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Abstract

Hate speech detection is essential for maintain-
ing healthy online communities. Large lan-
guage models (LLMs) perform well on text
classification, yet their decision strategies need
to be better understood. While post-hoc ra-
tionales can justify individual decisions, they
substantially increase inference cost and limit
scalability in high-throughput settings. As an-
other approach, we propose an extended ratio-
nal inattention model that parameterizes lin-
guistic noise and information processing cost,
providing an interpretable behavioral frame-
work for black-box LLM classifiers. Treating
LLMs as rational decision-makers under infor-
mation constraints allows us to estimate—f{rom
the observed classification behavior—the pa-
rameters that represent information processing
cost and noise sensitivity. As a case study and
using a hate-speech dataset spanning multiple
noise environments, we evaluate four commer-
cial LLMs and show that the introduced ex-
tended rational inattention model predictions
closely match the observed performance across
different noise levels. We further test the per-
formance under various noise mechanisms and
find that the inferred information cost parame-
ters remain consistent while the noise parame-
ters vary with the distortion mechanism. Over-
all, our introduced framework offers a cost effi-
cient and quantitative approach to derive inter-
pretable indices of LLM moderation behavior
and decisions, without additional rationale gen-
eration.

1 Introduction

Large language models (LLMs) have rapidly
moved from research into everyday products and
large-scale platforms. In many deployments, LLMs
are used as high-throughput classifiers. Examples
include moderating hate speech on social platforms,
filtering spam or phishing emails, and routing user
intents in customer-service chatbots. In such set-
tings, operators care not only about accuracy, but

also about confidence-aware interpretability: under-
standing when the LLM is uncertain is crucial for
auditing failures, diagnosing bias, and justifying
decisions under platform policy.

Current research on post-hoc interpretability of
LLMs can be loosely grouped into two approaches.
The first approach elicits extra text generation to
make the LLLMs justify their predictions. This line
of work attempts to understand why a decision is
made by analyzing the LLM’s generated reason-
ing or “chain-of-thought.” This approach prompts
the LLM for an extra text output (a step-by-step
rationale), and treats that text as the explanation
(e.g., Yang et al. 2023). However, this approach in-
curs a high computational cost for every data point,
making it difficult to deploy in high-throughput
pipelines. A practical alternative approach, the
second approach, is to treat the LLM as a black-
box classifier, avoid generating any extra ratio-
nale tokens, and instead analyze its input-output
behavior. In this paper, we take the second ap-
proach and present an interpretable model to ana-
lyze the LLM’s input-output classification behavior
and build a quantitative and predictive characteri-
zation. Through bypassing the need for generated
reasoning, this approach is efficient and suitable for
modeling complex, interacting LLM agents where
full-text rationales are computationally infeasible.

The rational inattention (RI) theory provides a
solid backbone for the interpretable modeling ap-
proach. Introduced by Nobel laureate Sims (2003),
it treats information processing as a scarce resource
and models how a decision maker (DM) allocates
limited attention to maximize expected utility net
of information cost. Matéjka and McKay (2015)
provide a general solution for discrete choices
within this framework, making RI a practical tool
for studying decision behaviors from observed
choices. Some recent studies (Pattanayak et al.,
2024; Jain and Krishnamurthy, 2025) have shown
that large models such as convolutional neural net-
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works (CNNs) and LLMs can be interpreted via an
RI framework. To analyze how these models be-
have in a rationally inattentive manner, researchers
expose them to different environments—typically
by adding varying noise levels—and then use the
RI formulation to reconstruct a utility function from
the LLM’s decision-making data. While this line of
work enables studying performance stability across
environments, it does not explicitly quantify an
LLM’s attention allocation or its attention strategy
during the classification, and moreover, it lacks a
parametric mechanism that links noise distortion
intensity to shifts in the LLM’s effective decision
boundaries. Our work expands the interpretable
RI-based approach to address these gaps.

To analyze LLM decisions on text classifica-
tion, we introduce an extended RI model developed
specifically to handle distorted noisy texts. Unlike
previous studies, our formulation includes explicit
terms for reward and cost, allowing us to quantify
the trade-offs at play. This new model enables us
to analyze (i) how an LLM’s attention strategy bal-
ances performance and information cost, (ii) how
attention allocation shifts across environments, and
(iii) how distorted-text decisions can be interpreted
through the rational inattention lens.

The rest of this paper is organized as follows. In
Section 2, we formally introduce the RI framework
fundamentals. Section 3 details our experimental
setup and the hate speech datasets, as well as the
proposed extended RI model and a mapping from
the black-box LLM classification task to the intro-
duced RI model. Section 4 presents the results of
analyzing LLMs responses to the datasets using the
extended RI model. There we also show how the es-
timated parameters reveal the underlying decision
strategies of different LLMs and how the noise in-
fluences their behavior. Finally, some concluding
remarks are provided in Section 5.

2 Fundamentals of the Rational
Inattention Model

In the RI decision theoretical framework, a DM
first gathers information and then makes a decision.
When the DM makes a correct decision, they will

Action State1 State?2
a r 0

b 0 T

Table 1: Reward matrix.

receive a reward based on the incentive level r, and
0 otherwise. In a binary choice problem with two
underlying states, the reward matrix is shown in
Table 1. We also define a utility function as the
payoff of choosing the action A from {a, b} based
on the underlying state V' from {1, 2}:

r, A=a, V=1,

0, A=a, V=2,
VAVI=10 acpv=1 @

r, A=0b V=2,

In the beginning, the DM does not have any
information about the underlying states, so the DM
needs to observe and acquire some information.
In the context of a transformer-based LLM, this
“information acquisition” is a quantifiable process
handled by the attention mechanism, which can be
analyzed from an information-theoretic perspective
(Wen et al., 2022).

As shown in Figure 1, the model of costly in-
formation acquisition includes the following two
steps (Matéjka and McKay, 2015): (i) The DM
selects an information strategy to refine its belief
about the states, (ii) The DM decides based on the
belief generated in the first step, where V/, S and
A are discrete random variables that represent the
underlying state, the received signal or observed in-
formation, and the action or decision, respectively.

"4 i A
Information S Decision Making
Strategy

Figure 1: Rationally inattentive decision-making steps.

The goal of decision making with RI is to find
an optimal strategy that maximizes the expected
utility net of information cost €2 as follows:

ax Q=E[UA,V)]-A(V;S),

RS [U(A V)] = AL(V5S),  (2)

where A > 0 is the unit cost of information and

I(V; S) is the mutual information between V" and
S.

In the RI model, the DM needs to find the opti-
mal information structure, by solving the following
optimization problem, to maximize the expected
utility net of information cost:

max Q=E[U(A, V)] —-AI(V;A)
PAIV)
subjectto Py, Pip, Pog, Pop > 0, 3)
Pio+Pip=1, Pog+ Py =1,
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where P, = P(A=a |V =1), Py, = P(A=
a |V =2),Pp=PA=b|V =1)and
Py, = P(A =b| V = 2) denote the conditional
probabilities of A given V. Also, S in Eq. (2) is
replaced by A since each signal corresponds to
a unique action that maximizes the reward in the
second step. Accordingly, the two-step formulation
in Figure 1 reduces to an equivalent state-action
representation, shown by the trellis in Figure 2.

V })]u A
1 a
b
P
2 2a
By b

Figure 2: State-action trellis diagram.

3 LLM C(lassification and the Extended
RI Model

3.1 Hate Speech Classification with Text Noise

In this paper, we consider the setting where an
LLM serves as a hate speech detector on social
media platforms (see Figure 3 on the next page).
To monitor and maintain online safety, the LLM
reads short texts (typically a few hundred charac-
ters) such as comments on YouTube, X, and Reddit,
as included in the datasets of Kennedy et al. (2020),
and then classifies each text as hate speech or not.

Since these online texts are often noisy, LLMs’
robustness is typically evaluated by constructing
controlled noise environments with increasing per-
turbation levels. Following the general principles
of character-level perturbation (Belinkov and Bisk,
2018), we implement a two-stage stochastic distor-
tion process to simulate realistic errors and adver-
sarial obfuscations:

1. Word-Level Selection: Each word in the orig-
inal text has a probability p’ of being selected
for modification,

2. Character-Level Perturbation: For every
word selected in the first stage, a single mod-
ification (swap, replace, delete, or insert) is
applied based on a specific distribution ratio,
as summarized in Table 2.

This process mimics real-world scenarios in
which hateful content creators intentionally inject
noise by introducing typos, leet-speak conversions

Action | Detail

Swap Randomly permutes the character
sequence within a word.

Replace | Substitutes a random fraction of
characters with random characters.

Delete Removes a random fraction of char-
acters from the selected word.

Insert Inserts random characters at arbi-
trary positions within a word.

Table 2: In-word operations for noise injection.

or homophones (Li et al., 2018; Jin et al., 2020) to
obscure toxic cues and evade automated systems.

We define eleven distinct noise levels, with p’
ranging from O to 1 with step size of 0.1. For each
of the eleven environments, the distorted text is
provided as input to four commercial LLMs (GPT-
5.2, GPT-3.5, Gemini-2.5, and Gemini-2.0) under a
consistent zero-shot prompt instruction. Each LLM
outputs a binary label of ¢ = “Not Hate Speech” or
b = “Hate Speech”. The resulting dataset therefore
consists of pairs of observations (Y, A), where Y’
denotes the noise-free ground-truth state and A rep-
resents the LLM predicted label, as summarized in
Figure 4 (see next page). The Y variable is part of
our extended RI model introduced and elaborated
in the next subsection.

3.2 Extended RI Model to Study LL.Ms
Across Different Environments

To model how the black-box classification behavior
of LLMs varies with the noise level introduced in
Section 3.1, we introduce an extended RI model
with two states and two actions. Let the ground-
truth state be Y € {1,2}, where “1” means the
original text is “Not Hate Speech” and “2” indi-
cates that the original text is “Hate Speech”. Addi-
tionally, V' € {1, 2} denotes the binary noisy state
induced by the distorted text. Finally, the LLM’s
output is A € {a, b}, where “a” denotes that the
LLM labels the distorted text as “Not Hate Speech”,
whereas “b” means that the LLM labels it as “Hate
Speech”. As illustrated in the trellis diagram in
Figure 5 on the next page, information processing
in the extended RI model occurs in a two-stage
sequence.

In the first stage, noise is injected into the text
with probability p’ causing the hate speech signal
to be distorted. This reduces the observability of
the true state, such that a hateful text is hidden with
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Input Text
(An example)

Noise
(Noise level p’ € [0,1])

Noise added at character

“All of it. Should
be wiped from the
face of the earth.”

level:
Swap, replace, insert
and/or delete

—>

LLM Classifier Label

[ Not Hate Speech ]

) & V'Q

[ Hate Speech ]

u X @ [ “Fall on it, souhld be pewid for

the face of the art.”

Figure 3: Noise-injected text-to-label pipeline for LLM hate speech classification across environments.

Y P(A=a|Y =1) A

P(A=b|Y =2)

Figure 4: Y to A state-action trellis diagram that rep-
resents the noise-free ground-truth state and the LLM
predicted label, respectively.

Y | V P, A
1 . 1 P) a
2 2 Py b
I-¢ Py,
Noisy Text Decision Making by LLM

Figure 5: Noisy state-action trellis diagram in the ex-
tended RI model.

probability ¢ = P(V = 1| Y = 2), which we
refer to as the hate speech hiding rate. Then, in
the second stage, the LLM, acting as a rationally
inattentive decision maker, observes the resulting
noisy state V. Note that V' is a latent variable in
our study as it is not subjected to human labeling.

For the extended RI model, we have these results
for the probabilities of taking actions a and b, when
LLM is rationally inattentive to the noisy state V/,
following Matéjka and McKay (2015):

Paer/)\
PaeT/)‘ + Pb’

Pber/z\

P, = e =——T
la Pa_i_PbeT/)\a

2 = “)
where P, = 1 — P, and we have calculated P, by
solving an optimization problem that resulted in:

P, = min(1, max(0.5, %)). 5)

Using Figure 5 that shows P(A = a | Y =
1)=Pgaand P(A=b|Y =2)=(1—q)Py +
q(1 — P1,), we have also derived the following
expression for the LLM’s probability of correct
action (decision):

P (g,r/N) = 0.5(1 — q) Prg

(6)
+ 0.5(1 — q) Py, + 0.5¢.

where P(ggect is the probability of correct action
that corresponds to the noise-free true underlying
state Y. We use Eq. (6) for empirical data fitting,
to estimate the interpretable parameters of the RI
model. By analyzing how this probability varies
across different levels of the linguistic noise, we
can quantify the trade-off between the classification

accuracy and internal information processing costs.

4 Results

In this section, we present the experimental results
using LLMs data. Sections 4.1 to 4.4 focus on
an equal-probability noise configuration as a rep-
resentative setting, providing a detailed analysis
of performance trends, as well as the extended RI
model testing and fitting across environments. Sec-
tion 4.5 expands the analysis to broader datasets
and multiple other noise configurations, enabling a
complementary comparison across settings.

4.1 Preliminary Analysis of LLM
Classification Decision Results

For each environment and using the datasets of
Kennedy et al. (2020), we process N = 400 dis-
torted inputs with a balanced label distribution of
200 “Not Hate Speech” and 200 “Hate Speech”
labels. Then we record the corresponding 400 clas-
sification outputs from GPT-5.2, GPT-3.5, Gemini-
2.5 and Gemini-2.0 under a consistent zero-shot
prompt instruction and obtain the paired observa-
tions of (Y, A), as mentioned in Subsection 3.1.
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We first examine how LLLM performance varies
with noise intensity. Figure 6 provides a repre-
sentative example for GPT-5.2, showing how the
empirical probability of correct action and mutual
information—which serves as a measure of correla-
tion between the true state and the LLM’s output—
change across noise levels.

e —e—r

correct

0.85¢ ——I(Y;A)

I(Y;A)

D
005

0 01 02 03 04 05 06 07 08 08 1
p' (distortion rate)

Figure 6: GPT-5.2 empirical results for different
noise environments: (blue) Probability of correct ac-
tion; (pink) Mutual information between the ground
truth Y and the action A, defined by I(Y;A) =
—Ellog. P(A)] + Ellog. P(A]Y)].

As the noise level p’ increases, the data observed
by the LLMs become more ambiguous, effectively
obfuscating hate speech indicators. Consequently,
both accuracy and mutual information exhibit a
clear decreasing trend. We observe this behav-
ior consistently across all the four tested LLMs,
suggesting a consistent sensitivity to textual distor-
tion. These preliminary results show that higher
distortion rates systematically limit the amount of
information the LL.Ms can extract from the text.

4.2 Statistical Tests for the Rational
Inattention Behavior

To verify if the observed LLM behaviors are consis-
tent with the rational inattention framework, there
are two necessary and sufficient conditions intro-
duced by Caplin and Dean (2015):

1. NIAC (No Improving Attention Cycles): In
the RI model, it means that the DM will search
for and find the optimal information strategy
to observe the information.

2. NIAS (No Improving Action Switches): In
the RI model, it indicates that the DM will
take the correct action A based on the ob-
served signal S.

In our experimental setup, the only change in
LLM inputs when generating LLLM classification
data is the text distortion rate that alters only the
prior distribution of the LLM input state V' in Fig-
ure 5. Thus, the NIAC condition imposes no con-
straint in this case and does not require to be tested.

Consequently, to verify if the LLM’s decision
strategy from V to A in Figure 5 is an RI strategy,
we focus on checking if the LLMs datasets satisfy
the NIAS condition. Following Caplin and Dean
(2015) as well as Caplin and Martin (2015), the
NIAS condition requires that:

2
> PV =v) Py (U(b,v) — Ula,v)) > 0,
v=1 (7)

= Pi,>29-1g'+(1-9g)g P

where Py, = P(A =b |V = v) is the probability
of action b conditioned on state v, g = P(V =
1) = 05(1 4+ ¢) > 0.5 and U(.,.) is given in
Eq. (1). Since in our dataset we observe the ground-
truth state Y and the action A, whereas the inter-
mediate noisy state V' is not observable, we need
to rewrite the NIAS inequality in Eq. (7) in terms
of the P(A | Y) conditional probabilities. By com-
paring Figure 4 and Figure 5, it can be shown that
PA=a|Y =1)=P, PA=b|Y =1) =
Py, P(A =a | Y = 2) = qP1a+(l —q)Pga
and P(A=b|Y =2) = qPyp+ (1 — q)Pap.
Using these relations and by replacing P(A | V)
in Eq. (7) with P(A | Y), the NIAS inequality to
be tested can be rewritten as given in Eq. (8):

P(A=a|Y =1) > BASE=IE (g

Since the hiding rate 0 < ¢ < 1is a latent param-
eter and cannot be observed directly, the inequality
in Eq. (8) is not immediately testable. However,
because the right-hand side of Eq. (8) is monotoni-
cally increasing in ¢, the following inequality can
be tested instead, to test the NIAS condition:

P(A=a|Y =1) > ZA=dY=2012 = (9

The results of the NIAS condition test in Eq. (9),
which evaluates “P(A = a | Y = 1) > Constraint
on P(A=a|Y = 1), are provided in Table 3.
The first and second columns in Table 3 refer
to the environment and corresponding noise level,
the third column presents the empirical probability
of action “a” taken under state “1”. The fourth

column is the empirical probability that action “a”
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Env. p° P(A=a|[Y =10 P(A=a|Y =2) Constrainton P(A=a|Y =1) p-value
1 0.0 0.880 0.110 0.703 0
2 0.1 0.885 0.140 0.713 0
3 0.2 0.850 0.135 0.712 0
4 0.3 0.885 0.185 0.728 0
5 0.4 0.840 0.230 0.743 0.0002
6 0.5 0.880 0.210 0.736 0
7 0.6 0.890 0.230 0.743 0
8 0.7 0.870 0.310 0.770 6.6e-05
9 0.8 0.935 0.460 0.820 0
10 09 0.905 0.530 0.843 0.0048
11 1.0 0.980 0.790 0.930 0.0001

Table 3: NIAS test for GPT-5.2.

is taken under state “2”. The fifth column is the
constraint on P(A = a | Y = 1) given in Eq. (9).
Finally, the sixth column reports the p-value for
the boundary (least favorable) null hypothesis in
Eq. (10) where under Hy, columns 3 and 5 are
hypothesized to be equal (Dean and Neligh, 2023):

H() : P(A =a | Y = 1) — 4P(A:a|;/:2)+2 (10)
Hi: P(A=a|Y = 1) % ZA=dY=012

Given the zero or near-zero p-values in Table 3,
we reject Hy at 5% significance level across all the
tested environments. Moreover, since P(A = a |
Y = 1) is greater than the constraint on P(A =
a | Y = 1), the results provide evidence that the
NIAS inequality holds across the environments.
As detailed in Table 3 for GPT-5.2, these results
provide empirical evidence that the LLM decision
strategy in changing environments is consistent
with an RI strategy.

By repeating the test for the other three LLMs,
we observe no significant violation of NIAS in any
of these LLMs, indicating a behavior consistent
with an RI behavior in our distorted text classifica-
tion case study.

4.3 Fitting the Extended RI Model to LLLMs
Data to Analyze Interpretability

In this subsection, we use the empirical classifica-
tion data to estimate parameters that characterize
LLMs behavior under text distortion.

First, we model the probability ¢ of hate speech
being hidden by text distortion as a power function
of the text distortion probability p’ as follows:

N o AYe]
Q(p> - mm(a(p) 71)7 (11)
where o > 0,8 > 0 describe the noise environ-
ment.

Let x; = (r/A); > 0 represent the reward-to-
cost ratio for the ¢-th LLM, with » as the reward
level and A as the unit cost of information, such
that ¢ = 1,2,3,4 correspond to GPT-5.2, GPT-
3.5, Gemini-2.5 and Gemini-2.0, respectively. We
estimate the parameters {z1, z2, 23,24, @, 5} by
minimizing the following sum of squared errors
(SSE):

4

SSE:Z

=1 p’€{0,0.1,...,1}

Y A(Y 2
(Pomtect (@,20) = Pt a®))

min
T1,72,23,T4,0,3 (12)

correct

where, Pc(z;)nect(q, x) is the theoretical correct deci-
sion probability of the extended RI model in Eq. (6),
and Pc(sgect’i(p’ ) is the empirical correct decision
probability of the i-th LLM.

We estimate the extended RI model parameters
in MATLAB using the fmincon command and its
interior-point algorithm. To improve robustness
and reduce sensitivity to initial values, we run with
multiple random starting points over the parameter
space and keep the best solution. The resulting

parameter estimates are reported in Table 4.

Param. Est. Param. Est.

TGPT-5.2 1.601  zgpr-35 1.791
TGemini-25 1469 ZTGemini2o 1.171
o 0.556 p 1.042

Table 4: Estimated parameters.

Figure 7 compares the theoretical model with the
estimated empirical correct decision probabilities
of the four LLMs. The close agreement across
all distortion levels indicates that the extended RI
model captures the LLM’s behavior. Moreover,
this consistency suggests potential for predictive
applications such as forecasting LLM performance
under previously unseen noise conditions.
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Figure 7: Correct decision probability of the extended R
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probabilities (red) for different text distortion probabilities p’.

4.4 Comparison of the Rational Inattention
Interpretability Parameters

Fitting the extended RI model to the empirical
LLM data provides a standardized behavioral inter-
pretability metric that goes beyond simple accuracy
scores. We first plot in Figure 8 the theoretical cor-

rect decision probability Pc(sgect (q(®'), (r/N)LLM)
in Eq. (6) to observe the overall performance in
different environments. We note that OpenAI’s
GPT-3.5 and Google’s Gemini-2.0 exhibit the high-
est and lowest accuracy curves, respectively.

A key function of the model is to convert the
performance curve of each LLM into the unit infor-

mation cost Ap 1\ interpretability parameter:

AcpT-3.5 = 0.559 < Agpr5.0 = 0.625 <

(13)
AGemini-2.5 = 0.68 < AGemini-2.0 = 0.85.

The numerical results in Eq. (13) are obtained by
noting that the decision accuracy in Eq. (6) is a
function of the ratio /A and since the prompts are
the same across all LLMs in our data collection
setup, we consider = 1 to calculate A using Ta-
ble 4. A larger A for an LLM means a higher unit
information cost (which can be heuristically con-
sidered as the cost of reading and analyzing the full
input text). Therefore, when making decisions, an

LLM with a higher A pays less attention to the data
to achieve a balance between accuracy and cost,
which in turn results in a lower decision accuracy
for each p/, as seen in Figure 8.

—gptd.5
apts.2
Gemini2.5
Gemini2.0

09r

0.4 . I . . I I
0.4 0.5 0.6 07 0.8 09
p' (distortion rate)

0 0.1 0.2 0.3

Figure 8: Extended RI model performance curves.

Opverall, the rational inattention parameter A pro-
vides a useful metric to quantify the relative perfor-
mance and information-processing efficiency of dif-
ferent LLMs, offering a more concise interpretabil-
ity summary than the accuracy alone.
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4.5 Generalization Across Datasets and Noise
Mechanisms

In this subsection, we present an expanded eval-
uation of the proposed framework by incorporat-
ing additional datasets and a broader set of noise-
generation mechanisms. Building on what we have
developed in the previous subsections and using
the datasets of Kennedy et al. (2020), we extend
the sample size to N = 1000 and examine three
representative noise models. The first is replace-
dominant noise with the weights of [swap, insert,
replace, delete] set to [0.2,0.1,0.6,0.1]. The
second is swap-dominant noise with the weights
[0.5,0.1,0.25,0.15]. The third is equal-probability
noise with the weights [0.25, 0.25, 0.25, 0.25]. We
use these settings to test whether the inferred pa-
rameters and behavioral interpretations remain con-
sistent across different distortion compositions.
The estimated parameters are summarized in Ta-
ble 5. Overall, the unit cost of information parame-
ter A shows only minor changes for a given LLM
across the tested distortion compositions, suggest-
ing that each LLM’s internal decision strategy is
stable under different noisy input structures. Con-
sistent with our findings in the previous subsection,
A exhibits differences across LLMs. For the larger
dataset and diverse noise structures, OpenAl’s GPT-
5.2 has the lowest )\, and Google’s Gemini-2.0 re-
mains to have the highest unit information cost.

Replace Swap Equal

Parameter Dominant Dominant Probability
Noise Noise Noise
AGPT-5.2 0.399 0.3804 0.345
AGPT-3.5 0416 0.461 0.461
AGemini2.,5  0.540 0.518 0.556
AGemini-2.0  0.594 0.589 0.596
e 0.594 0.295 0.439
B 3.06 2.318 2.606

Table 5: Parameters across different noisy settings.

In contrast, the noise parameters « and /3 vary
across the noise settings, reflecting how changes in
the text distortion mechanism affect the hate speech
hiding rate. Taken together, these results support
a useful decoupling: when the noise environment
varies, this change is primarily captured by o and
B, while X is comparatively stable. This separation
helps identify whether the typical decrease in accu-
racy with noise is driven by the noise mechanism
or by the LLM’s internal decision strategy.

5 Conclusion

In this paper, motivated by the rational inatten-
tion decision theoretical concepts and methods, we
study LLM hate speech classification from an input-
output perspective to reduce token costs. By en-
visioning an LLM classifier as a decision maker,
we aim to quantify its attention strategy based on
the observed behavior. To do so, we introduce an
extended rational inattention model that provides a
systematic way to analyze black-box LLM decision
strategies using input-output data, while internal
attention and reasoning details are not observable.

The extended rational inattention model captures
two drivers of LLM decisions: the LLM’s attention
allocation strategy, and the text distortion that par-
tially hides the underlying signal. To evaluate the
proposed framework, we construct multiple envi-
ronments by injecting controlled text noise at dif-
ferent distortion rates and fit the extended rational
inattention model to several LLMs under consis-
tent prompts and comparable settings. The results
suggest that LLMs behaviors under distorted-text
classification are broadly consistent with rationally
inattentive decision outcomes.

Moreover, the estimated unit information cost
A parameter of the model provides a quantita-
tive measure that differentiates attention strategies
across LLMs. Based on our analysis, we have
observed that under the same setting, OpenAl’s
GPT-5.2 and GPT-3.5 products exhibit lower A val-
ues, whereas Google’s Gemini-2.5 and Gemini-2.0
products have higher A values.

Finally, when the distortion composition varies
across different noise mechanisms, the inferred
strategy-related rational inattention parameters for
a given LLM show minor changes, while the noise-
related parameters adjust accordingly. This has a
practical implication for detecting the source of
the performance degradation, by attributing the ob-
served performance changes either to shifts in the
distortion environment or to the differences in the
LLM’s decision strategy.

Limitations

When processing the datasets, we found that query-
ing multiple data points in a single batch can intro-
duce bias, especially under high-noise conditions.
In particular, if an LLM detects one hate speech in-
stance within a batch, it may become more likely to
label other items in the same batch as hate speech
(cross-item contamination). To reduce this effect,
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we batch together items with the same ground-truth
label in our experiments, although other batching
or debiasing strategies could be pursued. In addi-
tion, our current formulation focuses on two-state,
two-action scenarios that can be expanded to multi-
state and multi-action settings, which makes the
model formulation more complex. Moreover, to
include a wider range of real-world text distortions
and variations, the noise models considered in the
paper need to be expanded. Finally, we assume the
reward is equivalent across LLLMs under an iden-
tical prompt; another alternative is to consider the
reward to be provider-dependent, by linking it to
the user’s cost, e.g., token pricing, to obtain one
classification decision.
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