experimental results on the AugmenToxic
and ToxiGen datasets show that PPO-CIS improves detection accuracy by
approximately 2.10% and increases throughput from 42.74 to 384 samples per
second compared with static cascaded baselines. When evaluated against CE-
TRA, a state-of-the-art reinforcement learning-based cascaded inference sys-
tem originally designed for malware detection (Lavie et al., 2023), PPO-CIS
achieves a 0.37% improvement in accuracy and more than a 107% increase
in throughput. These results demonstrate that adaptive classifier selection
can substantially reduce moderation costs while maintaining strong safety
guarantees and limiting user exposure to harmful content.

The main contributions of this paper are summarized as follows:

• An adaptive multi-stage inference system that dynamically selects clas-
sifiers based on prediction confidence and processing cost.

• A PPO-based optimization strategy that guides inference within cas-
caded classifiers for efficient decision-making.

• A custom DRL reward function that integrates latency and misclassi-
fication penalties for cost-aware optimization.

• Extensive evaluations on two benchmark datasets demonstrating supe-
rior accuracy and throughput over state-of-the-art baselines.

• A scalable and cost-effective solution for automated toxicity detection
that reduces human workload and enhances user safety.

The remainder of this article is organized as follows. Section 2 reviews
related literature and prior studies. The proposed methodology is described
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in Section 3. Section 4 details the experimental setup, and Section 5 presents
and analyzes the findings. Finally, Section 6 discusses the implications of the
results, Section 7 outlines future work, and Section 8 concludes the paper.

2. Background and Related Work

The rapid increase in user-generated online content has led to exten-
sive research on automated toxicity detection. Existing work spans several
methodological directions that vary in accuracy, scalability, and adaptabil-
ity to changing online behavior. In this section, we review four major ap-
proaches: (i) deep learning–based models, (ii) ensemble learning strategies,
(iii) reinforcement learning methods applied directly to toxicity detection,
and (iv) reinforcement learning frameworks designed for adaptive model
management. These approaches provide the conceptual foundation for our
proposed system while also revealing performance and efficiency gaps that
motivate our work.

2.1. Deep Learning-based Strategies

Deep learning methods, including neural networks and transformer-based
architectures, have demonstrated strong capabilities in toxic language detec-
tion by capturing nuanced linguistic patterns and contextual dependencies
(Androcec, 2020). These models reduce reliance on manual feature engi-
neering by automatically learning representations from raw text, enhancing
detection accuracy and robustness across varied datasets (Maslej-Krešňáková
et al., 2020; Museng et al., 2022). A wide range of deep learning architec-
tures has been evaluated for toxicity detection (Jahan and Oussalah, 2023),
including Convolutional Neural Networks (CNNs) (O’Shea and Nash, 2015),
Long Short-Term Memory networks (LSTMs) (Hochreiter and Schmidhuber,
1997), Bidirectional LSTMs (Bi-LSTMs) (Graves and Schmidhuber, 2005),
Gated Recurrent Units (GRUs) (Cho et al., 2014), and transformer-based
models such as BERT (Devlin et al., 2019). Among these, CNNs paired with
character-level embeddings have achieved notable performance, outperform-
ing word-level counterparts in several cases (Malik et al., 2021). Recent work
has also explored hybrid deep learning models that integrate multiple archi-
tectures to improve accuracy and efficiency (Alkomah and Ma, 2022; Beniwal
and Maurya, 2021). While these approaches often yield promising results,
they may face challenges in generalizing to small or imbalanced datasets,
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indicating that architectural complexity does not always guarantee better
performance (Museng et al., 2022).

2.2. Ensemble Learning-based Strategies

Ensemble learning improves classification by integrating multiple mod-
els, often surpassing single classifiers in performance, generalizability, and
robustness, especially in complex tasks such as toxicity detection (Poojitha
et al., 2023). Common ensemble strategies such as bagging (Breiman, 1996),
boosting (Schapire, 1990), and stacking combine learners to reduce variance
and increase predictive stability.

A range of ensemble approaches has been applied to toxic content de-
tection. These include Recurrent Neural Network (RNN)-based ensembles
that incorporate user and content features (Pitsilis et al., 2018), word2vec-
based classifiers combined via logistic regression meta-learners (Aljero and
Dimililer, 2021), and multi-view stacked models that address unintended gen-
der bias in classification (Nascimento et al., 2022). Other techniques, such
as parallel bagging, A-stacking, and random subspace methods, have shown
promise for enhancing throughput and fault tolerance in large-scale data pro-
cessing (Agarwal et al., 2023). Frameworks such as DeL-haTE combine CNN-
GRU layers to tackle class imbalance (Melton et al., 2020), while Stacked
Weighted Ensembles (SWE) have demonstrated the benefits of blending deep
learners (Kokatnoor and Krishnan, 2020). Despite strong results on bench-
marks, most methods apply the full ensemble to every sample, leading to high
computational cost and poor scalability for real-time systems (Lavie et al.,
2023). Many models prioritize accuracy but overlook throughput, which is
an essential metric in moderation pipelines. Prior studies comparing BERT-
based and CNN-based classifiers confirm that while transformers yield better
accuracy, they struggle with throughput on high-volume platforms (Bodaghi
et al., 2025). Moreover, platforms including Facebook and X (formerly Twit-
ter) continue to lack real-time moderation, often responding to toxicity only
after it has been published (Anjum and Katarya, 2024). This emphasizes the
need for systems that balance accuracy with high-speed processing. Several
works highlight the importance of integrating machine learning models with
human moderators. Research shows that even highly accurate models do
not always perform optimally when used in isolation, especially in content
moderation scenarios where human oversight plays a critical role (Bansal
et al., 2021; Kivlichan et al., 2021). Collaboration between humans and AI,
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particularly when guided by model uncertainty, can significantly enhance
moderation outcomes while reducing cognitive load.

The literature suggests that employing a tree of classifiers is an effective
approach for achieving high-throughput and accurate data processing. A
“one-class-at-a-time” approach (Singh et al., 2018), a multistage cascading
classification technique, was proposed for triaging psychiatric patients us-
ing machine learning on textual patient records. This method classifies one
class at a time and uses the most accurate classifier at each stage. It outper-
formed traditional multiclass classifiers, achieving overall high accuracy rates
for individual classes. This approach helps reduce expert effort and serves
as decision support for triaging psychiatric patients based on the severity
of their condition. However, this approach is not high-throughput enough
to process large volumes of data in seconds. Employing multiple learning
models for a single task is a common practice across different fields, enhanc-
ing classification accuracy but also presenting challenges such as increased
processing time, higher costs, and scalability issues (Birman et al., 2022).
Different strategies have been proposed to address these issues, such as using
an AdaBoost-based algorithm and a cascading approach for rapid and ac-
curate visual object detection, which prioritizes computational resources on
relevant areas while ignoring backgrounds (Viola and Jones, 2001).

Overall, ensemble methods remain valuable for improving performance in
toxicity detection, but real-time applicability requires dynamic systems that
optimize inference cost, accuracy, and response time.

2.3. Reinforcement Learning Approaches in Online Toxicity Detection

Reinforcement Learning (RL) is a computational approach for automat-
ing goal-directed learning through interaction with dynamic environments
(Sutton, 2005; Wang et al., 2018). In this paradigm, an agent explores its
environment, taking actions and receiving feedback in the form of rewards or
penalties (Kaelbling et al., 1996). Through trial and error, the agent learns
a policy that aims to maximize cumulative rewards over time (Arulkumaran
et al., 2017; Sutton and Barto, 2018), effectively addressing complex sequen-
tial decision-making problems (Li et al., 2018).

When state and action spaces become large, exact reward estimation be-
comes computationally infeasible (Andriotis and Papakonstantinou, 2019).
To address this, neural networks are often used to approximate value func-
tions, enabling scalability in complex environments (Mnih et al., 2016; Silver
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et al., 2016). The integration of RL with deep learning, known as Deep Re-
inforcement Learning (DRL) has significantly expanded the applicability of
RL in high-dimensional spaces (Goodfellow et al., 2016; LeCun et al., 2015;
Arulkumaran et al., 2017). DRL has demonstrated success in diverse areas,
including malware detection (Binxiang et al., 2019) and various Natural Lan-
guage Processing (NLP) tasks such as dialogue systems, translation, and text
generation (Dhingra et al., 2017; Bahdanau et al., 2017; Xia et al., 2016). In
toxicity detection, DRL has recently been employed to optimize fine-tuned
Large Language Models (LLMs) for generating or filtering toxic content (Faal
et al., 2023; Hartvigsen et al., 2022). Earlier work explored Deep Q-Learning
to detect toxicity in online conversations, achieving performance compara-
ble to traditional models despite the novelty of the approach (Singh, 2020).
Other efforts include Q-Bully, which combines RL and NLP to identify cy-
berbullying across platforms (Aind et al., 2020), and ConBERT-RL, which
integrates BERT representations into a policy-driven framework for detecting
homophobia and transphobia in transliterated low-resource languages (Raj
et al., 2024). This latter approach notably enhances classification accuracy
by capturing nuanced linguistic patterns specific to transliterated text.

These contributions highlight the growing relevance of RL for adaptive
toxicity detection; foundational concepts of RL and DRL are explained in
(Appendix A) to support readers seeking further technical context.

2.4. Reinforcement Learning for Adaptive Ensemble Model Management

Recent advances in DRL have shown promise for managing ensemble
classifiers efficiently, particularly under real-time and resource-constrained
conditions. Notable examples include Security Policy Implementation using
Reinforcement Learning (SPIREL) (Birman et al., 2022) and Cost-Effective
Transfer of Reinforcement Learning Policies (CETRA) (Lavie et al., 2023),
both designed for malware detection, but applicable more broadly to adaptive
classifier selection. SPIREL adopts an Actor–Critic architecture (explained
in subsection 10.1), where the reward function accounts for both classifica-
tion outcomes and computational cost (e.g., runtime). This design enables
the system to learn policies that balance accuracy and efficiency, making it
viable for deployment in high-throughput, real-time settings. Building on
this, CETRA introduces customizable performance targets such as memory
usage, inference time, or AUC, and dynamically adjusts its reward function
to meet those goals. This flexibility allows CETRA to optimize performance
across diverse operational constraints. Both frameworks exemplify how DRL
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Figure 1: Architecture of Multi-Stage Cascade Inference Systems

can enhance resource allocation and inference efficiency by learning to select
classifiers sequentially rather than exhaustively applying the entire ensemble.

While deep learning and ensemble approaches have improved toxicity
detection accuracy, they lack efficient mechanisms for dynamic resource al-
location. Existing RL systems demonstrate potential for adaptive decision-
making but have not been yet integrated into real-time moderation pipelines
for toxicity detection. This gap, where high-accuracy models do not scale
efficiently and adaptive RL frameworks have not yet been applied to toxic-
ity detection, directly motivates the development of our proposed approach.
To address this, we introduce PPO-CIS, a reinforcement-learning-driven cas-
caded inference system that dynamically selects classifiers based on content
complexity and runtime conditions, enabling both high accuracy and high
throughput.

3. Methodology

In this section, we present the structure of our proposed approach. We
begin by constructing a multi-stage cascade of classifiers tailored for toxic-
ity detection (Section 3.1). To optimize the performance of these cascades,
we employ Proximal Policy Optimization (PPO) combined with a specially
designed reward function (Section 3.2). This methodology aims to achieve
higher throughput and more accurate classification of toxic content.
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3.1. Cascaded Inference Systems

The proposed multi-stage cascade inference system is designed to effi-
ciently and accurately detect toxic content in real-time social media appli-
cations. This system utilizes a hierarchical approach with multiple stages of
classifiers, where each stage is tailored to balance speed (throughput) and
accuracy. The architecture of the proposed CIS is illustrated in Figure 1.
The initial stage employs high-throughput classifiers to process the bulk of
the data quickly, while the subsequent stages use more accurate classifiers to
refine the detection of toxic content. This system can effectively handle the
massive volume and velocity of UGC.

Let K = {k1, k2, . . . , kn}, where n ∈ N, represent a set of classifiers
developed for toxic content detection. Each classifier ki ∈ K is evaluated
using a tuple of performance and efficiency metrics: accuracy (α), precision
(ρ), recall (σ), F1-score (ϕ), throughput (ψ), individual instance latency (λq),
average latency per classifier (λ), and additional processing cost (ω). The
additional cost ωki reflects the computational overhead incurred by classifier
ki, including CPU/GPU usage, memory consumption, and monetary cost
(e.g., instance time). Together, these metrics form the evaluation tuple:

(αki , ρki , σki , ϕki , ψki , λqki , λki , ωki)

which enables a comprehensive assessment of the effectiveness and cost-
efficiency of the classifier for real-time toxicity detection. Once the classifiers
are developed, we select ki ∈ K based on their ψ, α, and ϕ. We consider clas-
sifiers with high throughput, high accuracy, and a balance between accuracy
and throughput. This results in three sets of classifiers including Most Ac-
curate classifiers (Vacc), Moderately Accurate classifiers that offer a balanced
trade-off between throughput and accuracy ( Vmod) and High-Throughput
classifiers(Vfast):

Vacc = {ki ∈ K | max(αki)}

Vmod = {kj ∈ K | moderate(αkj) and moderate(ψkj)}

Vfast = {kk ∈ K | max(ψkk)}

where Vacc ∩ Vmod ∩ Vfast = ∅.
In social media applications, real-time processing is critical, as users ex-

pect to see their content quickly (Kirkpatrick, 2016; Urbaniak et al., 2022).
Therefore, in the first stage, we use classifiers from L1 = Vfast ∪ Vmod due
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to their higher throughput. When the CIS receives a set of samples D =
{x1, x2, . . . , xz}, with z ⊆ N, including toxic and nontoxic samples, at least
one classifier ki ∈ L1 will be employed to generate a toxicity score (yscorei ).
The nontoxic samples Dnontox ⊆ D are those with a high probability of be-
ing nontoxic and yscorei is below a predefined threshold (ξ), while Dtox =
D \ Dnontox contains potentially toxic samples when the yscorei meets or ex-
ceeds the (ξ). If necessary, another classifier kj ∈ L1 (i ̸= j) will be applied to
samples in Dnontox to confirm their status, ensuring that nontoxic samples are
correctly identified and exit the process. Toxic samples are then forwarded
to the second stage.

In the second stage, classifiers from L2 = Vacc ∪ Vmod are used. While the
set Vmod contains multiple classifiers that offer a balanced trade-off between
accuracy and throughput, different members of this pool are allocated to L1

and L2 according to the role of each stage. To ensure clear separation of
responsibility and avoid redundant execution, the classifier assignments to
L1 and L2 are mutually exclusive. In other words, even if both stages draw
classifiers from Vmod, no classifier appears in both L1 and L2. Classifiers in
L2 generally provide higher accuracy at lower throughput, which allows the
system to refine uncertain or ambiguous samples forwarded from the first
stage. Each classifier in L2 processes the flagged samples and outputs a re-
fined toxicity score (yscorei ). Based on this score, the sample is classified as
either toxic or nontoxic. Samples confirmed as nontoxic at any stage exit the
pipeline, while those confirmed as toxic are labeled and forwarded for moder-
ation or removal as necessary. In simple terms, the first stage quickly filters
out clearly nontoxic content, while the second stage performs a more care-
ful evaluation only when needed. To clarify the cascade behavior, consider
the following brief example. Suppose the first-stage lightweight classifier re-
ceives a user comment and predicts it as nontoxic with a confidence of 0.97.
Since this confidence exceeds the threshold ξ, the system outputs the result
immediately, and no additional classifiers are invoked. In contrast, if the con-
fidence were 0.62, which is below ξ, the next model in the cascade would be
activated. This ensures that computationally expensive models are used only
when necessary, improving throughput while preserving decision accuracy for
uncertain cases.

However, selecting which classifiers should be assigned to each stage is
not trivial, because the choice must balance accuracy, latency, and cost under
varying input conditions. If |L1| = m1 classifiers and |L2| = m2 classifiers,
the total number of possible cases where at least one classifier is selected
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Figure 2: Architecture of the proposed PPO-based cascade inference system for dynamic
selection of classifiers

from the union of these two sets |L1| + |L2| = m1 +m2 can be determined
using the principle of combinations. The total number of ways to select any
subset of classifiers (including the empty set) from these m1 +m2 classifiers
is 2m1+m2 . However, since we need at least one classifier to be selected, we
must subtract the one case where no classifiers are selected. Thus, the total
number of possible cases where at least one classifier is selected from the
union of |L1| + |L2| = m1 + m2 is 2m1+m2 − 1. This means that manually
configuring the cascade for optimal performance is impractical, especially
in dynamic, high-volume environments. Moreover, running all classifiers for
every sample would waste computational resources. This motivates the use
of an RL agent to automatically select the most appropriate classifier at each
step, based on the confidence and context of the input.

3.2. DRL-based Cascade Inference Systems

Since each classifier has its own features, in some cases, processing a query
with several classifiers can result in a more accurate response. Assume that
classifiers in L1 all have high throughput, which is useful for processing large
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volumes of data within a second. Among these classifiers, one can have the
highest ψ while its α might be less compared to other ki ∈ L1. There is
another classifier kj (where i ̸= j) whose ψj is the least throughput in L1 but
still acceptable for analyzing large volumes of data in seconds, and it has the
highest α in L1. There are also other classifiers in L1 where ψ < max(ψ) and
α < max(α).

Now, assume that x ∈ D is processed by k1 ∈ L1 and the prediction score
kscore1 indicates nontoxic content. If another classifier such as k2 analyzes x,
the prediction score might either reinforce the nontoxic label or suggest toxic
content. If it is closer to nontoxic, the probability of a nontoxic label for x is
higher. If the score is closer to toxic, it is better to call k3 ∈ L1 to continue
the analysis and get the score with the highest confidence. Finally, those
x ∈ D that are detected as nontoxic with high confidence can be made visible
to users and removed from further processing. This reduces the number of
samples requiring more processing, allowing us to use classifiers in L2 with
lower throughput but higher accuracy. The same process is repeated in the
second stage to get the final decision with a high confidence score. Since
manually selecting classifiers is both challenging and resource-intensive, we
adopt Proximal Policy Optimization (PPO), a DRL technique, to automate
this multi-decision-making process. Further details on PPO are provided in
Appendix A.

We present PPO-CIS, depicted in Figure 2, a cascade inference system
based on deep reinforcement learning using Proximal Policy Optimization
(PPO). PPO-CIS is designed for high-throughput and accurate classification
of online toxicity, serving as an early phase in content moderation systems.
Instead of deploying a single classifier or all at once, the agent dynamically
selects which additional classifiers (if any) to call based on the results of
previous ones, and moves to the next stage where more accurate but lower-
throughput classifiers analyze the samples using the same rule as in the first
stage. Using this approach, the classifiers in the second stage, which have
lower throughput, receive fewer samples, allowing them to handle those sam-
ples more effectively. In all experiments, latency and throughput are com-
puted end-to-end, where the processing time t for each sample includes both
the PPO-CIS decision steps (RL agent inference) and the execution time of
all classifiers selected in the cascade. Below, we describe the states, actions,
and rewards of our proposed PPO-CIS.

States: The state space S consists of all possible scenarios the algorithm
may encounter. For the first stage with |L1| = m1 classifiers, there are 2

m1−1
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possible selections of at least one classifier, each associated with a confidence
score yscore1 . Based on this initial confidence score, the classifiers in the sec-
ond stage |L2| = m2 are activated. Consequently, the overall environment
includes |S| = 2m1+m2 − 1 states. When at least one classifier in the second
stage is activated, a second confidence score yscore2 is achieved. It is important
to note that the order of classifiers applied in the cascade is not fixed but is
dynamically selected to optimize performance.

For a cascade consisting of H ⊆ K classifiers, each possible state s ∈ S
is represented by a vector β = {β1, β2, . . . , βH}, with the value of βh set by:

βh =

{
bh, if the classifier is employed, bh ∈ [0, 1],

−1, if the classifier is not employed,

Here, bh represents the normalized activation or confidence level of clas-
sifier h when it is employed, whereas βh = −1 indicates that the classifier is
not used in the current cascade stage.

Action Space: In the PPO-CIS, the action space is designed to adapt
dynamically based on the stage of classification. Initially, the action space
A1 includes selecting one of the m1 classifiers in L1 or making a classification
decision (toxic or nontoxic), resulting in |A1| = m1 + 2 possible actions. If
the sample is classified as toxic in the first stage, the action space changes to
A2, where the actions include selecting one of the classifiers in L2 or making a
final classification decision. This design ensures that the agent can make more
granular decisions initially and refine these decisions in subsequent stages.

Thus, the action spaces are defined as follows:

• Termination Action Space (AT ):

– AT consists of two actions:

∗ Classify as Toxic

∗ Classify as Nontoxic

• First Stage Action Space (A1):

A1 = |L1|+ 2

The available actions for the agent at the first stage include:

– Applying any classifier ki ∈ L1
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– Classifying a sample as nontoxic

– Classifying a sample as toxic

If the agent classifies a sample as nontoxic (taking the action of nontoxic ∈
AT ), the process terminates for that sample.

• Second Stage Action Space (A2):

A2 = |L2|+ 2

The available actions for the agent at the second stage include:

– Applying any classifier kj ∈ L2

– Classifying a sample as nontoxic

– Classifying a sample as toxic (which must be reviewed by moder-
ators)

The design of these action spaces enables the agent to dynamically select
the most appropriate classifiers and make classification decisions that max-
imize the confidence in correct labeling while minimizing processing time.
By structuring the action spaces in stages, the system ensures that nontoxic
samples are efficiently filtered out, and toxic samples receive thorough and
detailed analysis.

To clarify the dynamic decision-making process, consider a sample com-
ment x entering the first stage. The agent begins in state s0, where no
classifiers have been applied yet. It chooses an action from A1. Suppose the
agent selects classifier k1 ∈ L1, and the resulting score is yscorek1

= 0.58, which
is below the threshold ξ. This suggests uncertainty, so the agent transitions
to a new state s1, where the state vector now indicates that k1 has been ap-
plied. In state s1, the agent again selects an action from A1, depending on the
confidence context. If the agent chooses another classifier k3 ∈ L1, and this
yields yscorek3

= 0.91, which exceeds ξ, the agent may choose the termination
action “Classify as nontoxic,” completing the decision without invoking the
more computationally expensive classifiers in L2. Alternatively, if both first-
stage classifiers produce low-confidence scores (e.g., 0.58 and 0.63), the agent
transitions to the second-stage action space A2, where it may select a highly
accurate classifier kj ∈ L2 to refine the decision. This example demonstrates
how the agent adaptively chooses classifiers based on confidence, minimizing
unnecessary computation while maintaining accuracy.
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Rewards: The reward function in our PPO-CIS is designed to balance
the need for accurate classification with the efficiency of processing time and
resource utilization. The rewards are structured to reflect the importance
of minimizing classification errors and optimizing computational resources.
The following factors are considered to define the reward function:

1. Classification Accuracy Reward: Correct classifications (True
Positive (TP) and True Negative (TN)) are rewarded, while incorrect classi-
fications (False Positive (FP) and False Negative (FN)) incur penalties. This
ensures that the system prioritizes accuracy. Different weights can be as-
signed to each type of error based on the organization’s policy. For instance,
FN (where toxic content is misclassified as nontoxic) might incur a higher
penalty due to the potential harm of exposing toxic content to users. The
classification reward is defined as follows:

Rclass(x, y) =

{
+r if TP, TN

−ιr if FP, FN
(1)

where:

• r is the reward for a correct classification (TP or TN).

• ι is a penalty factor (ι > 1) to differentiate the severity of misclassifica-
tions. For example, ι can be higher for FN to reflect the higher penalty
due to the potential harm of exposing toxic content.

• x is the predicted label.

• y is the true label.

This reward structure allows the agent to prioritize accuracy by rewarding
correct classifications and penalizing incorrect ones, with adjustable weights
to reflect the relative importance of different types of errors.

2. Computational Efficiency Reward: The efficiency of processing
user-generated content (UGC) is measured in terms of latency. To incentivize
quick processing and penalize delays, we propose a reward function that
rewards low latency and penalizes high latency. This ensures that the system
can handle large volumes of data efficiently.

The reward function Rtime(t) is defined as follows:
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Rtime(t) =

{
φ+ ϑ1 · log2(u− t) if 0 ≤ t < u

φ+ ϑ1 · log2(t− u) if t ≥ u
(2)

where:

• t is the processing time for a sample.

• u is the upper limit of acceptable processing time.

• φ is a constant offset to ensure a baseline reward, set to φ ≥ 1.

• ϑ1 is a scaling factor to amplify the differences between rewards and
penalties, set to ϑ1 > 1.

The function is designed to achieve the following:

• **Reward for Low Latency**: When the processing time t is less than
the acceptable limit u, the agent receives a reward. The reward in-
creases as t decreases, encouraging the agent to minimize latency.

• **Penalty for High Latency**: When the processing time t exceeds the
acceptable limit u, the agent incurs a penalty. The penalty increases
as t increases, discouraging the agent from allowing high latency.

The constants φ and ϑ1 are critical for tuning the reward function. By
setting ϑ1 to a value greater than 1, we significantly amplify the reward for
low latency and the penalty for high latency, creating a strong incentive for
the agent to optimize processing times effectively.

3. Single Observation Reward: The total reward for each obser-
vation combines both classification accuracy and computational efficiency.
This ensures the agent is incentivized to achieve both high accuracy and low
processing times.

Rinput(x, y, t) = Rclass(x, y) +Rtime(t) (3)

where:

• Rclass(x, y) is the reward for classification accuracy, based on the com-
parison of the predicted label x with the true label y (see Equation 1).

• Rtime(t) is the reward for computational efficiency (see Equation 2).

16



4. Batch Reward: We also introduce a reward function for a batch
of M observations. This allows the system to evaluate accuracy and other
metrics for a batch of samples, incorporating throughput as a metric to guide
the agent in optimizing processing efficiency for batches of data.

The throughput ψM for a batch of M observations is calculated as:

ψM =
M∑M
i=1 ti

(4)

where
∑M

i=1 ti is the total processing time for the batch.
5. Total Batch Reward: The reward for the batch combines the classi-

fication and time rewards for each observation and incorporates the through-
put reward:

RM =
M∑
i=1

(Rtime(ti) +Rclass(xi, yi)) (5)

The total reward for the batch is:

Rtot = RM + ψM (6)

This reward function ensures that the agent is encouraged to make accurate
classifications efficiently, balancing the trade-off between processing speed
and computational cost.

To ensure that the agent processes samples within acceptable time ranges,
we apply a final adjustment to the batch reward based on the evaluated
metric ∆:

R̂tot(∆) =


−ϑ2 ·RM if ∆ ≤ l

RM if l < ∆ ≤ U

ϑ2 ·RM if ∆ > U

(7)

where:

• U and l are the upper and lower bounds of the acceptable range of the
evaluated metric ∆.

• ∆ is the value obtained by our approach for a batch of M samples.

• ϑ2 is a manually defined bonus/penalty factor.
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PPO is a powerful RL algorithm that can utilize both single observation
rewards and batch rewards to guide the agent’s learning process. During
each step of the training process, the agent receives an immediate reward
for each observation Rinput(x, y, t) (Equation 3). This reward informs the
agent about the quality of its classification decision and the efficiency of its
processing time for each individual sample.

PPO can also be configured to use batch rewards, which provide feedback
based on the collective performance over a batch of observations. The total
reward for a batch of M observations is Rtot (Equation 5), where RM is the
sum of rewards for each observation in the batch, and ψM is the throughput
reward. Additionally, the final adjustment ( (R̂tot; see Equation 7) ensures
that the agent considers the overall efficiency and accuracy within acceptable
ranges.

By incorporating both single and batch rewards, PPO can balance the
trade-offs between immediate and long-term performance, encouraging the
agent to optimize for both individual and collective metrics. This dual reward
structure helps the agent to make decisions that are beneficial in both the
short-term (single observations) and long-term (batches), leading to more
robust and effective learning.

4. Experimental Setup

4.1. Toxic Datasets

To evaluate our proposed technique, we used two distinct toxic datasets,
detailed in Section 4.1.1 and Section 4.1.2.

4.1.1. AugmenToxic Dataset

We utilized a toxic content dataset developed by our team, based on
publicly available datasets from Google Jigsaw and Kaggle (Jigsaw, 2017),
and described in (Bodaghi et al., 2024). This dataset was generated using
the instruct-tuning of FLAN-T5 (Chung et al., 2022) and further optimized
through Reinforcement Learning from Human Feedback (RLHF) (Filar and
Vrieze, 2012).

The dataset consists of 278,352 samples, equally divided between toxic
and nontoxic categories (139,176 samples each). All nontoxic samples were
generated and rated by humans. The toxic samples include 16,225 instances
generated and rated by humans, while the remaining 122,951 samples were
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generated by the optimized FLAN-T5 and rated using the Google Perspective
API1.

The dataset is divided into training, validation, and test sets, with pro-
portions of 70%, 10%, and 20%, respectively (see Table 1). The training and
validation sets were used for developing and fine-tuning the classifiers, while
the test set was reserved for evaluating the performance of classifiers and
developing the DRL-based and cascaded models. In this paper, we refer to
this dataset as “AugmenToxic” and denote it as DAugmenToxic.

Table 1: Number of Samples per Set for DAugmenToxic

Set Number of Samples

Train 194,846
Validation 27,835

Test 55,670

4.1.2. ToxiGen Dataset

The second dataset, ToxiGen, consists of 274,000 machine-generated state-
ments, covering both toxic and nontoxic content related to 13 different mi-
nority groups (Hartvigsen et al., 2022). We selected 8,000 samples, equally
divided into 4,000 toxic and 4,000 nontoxic. This dataset was exclusively
used to test the performance of the classifiers and for developing the DRL-
based and cascaded classification models. Throughout this paper, we will
refer to this dataset as “ToxiGen” and denote it as DToxiGen.

4.2. Classifiers

Our selection of classifiers for cascaded inference was guided by strategic
objectives aimed at optimizing performance and adaptability:

Architectural Diversity: We selected classifiers with diverse archi-
tectures tailored for various facets of text processing, including CNN-based
models and transformer-based models. This diversity ensures comprehensive
coverage across different types of textual data and tasks.

Performance Variability: Each classifier was deliberately chosen to
offer distinct trade-offs in performance metrics, such as accuracy and com-

1https://perspectiveapi.com/
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Table 2: All Models Selected for Experimentation

Objective Model Accuracy F1-score Throughput (s)

Accuracy

CNNα 95.04% 95.10% 494
CNN-fastTextα 94.17% 94.29% 307
BERT-baseα 96.97% 97.22% 7.4

RoBERTa-baseα 96.26% 97.00% 7.8

Throughput

CNNψ 93.27% 93.2% 1,512
CNN-fastTextψ 91.90% 92.24% 418
BERT-Tinyψ 95.10% 95.19% 169

DistilRoBERTa-baseψ 96.64% 96.68% 11

putational efficiency (throughput). This approach allows us to explore differ-
ent levels of computational demand while maintaining high accuracy levels
across different application scenarios.

These objectives underpin our approach to building a robust cascaded
inference system capable of effectively handling diverse tasks and adapting
to varying computational requirements.

To operationalize these goals, we evaluated four different detectors sourced
from recent studies. For each classifier, we developed two variants: one op-
timized for accuracy and another for high throughput, resulting in a total of
eight distinct classifiers.

We trained detectors using the dataset described in Section 4.1.1, with
the validation set used for hyperparameter tuning. Four classifier types were
evaluated: CNN, CNN with fastText embeddings (Mikolov et al., 2017),
BERT, and RoBERTa (Liu et al., 2019). To identify the most accurate and
high-throughput models, we tested multiple variants with randomly selected
hyperparameters on the validation set. Further details on classifier devel-
opment are provided in Appendix B. Throughout this paper, we denote the
accurate variants of classifiers as α and the high-throughput variants as ψ.
Since all datasets used in this paper are balanced with an equal number of
toxic and nontoxic samples in all sets (train, validation, and test), we used
Accuracy (α) and Throughput (ψ) as the evaluation metrics for comparing
the performance of classifiers.

CNN-based: The experimental results for the most accurate CNN and
CNN-fastText models are shown in Table 2, the results are based on the
validation set of Dval

AugmenToxic. Detailed information about the parameters of
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different variants is provided in Appendix B.
As shown in Table 2, the throughput for the accurate variants of CNN

and CNN-fastText is not high, which is acceptable since our focus was on
improving accuracy. To develop high-throughput variants, we modified the
architecture, resulting in some loss of accuracy (see Appendix B). The high-
throughput variants of CNN-based classifiers are also depicted in Table 2.

Transformer-based: We used the Huggingface transformer library, com-
patible with TensorFlow 2.15.0, for our work. We experimented with dif-
ferent variants of BERT and RoBERTa to select the most accurate and
high-throughput variants for each. The experiments resulted in “bert-base-
uncased” and “roberta-base” as the most accurate models, while “BERT-
Tiny” (Jiao et al., 2020) and “DistilRoBERTa” were identified as the high-
throughput variants. We explored a distinct set of hyperparameters ran-
domly to identify the configurations yielding the desired results. The opti-
mal hyperparameters for each model are detailed in Appendix B. The re-
sults are shown in Table 2. As shown in this table, BERTα is the most
accurate classifier with an accuracy of 96.97%, whereas fastTextψ has the
lowest accuracy at 91.90%. When considering throughput, BERTα processes
the fewest samples per second, handling only 7.4, while CNNψ achieves the
highest throughput at 1,512 samples per second. Additionally, CNNα offers
a balance between accuracy and speed, with an accuracy of 95.04% and a
throughput of 494 samples per second.

This analysis highlights that no single classifier excels in both accuracy
and throughput, making it challenging to select an ideal solution for toxicity
detection. Although CNNα performs moderately well in both aspects, its
throughput may be insufficient during peak times when platforms receive
higher volumes of UGC. Moreover, in scenarios with a high ratio of toxic
content, CNNα may struggle to process all UGC efficiently, indicating the
need for a more robust solution that can handle diverse and high-volume
content effectively.

To demonstrate the relative performance and ensure no single classifier
dominates, we evaluated all selected classifiers using separate test sets from
DAugmenToxic (55,653 samples) and DToxiGen (8,000 samples). Notably, these
data points were not used during classifier training or validation. As of now,
we refer to these datasets as Dtest

AugmenToxic and Dtest
ToxiGen to distinguish them

from the training and validation sets. Table 3 and Table 4 compare the
classifiers’ performance on the Dtest

AugmenToxic and the Dtest
ToxiGen dataset, respec-

tively. Each table illustrates the percentage of samples that one classifier
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Table 3: Classifier performance on misclassified samples for Dtest
AugmenToxic

CNNα fastTextα BERTα RoBERTaα CNNψ fastTextψ BERTψ RoBERTaψ

CNNα - 14% 93% 91% 12% 16% 92% 91%
fastTextα 16% - 93% 90% 13% 9% 92% 90%
BERTα 50% 47% - 32% 48% 42% 32% 29%
RoBERTaα 52% 48% 49% - 51% 42% 54% 31%
CNNψ 11% 10% 92% 91% - 13% 92% 90%
fastTextψ 21% 12% 92% 89% 18% - 92% 90%
BERTψ 50% 48% 37% 43% 47% 47% - 40%
RoBERTaψ 48% 43% 43% 26% 46% 40% 49% -

Table 4: Classifier performance on misclassified samples for Dtest
ToxiGen

CNNα fastTextα BERTα RoBERTa-baseα CNNψ fastTextψ BERTψ lRoBERTaψ

CNNα - 11% 74% 71% 14% 11% 76% 77%
fastTextα 35% - 77% 75% 28% 5% 79% 80%
BERTα 55% 46% - 19% 55% 43% 32% 30%
RoBERTaα 55% 47% 30% - 55% 44% 38% 31%
CNNψ 18% 6% 76% 72% - 5% 77% 78%
fastTextψ 40% 13% 78% 76% 33% - 80% 81%
BERTψ 59% 50% 34% 30% 59% 47% - 39%
RoBERTaψ 55% 46% 21% 10% 55% 43% 30% -

misclassified (rows) but another correctly classified (columns).
For example, the BERTα detector accurately identified 93% of comments

misclassified by CNNα. In the Dtest
AugmenToxic set, 35.20% of samples were

correctly classified by all eight classifiers, with 17.08% being toxic and 18.12%
nontoxic. Similarly, in Dtest

ToxiGen, 50.22% of samples were correctly classified
overall, comprising 35.64% toxic and 14.58% nontoxic samples. As of now,
we refer to these datasets as Dtest

AugmenToxic and Dtest
ToxiGen to distinguish them

from the training and validation sets. In addition, for Dtest
ToxiGen, only 50.22%

of the samples were correctly classified by all classifiers. Specifically, 35.64%
of the toxic samples were correctly identified as toxic, while only 14.58% of
the nontoxic samples were correctly identified as nontoxic.

For Dtest
AugmenToxic, only 45.20% of the samples were correctly classified by

all classifiers. Among these, 27.08% of the toxic samples were correctly iden-
tified as toxic, while 18.12% of the nontoxic samples were correctly identified
as nontoxic. These findings underscore that no single classifier dominates
in accuracy across both datasets, affirming the robustness and comparative
performance of each classifier.
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4.3. Baselines

To evaluate the performance of PPO-CIS, we compare it with several
baselines:

Dynamic vs. Static Classifier Selection: PPO-CIS dynamically ad-
justs classifier selection based on real-time confidence scores to optimize de-
tection accuracy and efficiency. In contrast, static baselines employ predeter-
mined combinations of classifiers within the cascade, with decisions finalized
using majority voting, soft voting, or the output of the final classifier in
the sequence. This comparison highlights DRL-CIS’s adaptability and its
performance advantages over fixed configurations in real-world applications.

Comparison with CETRA: We benchmark PPO-CIS against CETRA
(Lavie et al., 2023) to evaluate the effectiveness of its reward function, Prox-
imal Policy Optimization (PPO) as the DRL model, and cascaded classi-
fier arrangements with dual variants emphasizing throughput and accuracy.
This comparison underscores the superiority of PPO-CIS’s cascaded design
in toxicity detection scenarios, showcasing its enhanced adaptability and ef-
fectiveness.

In real-time scenarios, we assess PPO-CIS and the baselines across crit-
ical metrics including throughput, processing time, and detection accuracy.
This evaluation provides insights into the operational efficiency of PPO-CIS
for dynamic toxicity detection, highlighting its capability for rapid decision-
making and robust performance.

4.4. Experimental setting

As detailed in Section 4.2, we first trained and validated classifiers using
the Dtrain

AugmenToxic and D
val
AugmenToxic datasets (see Section 4.1.1). Subsequently,

the Dtest
AugmenToxic and the entire Dtest

ToxiGen datasets were utilized to evaluate
these classifiers. Each data point was assessed for binary and probabilistic
labels, alongside processing times, providing comprehensive metrics such as
accuracy, precision, recall, F1-score, throughput per second, and average
processing time. These evaluations formed the basis for developing our deep
reinforcement learning (DRL) models, using the Dtest

AugmenToxic and Dtest
ToxiGen

datasets for testing and refinement.
For developing DRL-based models, we split Dtest

AugmenToxic and Dtest
ToxiGen

into training, test, and validation sets. To compare the performance of all
potential cascade inference systems (CIS) with single classifiers, we held out
two balanced datasets, D̂test

AugmenToxic and D̂
test
ToxiGen, containing 5,000 and 2,000
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Table 5: PPO-Specific Hyperparameters

Hyperparameter Value

Clip Range (ϵ) 0.2
Learning Rate (lr) 0.0003
Batch Size 256
Number of Epochs 10
Discount Factor (γ) 0.99
GAE Lambda (λ) 0.95
Entropy Coefficient 0.01
Value Function Coefficient 0.5

samples, respectively. All results reported from this point onwards are based
on these datasets.

Our framework was implemented in Python v3.8 using OpenAI Gym
(Brockman et al., 2016). For our DRL agents, we employed Proximal Pol-
icy Optimization (PPO) (Section 10.2) for PPO-CIS and Actor-Critic with
Experience Replay (ACER) (Section 10.1) for CETRA, utilizing the “Chain-
erRL” library (Nandy and Biswas, 2018). CETRA, originally designed for
dynamic classifier selection in ensemble learning for malware detection, pro-
vided a comparative baseline with five distinct reward functions evaluated
separately.

In our implementation of PPO-CIS, we used an “FCSoftmaxPolicyAdam”
architecture for the policy network, featuring fully connected layers followed
by softmax activation to facilitate decision-making. The “FCVFunction”
served as the value function, crucial for estimating expected returns during
policy updates. The Adam optimizer was configured with a conservative
learning rate of 1×10−5 and gradient clipping with a threshold of 0.5, ensuring
stable training dynamics by limiting excessive gradient updates.

The neural network architecture included an input layer with 8 neurons
to handle the state representation required for decision-making, a hidden
layer with 64 neurons, and an output layer with 12 neurons supporting 12
possible actions across two distinct action spaces. These actions encompassed
selecting among individual classifiers and making final toxicity classifications
both critical for effective decision-making in cascade inference systems.

To ensure reproducibility and clarity of our proposed method, we specify
the hyperparameters used in our experiments in Table 5 and Table 6.
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Table 6: Reward Function Hyperparameters

Hyperparameter Value

Classification Reward (r) 10
Classification Penalty Factor (ι) 2
Upper Limit of Acceptable Processing Time (u) 1
Constant Offset (φ) 1
Scaling Factor (ϑ1) 10
Bounds for Final Adjustment (U and l) U = 1.5, l = 0.5
Bonus/Penalty Factor (ϑ2) 1.2

Our experimental approach prioritized stability and efficiency, with care-
fully chosen architecture and optimizer configurations tailored to the de-
mands of real-time inference tasks. By detailing these parameters, we aimed
to enhance transparency and reproducibility while ensuring robust perfor-
mance in complex decision environments.

The reward function in CETRA is defined as follows:

C2Total
(T ) =

{
r for TP or TN

−1×
∑T

t=1C2(t) for FN or FP
(8)

where r is a constant, and C2(t) is the reward function for each step, defined
as:

C2(t) =

{
t
d2

for 0 ≤ t < d2

1 + log2

(
min(t,t2(s))

d2

)
for d2 ≤ t

(9)

The reward values were assigned differently in five separate experiments.
In Experiment 1, TP and TN both received a reward value of C2,j, whereas
FP and FN both received a penalty of −C2,j. Experiment 2 maintained the
same rewards for TP and TN at C2,j, but increased the penalties for FP and
FN to −10C2,j. In Experiment 3, a uniform reward of 1 was assigned to both
TP and TN, with FP and FN penalties remaining at −C2,j. Experiment 4
increased the rewards for TP and TN to 10, while keeping the FP and FN
penalties at −C2,j. Finally, Experiment 5 further increased the rewards for
TP and TN to 100, with FP and FN penalties still at −C2,j. In our experi-
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Table 7: Performance Metrics of Classifiers on D̂test
AugmenToxic and D̂test

ToxiGen

Dataset Model Accuracy Precision Recall F1-score Throughput Latency
(%) (%) (%) (%) (s) (s)

D̂test
AugmenToxic

CNNα 93.18% 94.17% 95.42% 94.79% 148 0.0067
fastTextα 92.23% 90.19% 94.78% 92.43% 64.43 0.01552
BERTα 93.22% 92.38% 94.20% 93.28% 4.595 0.2176
RoBERTaα 92.67% 90.85% 93.43% 92.12% 4.73 0.2113
CNNψ 90.33% 90.27% 94.30% 92.09% 269.58 0.00371
fastTextψ 91.07% 92.25% 93.84% 93.08% 121.48 0.00823
BERTψ 91.00% 87.27% 96.00% 91.43% 7.843 0.1275
RoBERTaψ 91.56% 89.48% 94.20% 91.78% 5.41 0.1848

D̂test
ToxiGen

CNNα 93.54% 89.46% 91.25% 90.35% 28.01 0.0357
fastTextα 91.52% 90.42% 93.25% 91.82% 19.93 0.050175
BERTα 93.91% 90.52% 95.45% 92.92% 4.10 0.2442
RoBERTaα 92.85% 89.79% 94.98% 92.31% 4.23 0.2366
CNNψ 90.09% 88.34% 92.78% 90.83% 52.56 0.01903
fastTextψ 90.19% 89.36% 92.98% 91.07% 34.81 0.0287
BERTψ 91.82% 88.76% 93.75% 91.18% 5.75 0.174
RoBERTaψ 92.76% 93.14% 92.30% 92.73% 4.56 0.21925

ment, d2 was set to 0.5 because both datasets include a balanced number of
toxic and nontoxic samples.

4.5. Computational Resources

For our experiments, we used the “Paperspace P6000” cloud computing
instance, which is equipped with NVIDIA P6000 GPUs. Each P6000 GPU
offers 24 GB of memory, 30 GB of RAM, and 8 vCPUs, providing robust
computational power for our tasks. This setup supports multi-GPU config-
urations, including 2x and 4x instances, allowing for scalability and parallel
processing. The cost of using the P6000 instance is $1.10 per hour.

This computing environment was consistently used for both developing
and training the classifiers, as well as for implementing and evaluating the
DRL-based approaches. The consistent usage of this environment ensures
that our experiments have a reliable and stable computational foundation,
allowing for accurate performance comparison and benchmarking.

5. Experimental Results

In this section, we present the results from testing all baseline mod-
els. We start by evaluating the performance of individual classifiers on the
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D̂test
AugmenToxic and D̂

test
ToxiGen datasets, as shown in Table 7. Subsequently, Sec-

tion 5.1 details the performance of various classifier combinations arranged in
cascades. This analysis highlights the effectiveness of different cascaded con-
figurations and identifies the optimal setups for toxicity detection. The best-
performing cascades are then compared with the DRL-based approaches.
Finally, Section 5.2 discusses the experimental results for CETRA with dif-
ferent reward functions and the proposed PPO-CIS.

According to Table 7, for both datasets, BERTα is the most accurate
classifier but has the lowest throughput. Conversely, CNNψ demonstrated
the highest throughput as expected, but with lower accuracy.

5.1. Cascade of Classifiers

Since we have 8 classifiers, where 4 (CNN-based) have higher throughput
and the other 4 (transformer-based) have lower throughput but higher accu-
racy, the low-throughput classifiers are not capable of processing the large
amount of data received per second. However, we tested all possible com-
binations of classifiers and recorded the total (αPi

, ρPi
, σPi

, ϕPi
, ψPi

, λPi
) for

each set, as explained in Section 3.1. Note that the computational cost ωPi

is considered zero in our experiments. The results for D̂test
AugmenToxic are shown

in Table 8, and for D̂test
ToxiGen in Table 9.

The combination of 8 classifiers, using different voting methods (majority
and soft), or the last response (sequential output), results in a large num-
ber of possible cases when considering at least 2 classifiers for each dataset.
Therefore, we only report the competitive combinations that result in higher
accuracy and throughput compared to a single classifier.

Figure 3 illustrates the accuracy achieved by combining at least two clas-
sifiers in a cascaded manner using various label determination techniques on
different datasets. For the D̂test

AugmenToxic dataset, the soft vote method shows
a wide accuracy range (0.0 to 1.0) with a median of 0.5, indicating high
variability. The majority vote method has a similar wide range but a higher
median of 0.6, also showing significant variability. The sequential output
method, however, has a more concentrated accuracy range (0.5 to 0.9) with
a median of 0.72, demonstrating higher consistency and reliability.

For the D̂test
ToxiGen dataset, the soft vote method also shows a wide accuracy

range (0.0 to 1.0) with a median of 0.35, indicating high variability and less
consistent performance. The majority vote method again displays a broad
range of accuracies (0.0 to 1.0) with a higher median accuracy of 0.65, but
still shows significant variability. In contrast, the sequential output method
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(a) D̂test
AugmenToxic

(b) D̂test
ToxiGen

Figure 3: Comparison of accuracy distributions for different combinations of classifiers
using different label determination techniques on the (a) D̂test

AugmenToxic and (b) D̂test
ToxiGen

datasets.
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(a) D̂test
AugmenToxic

(b) D̂test
ToxiGen

Figure 4: Comparison of latency distributions for different combinations of classifiers using
different label determination techniques on the (a) D̂test

AugmenToxic and (b) D̂test
ToxiGen datasets.
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demonstrates a more concentrated distribution of accuracies, ranging from
0.65 to 0.98, with a median accuracy near 0.75, indicating less variability
and higher consistency. Overall, the sequential output technique outperforms
both the soft vote and majority vote methods in terms of median accuracy
and consistency for both datasets.

The box plots in Figure 4 illustrate the latency distributions for different
combinations of classifiers using soft vote, majority vote, and sequential out-
put label determination techniques on the D̂test

AugmenToxic and D̂
test
ToxiGen datasets.

For the AugmenToxic dataset (Figure 4a), the soft vote method shows
latencies ranging from approximately 0.015 ms to 0.045 ms, with a median
latency around 0.03 ms, indicating moderate variability in latency across
different classifier combinations. The majority vote method exhibits a simi-
lar latency range, from approximately 0.015 ms to 0.045 ms, with a median
latency slightly above 0.03 ms, suggesting comparable variability. The se-
quential output method also demonstrates latencies in the same range, with
a median latency around 0.03 ms, showing consistent performance across
classifier combinations.

For the ToxiGen dataset (Figure 4b), the soft vote method shows a latency
range from approximately 0.01 ms to 0.05 ms, with a median latency around
0.03 ms, indicating some variability in latency. The majority vote method
has a latency range similar to the soft vote method, but with a slightly
lower median latency around 0.03 ms, demonstrating similar variability. The
sequential output method shows a latency range from approximately 0.01
ms to 0.05 ms, with a median latency slightly above 0.03 ms, indicating
consistent performance with less variability compared to the other methods.

Overall, all three label determination techniques exhibit similar latency
distributions for both the AugmenToxic and ToxiGen datasets. The median
latencies are consistent around 0.03 ms, with some variability across different
classifier combinations. The choice of label determination technique does not
significantly impact the latency, indicating comparable performance in terms
of latency across the different methods.

Based on the results presented in Table 8 and Table 9, several key insights
can be drawn about the performance of different classifier combinations in
terms of throughput, accuracy, and F1-score.

In Table 8, the highest throughput of 723 samples per second is achieved
by the No. 1 combination. It is significantly higher than the throughput of
single classifiers (CNNψ and fastTextψ), and it is notably higher than that of
transformer-based classifiers applied alone. The combinations No. 5 and No.
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Table 8: Best-Performing Classifier Combinations on D̂test
AugmenToxic

No. Combination Label Accuracyα Precisionρ Recallσ F1-scoreϕ Throughputψ Latencyλ
Determination (%) (%) (%) (%) (s) (s)

1
fastTextψ(0), CNNψ||fastTextψ(1), CNNψ

Sequential 90.32% 89.13% 96.08% 92.47% 723 0.0013

2
fastTextα(0), BERTψ||fastTextα(1), BERTψ

Sequential 93.16% 92.95% 93.40% 93.17% 192.22 0.0052

3
BERTα(1), BERTψ

Sequential 92.39% 92.39% 92.46% 92.42% 86.21 0.0116

4
CNNα(1), fastTextα(1), BERTα(1),
RoBERTaα(1), CNNψ||CNNα(0), fastTextα(0),
BERTα(0), RoBERTaα(0), fastTextψ

Sequential 95.03% 95.12% 98.22% 96.60% 340 0.0224

5
CNNα(1), fastTextα(0), BERTψ

Majority 92.01% 93.59% 97.79% 95.64% 311.64 0.0032

6
CNNα(0), BERTα(0), fastTextψ(1),
BERTψ(0), RoBERTaψ(1)

Majority 91.35% 91.28% 95.42% 93.31% 51.02 0.0196

7
CNNα(0), CNNψ(1), fastTextψ(1), BERTψ(1),
RoBERTaψ||CNNα(1), CNNψ(0), fastTextψ(0),
BERTψ(0), RoBERTaψ

Majority 94.94 93.79 96.50% 95.13% 82 0.012

8
BERTα(0), RoBERTaα(1), fastTextψ(1), BERTψ||
BERTα(1), RoBERTaα(0), fastTextψ(0), BERTψ

Majority 96.14% 96.09% 96.38% 96.19% 34.97 0.0286

9
CNNψ(1), fastTextψ(1), BERTψ(1),
RoBERTaψ(1)||CNNα(0), fastTextα(0), BERTα(0),
RoBERTaα(0), CNNψ

Majority 96.15% 96.10% 97.25 96.64% 42.74 0.0234

10
BERTα(1), CNNψ(1), fastTextψ||
BERTα(0), CNNψ(0), fastTextψ

Soft 92.63% 92.63% 91.30% 96.17% 53.19 0.0188

11
fastTextα(0), BERTα(1), CNNψ(1), fastTextψ(0),
BERTψ||fastTextα(1), BERTα(0), CNNψ(1),
fastTextψ(1), BERTψ

Soft 93.10% 92.38% 94.20% 93.28% 40.65 0.0246

12
CNNα(0), fastTextα(0), BERTα(1), RoBERTaα(1),
CNNψ(0), fastTextψ||CNNα(0), fastTextα(1),
BERTα(0), RoBERTaα(0), CNNψ(0),
fastTextψ(0), RoBERTaψ(0), BERTψ(0)

Soft 84.08% 92.67% 83.20% 87.68% 28.09 0.0356

13
CNNα(1), fastTextα(1), BERTα(1), RoBERTaα(1),
CNNψ(1), fastTextψ(1), RoBERTaψ||CNNα(1),
fastTextα(0), BERTα(1), RoBERTaα(1), CNNψ(1),
fastTextψ(0), RoBERTaψ(1)

Soft 91.74% 85.32% 92.89% 88.94% 43.04 0.0234

2 follow with throughputs of 311 and 192 samples per second, respectively.
These combinations are among the best in terms of throughput, but have
comparatively lower accuracy.

The highest accuracy and F1-score are achieved by combinations using
majority vote for label determination, specifically No. 8 and No. 9. De-
spite their high accuracy, these combinations handle fewer than 50 samples
per second, suggesting that single classifiers might be preferable in scenarios
that require higher throughput. The combination No. 4 stands out with an
accuracy of 95.03% and an F1-score of 96.60%, coupled with a more rea-
sonable throughput of 340 samples per second, making it a balanced choice
compared to No. 8 and No. 9.

Transformer-based models (BERTα, BERTψ, RoBERTaα, RoBERTaψ)
in the cascade significantly reduce throughput, especially at primary stages.
Applying CNN-based classifiers at primary stages boosts throughput. For in-
stance, in combination No. 5, all samples are initially processed by CNNα.
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Table 9: Best-Performing Classifier Combinations on D̂test
ToxiGen dataset

No. Combination Label Accuracyα Precisionρ Recallσ F1-scoreϕ Throughputψ Latencyλ
Determination (%) (%) (%) (%) (s) (s)

1
CNNα(1), BERTψ

Sequential 92.74% 92.18% 96.96% 94.51% 138.88 0.0072

2
fasTextα(1), BERTα(0), RoBERTaα(0), RoBERTaψ

Sequential 90.48% 87.27% 94.30% 90.65% 64.93 0.0154

3
CNNα(1), BERTα(0), RoBERTaα(0),
BERTψ(0), RoBERTaψ

Sequential 90.90% 89.48% 92.46% 90.94% 29.59 0.0338

4
CNNα(1), fastTextα(1), BERTα(1), RoBERTaα(1),
CNNψ||
CNNα(0), fastTextα(0), RoBERTaα(0), CNNψ

Sequential 91.43% 92.14% 95.91% 93.99% 36.50 0.0274

5
fastTextψ(0), CNNψ(1), CNNα(1),
fastTextψ(1), CNNα(0), CNNψ(0)

Sequential 92.74% 93.85% 96.07% 94.95% 556 0.00179

6
CNNα(0), fastTextα(0), fastTextψ(1)

Sequential 93.50% 93.14% 94.09% 93.61% 301.8 0.003315

7
CNNα(1), CNNψ(1), RoBERTaψ(1)

Majority 93.73% 92.80% 95.05% 93.91% 217 0.0046

8
CNNα(1), fastTextα(0), BERTα(0), RoBERTaα

Majority 93.87% 92.39% 95.93% 94.12% 208 0.0048

9
BERTα(0), RoBERTaα(0), CNNψ(1), RoBERTaψ(1)

Majority 96.06% 93.12% 95.85% 94.43% 38.17 0.0262

10
CNNα(0), fastTextα(1), fastTextψ(1), BERTψ(1),
RoBERTaψ(0)||CNNα(1), fastTextα(0),
fastTextψ(0), BERTψ(0), RoBERTaψ

Majority 96.84% 94.98% 97.45% 96.20% 30.49 0.0328

11
BERTα(0), RoBERTaα(1), CNNψ(1), fastTextψ(1),
RoBERTaψ||BERTα(1), RoBERTaα(0), CNNψ(0),
fastTextψ(0), RoBERTaψ

Majority 97.10% 96.43% 97.66% 97.07% 28.86 0.0324

12
CNNα(1), fastTextα(0), RoBERTaα(1)

Soft 90.94% 90.92% 95.25% 92.98% 149.5 0.0066

13
CNNα(0), BERTα(1), RoBERTaα(1), BERTψ||
CNNα(1), BERTα(0), RoBERTaα(0), BERTψ

Soft 88.70% 86.73% 95.20% 90.77% 43.86 0.0228

14
CNNα(0), RoBERTaα(1), fastTextψ(0),
RoBERTaψ||
fastTextα(0), BERTα(1), CNNψ(0), BERTψ

Soft 89.72% 87.27% 92.59% 89.85% 43.10 0.0232

15
BERTα(1), RoBERTaα(1), CNNψ(1), RoBERTaψ||
BERTα(0), RoBERTaα(0), fastTextψ(0), BERTψ

Soft 93.68% 93.56% 97.02% 95.26% 37.02 0.027

Toxic samples are then processed by fastTextα, and only those classified as
nontoxic undergo further analysis by BERTψ. This staged filtering improves
throughput by reducing the number of samples needing in-depth processing
by BERTψ. One of the most surprising results was achieved by No. 3, where
BERTα was applied first, followed by BERTψ. The throughput significantly
improved to 86, even though the throughput for both individual models was
less than 10.

soft vote methods do not significantly enhance accuracy or throughput.
Furthermore, long cascades, such as those in combinations No. 11, No. 12,
and No. 13 fail to improve accuracy and instead reduce throughput, indicat-
ing that more classifiers do not necessarily lead to better performance.

In Table 9, combination No. 5 achieves the highest throughput (ψ) of
556 samples per second by avoiding transformer-based classifiers. The lowest
throughput (ψ) of 28.86 samples per second is observed in combination No.
11, which uses highly accurate but slower classifiers, such as BERTα, at the
initial stage. Notably, this combination also achieves the highest accuracy
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with majority vote.
Combinations using majority voting, such as No. 10 and No. 11, yield

higher accuracy and F1-scores. For instance, No. 10 achieves an accuracy of
96.84% and an F1-score of 96.20%, with a throughput of 30.49 samples per
second. No. 11 achieves the highest accuracy of 97. 10% and an F1 score of
97. 07%, although it has a lower throughput of 28.86 samples per second.

On the other hand, soft voting combinations, such as No. 12 and No. 13,
tend to exhibit lower accuracy and F1-scores, indicating that soft voting may
reduce performance compared to majority voting. However, No. 15 achieves
the highest accuracy and lower throughput among soft vote models.

Overall, balancing accuracy and throughput is crucial. Using fast classi-
fiers like CNNs in the initial stages can improve throughput without signifi-
cantly compromising accuracy. For example, in combination No. 5 in Table 9,
all samples are processed by CNNα, then toxic samples by fastTextα, and
only nontoxic samples undergo further analysis by BERTψ. This staged fil-
tering reduces the number of samples needing in-depth processing, thereby
improving throughput.

5.2. DRL-based Inference Systems

After developing top-performing classifiers in a cascaded manner, we
demonstrated that this approach could reduce processing time for low-throughput
classifiers. In addition, high-throughput combinations still exhibited lower
accuracy compared to those with higher accuracy but very low throughput.

A key insight from our results is that the order of classifiers is crucial. By
applying fast classifiers at the initial stages and slow classifiers in the final
stages, we can achieve higher throughput. Nevertheless, caution is required
because adding many classifiers does not necessarily lead to better perfor-
mance and may even negatively impact it. This underscores the need for
dynamic classifier selection.

Moreover, the results presented in Section 5.1 indicated that good results
could be achieved by using cascades of classifiers. The key to success lies
in dynamically selecting classifiers to enhance both accuracy and through-
put. This objective can be accomplished by designing a reward function that
considers both accuracy and throughput.

Therefore, the next step is to explore dynamic classifier selection within
the cascade. This approach will guide the selection process towards our goal
of simultaneously increasing accuracy and throughput.
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To evaluate PPO-CIS for toxicity detection, we compared it with CETRA
across three key aspects: (a) the reward function used, (b) the dynamic se-
lection of classifiers in a cascaded manner, where high-throughput classifiers
are prioritized in the initial stages and more accurate classifiers are employed
in subsequent stages, and (c) the DRL model applied, where CETRA em-
ploys Actor-Critic with Experience Replay (ACER) (Wang et al., 2017) (see
Appendix A for details), and our framework is implemented using PPO.

Note that all five reward functions were tested for both DRL approaches
(ACER and PPO). The final results for each dataset are presented in Table 10
and Table 11. All results are reported based on the test set for each dataset,
which includes 5,000 samples for D̂test

AugmenToxic and 2,000 samples for D̂test
ToxiGen.

Please note that we use CETRA − CISi for i = 1 to 5 to denote mod-
els that use the CETRA structure, employing ACER as the DRL model,
with all 8 classifiers at the same stage. The index i = 1 to 5 refers to the
specific reward functions proposed by (Lavie et al., 2023). Additionally, we
use ACER − CIS to refer to our proposed CIS, which includes two action
spaces, where ACER is applied as the DRL model instead of PPO, along
with our proposed reward function. We also use ACER − CISi for i = 1
to 5 to denote models tested with the five different reward functions. Simi-
larly, PPO−CIS refers to our proposed CIS with PPO as the DRL model,
incorporating its own reward function and two space actions. Furthermore,
PPO − CISi for i = 1 to 5 denotes the proposed PPO-CIS models tested
with the reward functions proposed by (Lavie et al., 2023).

We compared the performance of various inference systems for high-
throughput toxicity detection on the D̂test

AugmenToxic dataset. According to the
results in Table 10, the CETRA−CIS models demonstrate a good balance
between accuracy and throughput. The CETRA−CIS1 model achieves an
accuracy of 94.88% with a throughput of 63.72 samples per second and a la-
tency of 0.0314 seconds. Among the CETRA−CIS models, CETRA−CIS5

has the highest throughput at 172.41 samples per second, but it compromises
slightly on accuracy, achieving 94.17%. The CETRA−CIS4 model provides
a slightly higher accuracy of 95.48% with a throughput of 111.52 samples per
second and a lower latency of 0.0179 seconds, making it a well-rounded op-
tion.

The ACER−CIS models generally exhibit higher accuracy and through-
put compared to CETRA− CIS models. The ACER− CIS model stands
out with an accuracy of 97.76%, a high throughput of 213 samples per second,
and a very low latency of 0.0094 seconds. This model is particularly effective
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Table 10: Performance Comparison of Inference Systems for High-Throughput Toxicity
Detection on the D̂test

AugmenToxic

Model Action Accuracyα Precisionρ Recallσ F1-scoreϕ Throughputψ Latencyλ
Space (%) (%) (%) (%) (samples/s) (s)

BERTα - 93.22% 92.38% 94.20% 93.28% 4.595 0.2176
CNNψ - 90.33% 90.27% 94.30% 92.09% 269.58 0.0037
CETRA− CIS1 1 94.88% 93.59% 92.20% 92.89% 63.72 0.0314
CETRA− CIS2 1 95.65% 93.24% 96.79% 94.99% 97.12 0.0206
CETRA− CIS3 1 94.38% 94.31% 95.91% 95.11% 83.33 0.0240
CETRA− CIS4 1 95.48% 94.65% 95.79% 95.22% 111.52 0.0179
CETRA− CIS5 1 94.17% 93.78% 95.29% 94.53% 172.41 0.0116
ACER− CIS 2 97.76% 97.60% 97.82% 97.71% 213 0.0094
ACER− CIS1 2 95.80% 95.13% 96.70% 95.90% 107.70 0.0186
ACER− CIS2 2 97.70% 96.83% 98.38% 97.60% 105 0.0190
ACER− CIS3 2 96.55% 95.88% 96.93% 96.40% 110 0.0182
ACER− CIS4 2 95.05% 95.38% 95.94% 95.66% 119 0.0168
ACER− CIS5 2 96.12% 95.45% 96.00% 95.72% 160 0.0125
PPO − CIS 2 98.17% 97.96% 98.10% 98.03% 384 0.0052
PPO − CIS1 2 96.03% 92.23% 96.95% 94.54% 146 0.0137
PPO − CIS2 2 97.81% 96.40% 98.43% 97.41% 185 0.0108
PPO − CIS3 2 97.05% 96.88% 97.34% 97.11% 251.89 0.0079
PPO − CIS4 2 97.80% 95.13% 98.00% 96.54% 168 0.0119
PPO − CIS5 2 96.50% 95.83% 97.38% 96.60% 203 0.0099

Table 11: Inference Systems Comparison for Toxicity Detection on D̂test
ToxiGen Dataset

Model Action Accuracyα Precisionρ Recallσ F1-scoreϕ Throughputψ Latencyλ
Space (%) (%) (%) (%) (samples/s) (s)

BERTα - 93.91% 90.52% 95.45% 92.92% 4.10 0.2442
CNNψ - 90.09% 88.34% 92.78% 90.83% 52.56 0.0190
CETRA− CIS1 1 92.89% 92.89% 92.89% 92.89% 47.11 0.0425
CETRA− CIS2 1 94.35% 94.14% 94.58% 94.36% 86.90 0.0230
CETRA− CIS3 1 93.04% 92.98% 93.08% 93.03% 79.56 0.0251
CETRA− CIS4 1 93.68% 93.60% 93.65% 93.62% 90.57 0.0221
CETRA− CIS5 1 92.96% 91.83% 93.04% 92.43% 100.3 0.0199
ACER− CIS 2 96.87% 96.20% 96.92% 96.56% 206 0.0097
ACER− CIS1 2 95.34% 95.27% 95.39% 95.33% 144 0.0139
ACER− CIS2 2 94.89% 93.92% 95.17% 94.54% 120 0.0167
ACER− CIS3 2 94.01% 93.35% 94.90% 94.12% 127 0.0157
ACER− CIS4 2 95.75% 95.08% 96.65% 95.86% 135 0.0148
ACER− CIS5 2 95.45% 94.78% 96.33% 95.55% 152 0.0132
PPO − CIS 2 97.03% 96.81% 97.95% 97.38% 296 0.0068
PPO − CIS1 2 95.10% 93.93% 96.05% 94.98% 113 0.0177
PPO − CIS2 2 96.25% 95.81% 96.37% 96.09% 125 0.0160
PPO − CIS3 2 95.64% 93.99% 96.01% 94.99% 143 0.0140
PPO − CIS4 2 95.92% 93.63% 96.57% 95.08% 182 0.0110
PPO − CIS5 2 95.21% 94.95% 95.84% 95.39% 195 0.0103
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for scenarios requiring high accuracy and fast processing times. Similarly,
the ACER−CIS2 model achieves an accuracy of 97.70% and a throughput
of 105 samples per second with a latency of 0.0190 seconds.

Our proposed approach, the PPO−CIS model, offers the highest accu-
racy among all models tested. The PPO−CIS model achieves an impressive
accuracy of 98.17%, with a throughput of 384 samples per second and a la-
tency of 0.0052 seconds. This model is highly efficient, providing both high
accuracy and fast processing times. The PPO − CIS3 model also performs
well, with an accuracy of 97.05%, a throughput of 251.89 samples per second,
and a latency of 0.0079 seconds.

According to the results in Table 11, the CETRA−CIS models demon-
strate varied performance in terms of accuracy and throughput. The CETRA−
CIS1 model achieves an accuracy of 92.89% with a throughput of 47.11 sam-
ples per second and a latency of 0.0425 seconds. Among the CETRA−CIS
models, CETRA − CIS5 has the highest throughput at 100.3 samples per
second, but it compromises slightly on accuracy, achieving 92.96%. The
CETRA − CIS4 model offers a balance with an accuracy of 93.68% and a
throughput of 90.57 samples per second, with a latency of 0.0221 seconds.

The ACER−CIS models generally exhibit higher accuracy and through-
put compared to CETRA− CIS models. The ACER− CIS model stands
out with an accuracy of 96.87%, a high throughput of 206 samples per sec-
ond, and a very low latency of 0.0097 seconds. Similarly, the ACER−CIS3

model achieves an accuracy of 94.01% and a throughput of 127 samples per
second with a latency of 0.0157 seconds.

The PPO − CIS model maintains high performance, achieving an ac-
curacy of 97.03%, a throughput of 296 samples per second, and a latency
of 0.0068 seconds. The PPO-CIS5 model also performs well, with an ac-
curacy of 95.21%, a throughput of 195 samples per second, and a latency
of 0.0103 seconds. Overall, the proposed Cascade Inference System (CIS)
with two action spaces and a reward function that jointly considers accuracy
and throughput delivers the best performance when combined with PPO.
The CIS using ACER (ACER − CIS) also demonstrates a strong balance
between accuracy and latency, confirming the effectiveness of the cascade
design and reward formulation. While our experiments on two benchmark
toxicity datasets demonstrate consistent improvements in both accuracy and
efficiency, we recognize that real-time environments involve additional dy-
namics such as fluctuating content volume and variable latency. Evaluating
these conditions requires a controlled social media stream simulation to en-
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able true real-time performance analysis, which we are currently developing
as future work. Nonetheless, the present results provide strong evidence
that PPO-CIS outperforms existing approaches under standard evaluation
settings.

6. Discussion

Existing toxicity detection approaches often face a trade-off between speed
and accuracy. Fast models process content quickly but may miss subtle tox-
icity, while more accurate models are too slow for real-time use. Ensemble
methods improve performance but typically apply several models to every in-
put, increasing computational cost. RL has been explored in related domains,
but it has not been used to manage classifier selection in cascaded toxicity
detection. PPO-CIS addresses these limitations by activating classifiers only
when needed. The first stage filters easy, clearly nontoxic samples, and the
second stage focuses on harder cases using more accurate models. The PPO
agent learns this selection strategy through a reward function that balances
accuracy and throughput. Experiments show that PPO-CIS outperforms
static cascades and individual classifiers on two benchmark datasets. The
main contributions of this work are: (1) a cascaded inference design tailored
for real-time moderation, (2) a RL strategy for dynamic classifier selection,
and (3) a reward function supporting both accuracy and efficiency.

7. Future Work

Future work will extend PPO-CIS in several directions. First, we plan to
evaluate the system in a real-time social media stream environment, where in-
put volume and latency fluctuate dynamically. This will allow us to measure
system behavior under realistic traffic conditions. Additionally, integrat-
ing multimodal signals (e.g., images, audio, and short videos) can improve
detection when harmful content is expressed beyond text. Finally, incor-
porating fairness-aware objectives will help reduce unintended biases across
demographic or linguistic groups.

8. Conclusion

This work introduced PPO-CIS, a cascade inference system guided by
Proximal Policy Optimization to balance accuracy and computational effi-
ciency in toxicity detection. By selecting classifiers dynamically based on
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confidence and throughput constraints, PPO-CIS reduces unnecessary com-
putation while maintaining high accuracy. Experiments on two benchmark
datasets show that PPO-CIS improves both performance and efficiency over
static and standalone baselines. These results highlight the potential of adap-
tive, reinforcement learning–driven moderation pipelines for real-time con-
tent analysis and platform-scale deployment.
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9. Appendices

10. Appendix A

10.0.1. Reinforcement Learning (RL)

Reinforcement Learning (RL) is a ML approach where an agent learns to
make decisions by interacting with an environment. The agent selects actions
a from a set A, receives rewards r, and adjusts its strategy to maximize
cumulative rewards over time. RL involves sequences of states s, actions a,
and rewards r (denoted as trajectories τ).

The main objective in RL is for the agent to learn a policy (π), which maps
states to actions to maximize expected cumulative rewards. An agent’s policy
can be either deterministic or stochastic (Andriotis and Papakonstantinou,
2019). A deterministic policy, denoted as π : S → A, maps each state directly
to a specific action. In contrast, a stochastic policy, denoted as π(a|s) : S →
P (A), maps each state to a probability distribution over possible actions,
indicating the likelihood of selecting each action given a particular state.
While deterministic policies provide clear action choices, they may be limited
in adversarial environments and finding the optimal action with respect to the
Q-function can be computationally expensive in large action spaces (Wang
et al., 2017).

RL algorithms are evaluated based on their ability to develop effective
strategies across various environments. During interactions, the agent selects
actions at at time step t, transitioning from state st to st+1 and receiving
reward rt. The objective is to maximize the total future rewards RT :

RT =
T∑
t=1

rt

where T is the final time step.
The policy π(a, s) dictates the probability of selecting action a in state s.

Concurrently, the Q-function Q(s, a) estimates the expected future reward
for taking action a in state s, under the current policy π.

RL algorithms are evaluated based on their capacity to develop effective
strategies across diverse environments. Through RL, agents learn to explore
actions, exploit learned knowledge, and maximize long-term rewards in dy-
namic and complex environments.
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10.0.2. Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) represents an advanced approach
that combines the principles of RL with the power of Deep Learning (DL)
(Arnold et al., 2011; Francois-Lavet et al., 2018). Unlike traditional RL,
which often faces challenges in handling high-dimensional and complex data
spaces, DRL leverages Deep Neural Networks (DNNs) to effectively manage
and process such data (Dong et al., 2020; O’Shea and Nash, 2015). In con-
trast, DRL utilizes DNNs to approximate the Q-function Q(s, a; θ), where θ
represents the parameters of the neural network (Mnih et al., 2015). This ap-
proach is highly effective for handling large or continuous state-action spaces
(Amarjyoti, 2017). Consequently, while the Q-function in traditional RL is
simpler and less scalable, the Q-function in DRL provides superior represen-
tational power and generalization capabilities, enabling it to perform well in
complex environments (Andriotis and Papakonstantinou, 2019).

10.1. Actor-Critic with Experience Replay (ACER)

Actor-critic with experience replay (ACER) (Wang et al., 2017) is a type
of actor-critic (Mnih et al., 2016) method, which means it comprises two main
components: the actor and the critic. The actor is responsible for selecting
actions based on a policy π(s; θπ), where θπ are the parameters of the policy
network. The critic, on the other hand, evaluates the actions taken by the ac-
tor by estimating the value function Q(s, a; θQ), where θQ are the parameters
of the value network. This dual structure allows ACER to simultaneously
learn a policy for selecting actions and a value function for assessing the
quality of those actions. One of the key innovations in ACER is the use
of experience replay. In traditional actor-critic methods, updates are made
using the most recent experiences, which can lead to inefficient learning and
instability. ACER addresses this issue by storing past experiences in a re-
play buffer and using these experiences to perform off-policy updates. This
approach not only improves sample efficiency by reusing past experiences
but also stabilizes training by breaking the correlation between consecutive
updates. Another critical aspect of ACER is the use of a trust region pol-
icy optimization (TRPO) (Schulman et al., 2017a) approach to ensure that
the updates to the policy do not deviate too much from the current policy,
preventing large and potentially destabilizing changes. Additionally, ACER
employs importance sampling techniques to correct for any bias introduced
by using off-policy data from the replay buffer. In summary, ACER enhances
traditional actor-critic methods by integrating experience replay for better
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sample efficiency, trust region optimization for stable policy updates, and
importance sampling for unbiased learning. These features enable ACER to
effectively learn in complex and high-dimensional environments, making it a
powerful algorithm in the field of deep reinforcement learning.

10.2. Proximal Policy Optimization (PPO)

PPO (Schulman et al., 2017b) is designed to improve the stability and
reliability of policy gradient (Sutton et al., 1999) methods. Traditional policy
gradient methods can suffer from high variance and instability, as updates
to the policy can sometimes lead to large, detrimental changes. PPO ad-
dresses these issues by ensuring that policy updates are more controlled and
constrained.

PPO achieves this through the use of a surrogate objective function that
limits the magnitude of policy changes. The key idea is to optimize a clipped
objective function, which penalizes changes to the policy that move too far
from the current policy (Zhu et al., 2021). The objective function in PPO
can be expressed as:

LCLIP (θ) = Et

[
min

(
πθ(at|st)
πθold(at|st)

Ât,

clip

(
πθ(at|st)
πθold(at|st)

, 1− ϵ, 1 + ϵ

)
Ât

)]
(10)

where: πθ is the new policy with parameters θ and πθold is the old policy

with parameters θold. Ât is also the advantage estimate at time step t. ϵ is a
hyperparameter that controls the clipping range.

The clipping mechanism in PPO ensures that the ratio πθ(at|st)
πθold (at|st)

stays

within the range [1 − ϵ, 1 + ϵ], thus preventing large deviations from the
old policy. This constraint helps to maintain the stability of updates and
improves overall training performance.

PPO is widely used in various RL tasks due to its simplicity, robust-
ness, and effectiveness. It strikes a good balance between performance and
computational efficiency, making it a preferred choice for many complex and
high-dimensional environments.

In summary, PPO enhances traditional policy gradient methods by in-
corporating a clipped surrogate objective function to ensure controlled and
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Table 12: Experimental Configurations for CNN-based Classifiers

Model Hidden Layers Epochs Batch Size Learning Rate Dropout Rate Filters Max Features Max Length

CNNα 4 15 512 5.00E-05 0.4 300 100000 400
CNNψ 2 23 512 5.00E-05 0.5 300 100000 400
fastTextα 4 5 256 0.0002 0.4 300 100000 400
fastTextψ 2 14 256 5.00E-7 0.5 128 100000 400

Table 13: Experimental Configurations for transformer-based Classifiers

Model Model Name Epochs Batch Size Learning Rate Weight Decay Max Length

BERTα bert− base− uncased 1 8 2E-5 0.01 300
BERTψ google/bertuncasedL − 2H − 128A − 2 3 32 3E-5 0.01 300
RoBERTaα roberta− base 1 4 2E-5 0.01 300
DistilRoBERTaψ distilroberta− base 2 16 3E-5 0.01 300

stable policy updates. This approach mitigates the risk of large, destabiliz-
ing changes to the policy, resulting in more reliable and efficient learning in
reinforcement learning applications.

11. Appendix B

In this section, we describe the experimental setup for the classifiers de-
veloped in this research. We utilized the training and validation sets from
DAugmenToxic for all classifier development. To ensure consistency across the
classifiers, we applied a random-state approach for the train-test split, which
resulted in identical training, validation, and testing sets for each classifier.
This uniformity ensured that all eight classifiers were evaluated under the
same conditions.

Further details on the development process and parameter settings for
the various classifiers are provided in subsection 11.1 and subsection 11.2.

11.1. CNN-based: CNN, CNN-fastText

We began with data cleaning and preprocessing, including the removal of
URLs, punctuation, digits, and stop-words, and normalization. The text was
tokenized, truncated or padded to a fixed length, and converted into word
vectors.

The model was tested with different configurations. For accuracy, the
optimal variant used four 1D convolutional layers, while the high-throughput
variant achieved better performance with two 1D layers. We applied pooling
and global max pooling to reduce dimensionality, used ReLU activations in
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hidden layers, and a Sigmoid activation in the output layer. Binary cross-
entropy loss and the Adam optimizer were employed for training.

To accelerate training, we incorporated pre-trained fastText embeddings
(“crawl-300d-2M”) into the CNN model, resulting in the CNN-fastText vari-
ant. These embeddings, trained on Common Crawl with CBOW, character
n-grams, and negative sampling, improved training efficiency. Hyperparam-
eter settings are detailed in Table 12.

To develop high-throughput variants, we applied various techniques, in-
cluding parameter tuning and adopting a shallower network topology. While
deeper networks can improve accuracy, they are computationally expensive
and can slow down the process. Thus, a shallower network with fewer convo-
lutional 1D layers can be a good compromise between accuracy and through-
put. We reduced the number of convolutional layers to three and two, while
still maintaining good accuracy. The highest throughput was achieved with
two convolutional 1D layers and a specific set of hyperparameters.

11.2. Transformer-based: BERT, RoBERTa, TinyBERT, DistilRoBERTa

We utilized the Hugging Face Transformers library with TensorFlow 2.15.0
to evaluate various models for toxic content detection. Our assessment in-
cluded several BERT-based models: bert-base-uncased, bert-large-uncased,
ALBERT (albert-base-v2), RoBERTa (roberta-base), GroNLP’s hateBERT,
and vinai’s BERTweet (vinai/bertweet-base), along with their distilled vari-
ants and 24 BERT miniature models.

For preprocessing, we employed model-specific tokenizers to convert raw
text into tokens compatible with each model. This ensured that the data
was appropriately formatted for effective processing.

Our testing revealed that bert-base-uncased delivered the best balance
of accuracy and acceptable throughput among the BERT variants. Among
the BERT miniatures, BERT-Tiny achieved the highest throughput. For
RoBERTa models, roberta-base provided the most accurate results, while
DistilRoBERTa demonstrated the highest throughput.

We thoroughly explored various hyperparameters to optimize both accu-
racy and throughput for each model. The detailed hyperparameter settings
and results are provided in Table 13.

This comprehensive evaluation enabled us to select the models that of-
fer the best performance for both accuracy and efficiency in toxic content
detection.
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