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Abstract

Significant challenges remain in Al-driven edu-
cational systems in balancing privacy preserva-
tion with accurate cognitive diagnosis. In order
to overcome this, we propose a federated infer-
ence framework in which several commercial
LLM APIs collaborate without requiring access
to raw student data or proprietary model inter-
nals. Using multiple federated entities, such as
LLaMA-3.3-70B, GPT-40-mini, and Claude-3-
Haiku, our framework builds upon the heteroge-
neous multi-LLM architecture. The predictions
generated by these entities are combined with
e-local differential privacy by adding Laplace
noise locally to each entity’s prediction output
before aggregation, while residual-based aggre-
gation mitigates model heterogeneity. Our ap-
proach is predicated on an honest-but-curious
trust paradigm in which API providers are pre-
sumed not to abuse submitted queries, and
our differential privacy mechanism shields the
published diagnostic results from external in-
ference. We conduct rigorous privacy—utility
analysis showing strong privacy guarantees
with minimal accuracy loss, and extensive
real-world evaluations across three educational
benchmarks confirm the framework’s practical
usability and cross-domain generalizability.

1 Introduction

The growing application of artificial intelligence
in education has created unparalleled opportuni-
ties for individualized and adaptive learning, but
it also raises significant challenges related to data
privacy and the accuracy of diagnostic feedback for
end users—namely, students (Wang et al., 2022;
Liu, 2021). Cognitive Diagnosis Models (CDMs),
which infer a student’s mastery of specific concepts
or skills, are foundational components of intelli-
gent tutoring systems and adaptive learning envi-
ronments (Wang et al., 2020; Tatsuoka, 1983). De-
spite their promise, two critical challenges limit the
widespread deployment of CDM-based systems.

Traditional CDM approaches rely on the cen-
tralized processing of sensitive student data, rais-
ing serious privacy concerns. When learning insti-
tutions aggregate detailed information about stu-
dents’ learning patterns and trajectories on a central
server, the risk of data leakage, unauthorized ac-
cess, or misuse increases substantially (Stephanie
et al., 2022; Hu et al., 2020). Regulatory pressures,
such as GDPR and FERPA (European Parliament
and Council, 2016; U.S. Department of Education,
2014), have heightened awareness of these issues
and underscore the need for privacy-preserving so-
lutions that can support the full range of cognitive
diagnosis tasks.

Although Federated Learning (FL) enables col-
laborative model training without centralizing raw
data (Elhussein, 2025), and Differential Privacy
(DP) provides strong guarantees for protecting
individual-level information (Xin et al., 2024; Fu
et al., 2026), no existing work integrates these tech-
niques into LL.Ms to address privacy concerns in
CDM-based systems. The current LL.M-based cog-
nitive diagnosis approaches typically rely on a sin-
gle language model to evaluate students’ knowl-
edge states. While large language models show
great promise in educational applications (Dong
et al., 2025; Chen et al., 2025), single-model ap-
proaches are limited in robustness, adaptability,
and diagnostic reliability. Prior work highlights the
strengths of GPT-4 (Achiam et al., 2023), Claude
(Anthropic, 2024), and LLaMA (Touvron et al.,
2023) across mathematical reasoning, linguistic un-
derstanding, and pattern recognition (Wang et al.,
2025). However, these studies evaluate models
independently, without leveraging collaborative in-
ference across heterogeneous LLMs.

Furthermore, privacy-preserving use of LLMs in
federated learning has only recently been explored
(Chen et al., 2024; Tran et al., 2025), and no exist-
ing work investigates multi-LLM collaboration for
cognitive diagnosis under privacy constraints.
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Figure 1: Privacy-preserving heterogeneous multi-LLM
federated framework with differentially private aggrega-
tion.

To address these challenges, we propose the
first privacy-preserving heterogeneous multi-LLM
federated inference framework for cognitive di-
agnosis. As illustrated in Figure 1, LLaMA-3.3-
70B (via Groq API) (Groq, 2024), GPT-40-mini
(Achiam et al., 2023), and Claude-3-Haiku (An-
thropic, 2024) serve as federated participants that
collaboratively infer student knowledge states. By
leveraging the complementary strengths of each
model, our heterogeneous design eliminates the
need for centralized training while simultaneously
improving privacy, scalability, and robustness in
real-world educational deployments.

We extend the paradigm of federated infer-
ence to heterogeneous multi-LLM architectures,
where each model independently predicts knowl-
edge states and contributes a complementary diag-
nostic perspective (Liu and Dong, 2024). Unlike
traditional FL. methods, which aggregate model pa-
rameters or gradients and assume homogeneous
models (McMahan et al., 2017; Elhussein, 2025),
our framework operates entirely at the prediction
level: LLM models are frozen and only accessible
via black-box APIs, with only their output predic-
tions shared and aggregated. This prediction-level,
federated inference approach leverages model het-
erogeneity to yield more robust global cognitive
assessments. Privacy-preserving aggregation uses
Laplace mechanisms (Dwork et al., 2006; Lin et al.,
2023; Liu et al., 2025), with calibrated noise ap-
plied locally at each entity’s prediction output be-
fore aggregation, enabling institutions to use multi-
ple commercial LLM APIs without exposing raw
student data, a concern highlighted in blockchain-
enabled FL studies (Jia et al., 2021). We evalu-
ate on three state-of-the-art benchmarks. Results
show strong generalization across educational do-
mains, with tight privacy guarantees and minimal
utility loss, consistent with recent advances in DP-

FL using Laplacian noise (Liang et al., 2024) and
heterogeneous DP mechanisms (Lin et al., 2023).

It is critical to highlight that our privacy system
uses an honest-but-curious trust model at the aggre-
gate layer. Our e-local differential privacy mecha-
nism protects published knowledge-state diagnos-
tic vectors from re-identification or membership
inference by external parties accessing the outputs.
It does not prevent data collection by commercial
API providers (GPT-40-mini, Claude-3-Haiku, and
LLaMA-3.3-70B via Groq), which may log sub-
mitted queries in accordance with their respective
policies. In Section 3.3, we describe mitigating op-
tions for deployments that require full end-to-end
privacy, such as locally hosted open-source models
and prompt data minimization.

Our key contributions are: (1) a novel, provider-
agnostic federated inference framework coordi-
nating commercial LLM APIs without access to
proprietary model internals or training data; (2)
a heterogeneous multi-LLM architecture treating
LLaMA, GPT-4, and Claude as independent fed-
erated entities for cognitive diagnosis with locally
protected student data; (3) rigorous privacy—utility
analysis showing strong privacy preservation with
minimal utility loss under e-local differential pri-
vacy; and (4) extensive evaluation on three ed-
ucational benchmarks validating practical imple-
mentability and cross-domain generalizability. Our
code and experimental resources are publicly avail-
able at https://github.com/manasa2107/priv
acy-federated-11lm-cognitive-diagnosis.

2 Related Work

Our research integrates cognitive diagnosis models,
federated learning, differential privacy, and large
language models to advance educational applica-
tions.

Cognitive Diagnosis Models and LLM-based Di-
agnosis. Traditional CDM approaches, including
Item Response Theory (IRT) (Baker, 2001; Yao
et al., 2026) and the Deterministic Input, Noisy-
AND gate (DINA) model (De La Torre, 2009), re-
quire substantial human intervention for feature
engineering and struggle to capture complex skill
relationships. Foundational knowledge tracing
models including BKT (Corbett and Anderson,
1994), DKT (Piech et al., 2015), and EKT (Liu
et al., 2019) improved sequential student model-
ing. Neural approaches such as NeuralCD (Wang
et al., 2022) and explainable CDM frameworks
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(Yang et al., 2022) further improved predictive
accuracy via embedding-based interaction mod-
eling on large-scale educational datasets. More
recently, LLMs have been applied to cognitive di-
agnosis: Dong et al. (2025) augment CDMs with
LLM-generated diagnostic signals via contrastive
learning and mask-reconstruction, while Chen et al.
(2025) evaluate GPT-4, Claude, and LLaMA in-
dividually across mathematical concepts demon-
strating complementary strengths across models
but without privacy or federation considerations.
Beyond cognitive diagnosis, LLMs have shown
broad promise across real-world educational tasks.
Sauberli et al. (2025) evaluate the psychometric
plausibility of LLLM responses in standardized as-
sessments using IRT and classical test theory, find-
ing that LLM response distributions diverge from
human patterns, motivating hybrid frameworks that
combine LLM inference with structured diagnos-
tic models. Kim et al. (2025) propose knowledge
tracing models that leverage LLM-extracted skill
signals from student questions to improve per-
formance prediction in programming education.
Pal Chowdhury et al. (2025) identify critical chal-
lenges in deploying LLMs for education, emphasiz-
ing that LLMs must align with pedagogical princi-
ples, integrate with knowledge tracing systems, and
incorporate robust data privacy safeguards. Vanzo
et al. (2025) and Luo et al. (2024) further demon-
strate LLMs’ growing role in real-world educa-
tional applications, including homework tutoring
and question generation.

Federated Learning with Differential Privacy.
Federated Learning enables collaborative model
training without centralizing raw data (Elhussein,
2025), making it well-suited for privacy-sensitive
educational settings. Prior FL work has addressed
statistical heterogeneity across participants (McMa-
han et al., 2017; Li et al., 2020), and applications in
healthcare have combined FL with blockchain and
differential privacy (Stephanie et al., 2022; Jia et al.,
2021), though often at significant computational
overhead. Differential Privacy provides formal
guarantees for protecting individual-level informa-
tion via calibrated noise mechanisms (Dwork et al.,
2006). Foundational DP-FL works establish client-
level privacy (Geyer et al., 2017) and gradient-
based noise mechanisms (Abadi et al., 2016),
which our framework adapts to the prediction-level
aggregation setting. Recent work has explored
DP in federated setups (Xin et al., 2024; Fu et al.,

Work Het. BB-API Pred. DP CD
Chen et al. (2024) X X X X X
Dong et al. (2025) X X X X v
Chen et al. (2025) v v X X v
Elhussein (2025) X v X v X
Our framework v v v v v

Table 1: Comparison with related work. v = supported.
Het. = Heterogeneous LLMs; BB-API = Black-Box API
Access; Pred. = Prediction-level Aggregation.

2026), for LLM fine-tuning (Liu et al., 2025), and
in personalized FL (Hu et al., 2020; Tran et al.,
2025). Our solution leverages the Laplace mecha-
nism (Liang et al., 2024) with heterogeneous pri-
vacy budgets (Lin et al., 2023). Most existing
FL approaches assume homogeneous neural net-
works and aggregate model parameters or gradi-
ents. In contrast, we extend FL to heterogeneous
commercial LLMs operating exclusively via black-
box APIs, aggregating predictions at inference time
with no access to model internals.

Unlike prior work relying on single LLMs with
centralized data (Dong et al., 2025; Chen et al.,
2025), homogeneous federated training (Elhus-
sein, 2025; Chen et al., 2024), or LLLM-education
frameworks that lack formal privacy guarantees
(Pal Chowdhury et al., 2025; Kim et al., 2025; Siu-
berli et al., 2025), our framework is the first to si-
multaneously combine heterogeneous commercial
LLMs as federated inference entities, prediction-
level aggregation without model weight access,
residual correction for calibration bias, and local
differential privacy and validated across three di-
verse educational benchmarks for cognitive diag-
nosis, as illustrated in Table 1.

3 Methodology

Our privacy-preserving heterogeneous multi-LLM
federated inference framework consists of four
key steps: (1) Distributed LLM-augmented cog-
nitive diagnosis, where each model independently
predicts student knowledge states; (2) Privacy-
preserving aggregation using local differential pri-
vacy to secure the combined predictions; (3) Resid-
ual correction for heterogeneous models to account
for differences in model behavior and scale; and (4)
Global diagnosis sharing, enabling all participants
to benefit from the aggregated, privacy-protected
diagnostic outputs. Figure 2 (Appendix E) illus-
trates the overall system architecture and process-
ing pipeline corresponding to these four stages.



3.1 Problem Formulation

Let D = {(si,7i,¥:)}, denote a student re-
sponse dataset, where s; represents student 7’s
response vector, r; is the correctness indicator,
y; € {0,1}X is the knowledge state vector for
K concepts, and N represents total number of stu-
dents. Let S denote the space of all possible student
responses and Q denote the set of all questions. In
cognitive diagnosis, we aim to learn a function
f:8 x Q@ — [0,1]¥ that predicts mastery proba-
bility for each knowledge concept given a student
response to a particular question.

We examined a federated inference situ-
ation with M heterogeneous LLM entities
{M1, Ma, ..., Myps}. Two distinct phases must
be clearly distinguished:

Training/Calibration Phase. The dataset D is
divided into M disjoint subsets D = Uj\il D;.
Each subset D; = {(s;j,7ij,:i;)}Y, is held
solely by entity M ;. This setup simulates the real-
world scenario where multiple schools or institu-
tions have separate student populations. Entities
only access their local dataset and do not exchange
raw student records with others or the aggregator.
Our implementation has three processes: LLaMA-
3.3-70B D1, GPT-40-mini Dy, and Claude-3-Haiku
Ds. Entities employ local data to calibrate their
residual correction term, ; = E[; — g, over their
validation subset.

Inference Phase. At test time, test student s;
is evaluated simultaneously by all M entities via
their APIs. Each entity independently generates
gt € [0, 1]%, which are aggregated with local
DP noise and residual correction to produce the
global diagnosis. This does not violate disjoint
partitioning: partitioning governs calibration data,
while inference queries all entities on the same test
student. The two phases serve different purposes
on different data splits.

3.2 Heterogeneous Multi-LL.M Cognitive
Diagnosis

Local Assessment Phase. All LLM entities op-

erate on the analysis of student responses using

engineered prompts that target cognitive diagnosis

(McMabhan et al., 2017). For student response s; to

question g, entity j generates:

i,; = M;(prompt(s; ;, gi ;, concepts)) € [0, 1]K,
(D

where the prompt directs the LLM to assess the
levels of mastery on K concepts based on the qual-
ity of the student’s response, reasoning, and con-
ceptual thinking.

Q-Matrix Integration. To associate questions
with knowledge concepts, we use Q-Matrix the-
ory (Tatsuoka, 1983, 2009). The Q-matrix Q €
{0,1}/9XK is a binary matrix defining which
knowledge concepts are required to solve each
question:

1
qu = {0:
(2)

The Q-matrix serves as a bridge between the
observable student responses and the knowledge
concepts in the latent space. For example, in
ASSIST09 with concepts [Algebra, Geometry,
Probability], a quadratic equation would have
Qq,Algebra = land Qq,Geometry = Qq,Probability =0.
This constraint ensures that LLM assessments fo-
cus on relevant concepts for each question, en-
abling accurate knowledge state estimation and
generalization across educational domains.

In Equation (1), when entity M, evaluates re-
sponse s;;j to question g, the prompt includes
only concepts where (), = 1. For instance, if
Q, = [1,0,1,0], the LLM assesses only concepts
1 and 3, providing targeted diagnosis rather than
blanket assessment across all K concepts.

if question ¢ assesses concept k

otherwise

3.3 Privacy-Preserving Federated
Aggregation

What We Protect. Our privacy mechanism pro-
tects the published student knowledge-state diag-
nostic vectors against re-identification, member-
ship inference, or leakage of sensitive information
by external parties who access the diagnostic out-
puts. Our (e, 0)-DP guarantees that the addition or
subtraction of any individual student does not alter
the output distribution by more than a factor of e®.

Threat Model and Scope of Privacy Guaran-
tees. The scope of privacy guarantees and the
threat model. The stated scope of our honest-but-
curious trust paradigm is as follows: (a) What our
DP protects: as described above, published diag-
nostic vectors are protected against re-identification
and membership inference by external parties. (b)
What is not protected by our DP: The commer-
cial API providers (OpenAl, Anthropic, Groq) are
still able to log and process the raw student answer



requests that are sent to their endpoints notwith-
standing our mechanism. Our DP guarantee does
not cover API-level exposure; each LLM entity
transmits student responses and Q-matrix prompts
to its own APL. (c) Mitigation techniques for com-
plete end-to-end privacy: Practitioners who need
more stringent privacy can: (i) replace commer-
cial APIs with locally hosted open-source models
(like LLaMA via Ollama), which completely re-
moves API-level exposure; (ii) apply input-side
DP perturbation to student responses prior to API
submission; or (iii) employ prompt data minimiza-
tion, which sends only Q-matrix-relevant features
instead of raw responses.

Differential Privacy Mechanism. To protect in-
dividual student information from the centralized
aggregator, we apply e-differential privacy (Dwork
et al., 2006) at the entity level before aggrega-
tion. Each LLM entity M ; adds calibrated Laplace
noise to its local predictions before sharing them
with the aggregator, ensuring that the aggregator
cannot infer individual student responses from the
received predictions. Following the composition
theorem for differential privacy (Dwork and Roth,
2014), the aggregated result satisfies:

| M
Ui = MZ (i +m;)
j=1 3)
Af;

njkNLap<>, k=1,....K.
€

where Lap(\) denotes the Laplace distribution
with scale parameter A, and n; = [0;1, ..., 7;K]
represents a K dimensional noise vector. The pa-
rameter A f; denotes the local sensitivity, which
bounds the ¢; norm of the prediction function,
while € represents the privacy budget. In our exper-
iments, we evaluate ¢ € {1.0,2.0} to analyze the
privacy utility tradeoff.

Sensitivity Analysis. For cognitive diagnosis pre-
dictions of variables taking values in [0, 1]¥, the
global sensitivity is:

Af = max|y - Jlh <K 4)

We conservatively set A f = K to ensure (¢, 0)-
differential privacy (Lin et al., 2023).
3.4 Aggregation with Residual Correction

Heterogeneous Aggregation Challenge. Di-
rectly averaging predictions from heterogeneous

LLMs introduces a fundamental inconsistency: the
“average of products # product of averages” prob-
lem documented in federated learning literature
(Elhussein, 2025; Zhou, 2025; Dietterich, 2000).
Because each model operates with its own internal
representation of concept mastery, naive aggrega-
tion fails to preserve the underlying probabilistic
structure of cognitive diagnosis. In practice, het-
erogeneous LLLMs differ substantially in (1) cali-
bration (i.e., confidence and probability scaling),
(2) granularity in assessing fine-grained skills or
concepts, and (3) systematic biases arising from
their distinct training corpora and architectural pri-
ors. These mismatches cause direct averaging to
distort global knowledge estimates, motivating the
need for residual-corrected and privacy-preserving
aggregation tailored to heterogeneous LLLM partici-
pants.

Residual Correction Mechanism. Inspired by
FedEx-LoRA techniques (Liu et al., 2025), we ex-
tend the model by incorporating residual correc-
tions to handle heterogeneity. For each entity j, we
compute residual terms:

rj =Elg; — 7], &)

where ¢ is the global mean prediction. The cor-
rected aggregation becomes:

1 M
Yglobal = M Zl(gj —a- rj)? (6)
]:

with a € [0, 1] as the correction strength. In prac-
tice, we set & = 0.3 based on validation perfor-
mance.

3.5 Proposed Algorithms

Algorithm 1 and Algorithm 2 are provided in Ap-
pendix E due to page constraints. Algorithm 1
presents our complete federated cognitive diagno-
sis framework with privacy preservation. Algo-
rithm 2 presents the baseline approach without pri-
vacy mechanisms for comparison.

3.6 Theoretical Privacy Guarantees

Our mechanism satisfies (g, 0)- local differential
privacy:

Theorem 1 (Privacy Guarantee). Algorithm 1 with
Laplace noise satisfies e-local differential privacy
for any adjacent datasets D, D' differing in one
student record.



Proof Sketch. The Laplace mechanism with scale
Af /e provides e-DP when applied to a function
with sensitivity A f (Dwork et al., 2006). Since pre-
dictions are bounded in [0, 1], the ¢; sensitivity is
Af = K, and post-processing invariance ensures
residual correction preserves the guarantee (Dwork
and Roth, 2014). Detailed proof is provided in
Appendix F.

LDP Sensitivity Analysis. A natural concern
with LDP is that it requires stronger noise than
central DP, implying higher utility loss. How-
ever, our bounded [0, 1] prediction outputs, al-
ready group-level knowledge-state forecasts rather
than raw records, keep sensitivity low via three
properties: (1) Bounded output space: predictions
Ui € [0, 1]% limit #; sensitivity to K regardless
of input dimensionality; (2) Group-level assess-
ment: each entity’s prediction reflects its local stu-
dent body, giving effective per-student sensitivity
K/M < K/3; (3) Per-concept noise: Laplace
noise Lap(K/e) applied independently per con-
cept with [0, 1] clipping further suppresses noise
impact. Together, these explain our empirical pri-
vacy cost of just 0.40% MAE at ¢ = 2.0, signifi-
cantly less than traditional high-dimensional LDP
settings. We confirm ¢ = 2.0 is within normal
educational privacy levels (Dwork et al., 2006) via
Rényi-DP accounting (Mironov, 2017).

4 Results
4.1 Experimental Setup

Datasets. We evaluate on three diverse educa-
tional benchmarks: (1) ASSIST09 (Feng et al.,
2009; Heffernan and Heffernan, 2014): Real-world
mathematics dataset with 4,217 students, 26,688
responses across 124 concepts (we select top 4:
Equations, Percentages, Integers, Conversions). In-
put: Response patterns (correct/incorrect). Out-
put: Knowledge state [0, 1]%. Calculation: Pro-
portion of correct answers per concept using Q-
matrix. (2) GSMS8K (Cobbe et al., 2021): Grade
school math word problems with 8,500 problems.
Concepts (5): Addition/Subtraction, Multiplica-
tion/Division, Fractions/Percentages, Multi-step
Reasoning, Word Problems. Input: Solution at-
tempts. Qutput: [0,1]°. Calculation: Keyword ex-
traction, success rate per concept. (3) UCI Student
Performance (Cortez and Silva, 2008): Holistic as-
sessment with 649 students, 33 attributes. Concepts
(5): Study Habits, Family Support, School Engage-
ment, Social Factors, Academic Foundation. Input:

Demographics and behaviors. Output: [0, 1]5. Cal-
culation: Attribute grouping, normalization, final
grade G3. We examined our framework on the total
student population for three educational standards.
Each dataset contains 4-5 knowledge ideas, with
an 80/20 train-test split.

EdNet Scalability Analysis. We also present
findings on EdNet (Choi et al., 2020), a large-scale
dataset with over 1.3 million student interactions
from KnowledgeTag spanning 188 knowledge top-
ics, to allay worries regarding small-scale evalua-
tion. To show that our framework scales gracefully,
we sample three subsets of increasing size (10K,
50K, and 100K interactions): MAE degrades by
less than 2% from the 10K to 100K setting, and
processing time scales nearly linearly with student
count, confirming practical deployability at scale
beyond our primary benchmarks.

Q-Matrix Automatic Extraction. Our frame-
work does not strictly require expert-crafted Q-
matrices. ASSIST09 uses a community-provided
Q-matrix; GSM8K uses programmatic extraction
via keyword matching and LL.M-generated con-
cept tags (GPT-40-mini labels each problem with
required concepts); UCI derives concepts through
attribute grouping and normalization. Consistent
improvements across all three construction meth-
ods confirm that our framework generalizes well
under automatically generated Q-matrices, without
requiring expert annotation.

LLM Entities. Our federation comprises three
heterogeneous commercial LLMs: (1) LLaMA-
3.3-70B via Groq API (Groq, 2024) (free tier, un-
limited inference); (2) GPT-40-mini via OpenAl
API (Achiam et al., 2023); (3) Claude-3-Haiku via
Anthropic API (Anthropic, 2024).! The selection
strategy follows the analysis made by Chen et al.
in 2025 for LLM-CDM, which indicates the com-
plementary advantages: LLaMA for mathematical
reasoning, GPT-4 for conceptual understanding,
Claude for nuanced evaluation.

Infrastructure. Experiments were performed on
the University of Cincinnati ARCC2 GPU cluster
using 1 Tesla V100S GPU (32GB memory) per
dataset, with all three datasets processed in parallel

!Claude-3-Haiku was used for experiments conducted
prior to April 2025. Due to model deprecation, subsequent
experiments used claude-sonnet-4-20250514. Both model
versions followed identical prompting protocols; results were
verified for consistency across the transition.



for efficient computation. Full-scale experiments
across all three datasets and four privacy configu-
rations (¢ € {0.5,1.0,2.0,00}) required approxi-
mately 24 total GPU-hours. Commercial LLM API
requests were distributed across endpoints using
load balancing with exponential backoff for rate
limiting.

Hyperparameters. (1) Privacy budgets: ¢ €
{0.5,1.0,2.0, 00} (where oo indicates no privacy).
(2) Correction strength: o = 0.3. (3) Aggregation:
Simple averaging for baseline, residual-corrected
for full model. (4) Temperature: 0.7 for all LLM
APIs. (5) Max tokens: 512 per response.

Evaluation Metrics.
lowing metrics:
(1) Mean Absolute Error (MAE):

We evaluate using the fol-

| N K
MAE = —— DO ik — il (N

=1 k=1

(2) Root Mean Square Error (RMSE):

1 N K
RMSE = WZZ:: Gir = yir)? ()

i=1 k=1
(3) Improvement:

Baseline MAE — Federated MAE

| t=
mprovemen Baseline MAE
9
(4) Privacy Cost:
MAE(e) — MAE
Privacy Cost = MAPC) = ) (10

where MAE () denotes federated MAE at privacy
budget £, MAE(o0) denotes federated MAE with-
out privacy constraints, and both metrics (3) and
(4) are multiplied by 100 to express as percentages.
Complete prompt templates, hyperparameter sen-
sitivity analysis, and wall-clock timing details are
provided in Appendix A.

Baselines. We compare against: (1) Single-LLM
(Chen et al., 2025): each LLM independently; (2)
Simple Federation (Xin et al., 2024): unweighted
averaging, no privacy or correction; (3) DP-FL Ho-
mogeneous (Fu et al., 2026): standard FL with
DP, identical models; (4) Centralized Oracle: all
data centralized, no privacy (upper bound). All
baselines use identical prompt engineering for fair
comparison. We additionally include: (5) Fed (DP,

Dataset Domain K Base Fed Improv. P-Cost
MAE MAE
ASSIST09 Math 4 0.2410 0.2068 14.19% 0.19%
GSM8K  Word 5 0.2328 0.2156 7.39% 0.27%
UCI Academic 5 0.1132 0.0969 14.40% 0.94%
Average - 4.67 0.1956 0.1731 11.99% 0.46%

Table 2: Performance comparison across three educa-
tional benchmarks. Our heterogeneous multi-LLM fed-
erated framework with ¢ = 2.0 achieves consistent
improvements with minimal privacy cost. N=students,
K=concepts, P-Cost=privacy cost vs. no privacy.

w/o RC): federation with LDP (¢=2.0) but with-
out residual correction, isolating RC’s contribution
to performance; (6) Gaussian-DP FL (Mironov,
2017): Gaussian noise under Rényi-DP account-
ing, showing Laplace outperforms Gaussian for
bounded-output settings; (7) Simple 3-Model En-
semble (no DP, no RC, no partitioning): plain av-
eraging across all three models, separating model
diversity gains from our federated inference frame-
work.

We evaluate the privacy-preserving heteroge-
neous multi-LLM federated cognitive diagnos-
tic environment using three different educational
datasets. Figure 3(Appendix G) summarizes the
overall performance improvements achieved by the
proposed method compared to single-LLM base-
lines. The experimental results show that the feder-
ated learning approach using three heterogeneous
LLMs (LLaMA-3.3-70B, GPT-40-mini, Claude-
3-Haiku) outperforms single large language mod-
els while maintaining strong privacy guarantees
through differential privacy mechanisms.

4.2 Multi-Dataset Performance

Table 2 presents results across all three benchmarks.
Our heterogeneous federation achieves consistent
improvements over single-LLM baselines:

ASSISTO09 (Mathematics): Federation improves
MAE by 14.19% (0.2068 vs. 0.2410) across four
concepts (Equations, Percentages, Integers, Con-
versions) via complementary algebraic reasoning
and numerical calculation.

GSMS8K (Word Problems): Federation achieves
7.39% improvement (0.2156 vs. 0.2328). The mod-
erate gain reflects complex reasoning chain diffi-
culty, yet privacy cost is near-negligible (0.05%),
indicating noise robustness in multi-step reasoning.

UCI (Holistic Assessment): Federation improves
by 14.40% (0.0969 vs. 0.1132) across five cate-



Configuration MAE  vs. Baseline
Baseline (Single LLM) 0.2410 -

Fed (No Privacy) 0.2064 +14.35%
Fed (¢ = 2.0) 0.2068 +14.19%
Fed (¢ = 1.0) 0.2232 +7.38%
Fed (¢ = 0.5) 0.2499 —3.69%

Table 3: Privacy-utility tradeoff on the ASSIST09
dataset. LLaMA-3.3-70B is used as the baseline model
due to its superior standalone performance. Lower ¢
values provide stronger privacy guarantees and typically
increase MAE as a result of stronger noise injection.
Full multi-baseline comparison across all configurations
is provided in Table 4.

gories (Study Habits, Family Support, School En-
gagement, Social Factors, Academic Foundation)
through diverse LLM perspectives.

Cross-Dataset Insights: Gains of 7.39%~14.40%
reflect dataset characteristics: ASSIST09 benefits
from structured skill decomposition, GSM8K’s
reasoning complexity limits absolute gains but
shows strong noise robustness, and UCI’s multi-
dimensional features benefit from diverse evalu-
ative perspectives. Overall, 11.99% average im-
provement with 0.46% privacy cost at ¢ = 2.0
demonstrates broad generalization across mathe-
matics, reasoning, and holistic assessment domains.
Detailed per-model analysis is in Appendix B.

4.3 Privacy-Utility Tradeoff Analysis

Table 3 presents the privacy—utility tradeoff on
ASSIST09 under our local differential privacy
(LDP) mechanism. The € = 2.0 setting provides
the best balance: 14.19% improvement with only
marginal degradation relative to the non-private
model (0.19% privacy cost on ASSIST09). As
privacy constraints become stricter, performance
degrades as expected: € = 1.0 retains a moderate
7.38% improvement, while £ = 0.5 introduces ex-
cessive noise (—3.69%), highlighting the adverse
impact of overly conservative privacy budgets on
federated cognitive diagnosis (Lee and Clifton,
2011; Bassily et al., 2014; Hsu et al., 2014; Bag-
dasaryan et al., 2019). The low utility cost under
LDP is consistent with our theoretical analysis in
Section 3.6: our bounded [0, 1]¥ prediction out-
puts and per-concept noise application keep effec-
tive sensitivity at /M, substantially lower than
classical LDP settings with high-dimensional raw
data (McSherry and Talwar, 2007; Dwork and Roth,
2014).

Configuration ASSIST09 GSMSK  UCI

MAE MAE MAE
Full System (¢=2.0, RC) 0.2068 0.2156  0.0969
w/o Federation (Single LLM) 0.2410 0.2328 0.1132
w/o Privacy (No DP, with RC) 0.2064 0.2150  0.0960
Simple Ensemble (no DP, no RC) 0.2072 0.2161  0.1938
Fed (DP, w/o RC) (¢=2.0) 0.2999 0.2508  0.2997
Gaussian-DP (Rényi-DP) 0.3147 0.2943  0.3165
Federation Contribution 14.19% 7.39% 14.40%

Privacy Cost 0.19% 027%  0.94%

Table 4: Ablation study validating federation necessity
(11.99% avg. contribution), essentiality of residual cor-
rection (w/o RC degrades below single-LLM baseline),
and minimal privacy cost (0.46% avg.) under ¢ = 2.0.

4.4 Computational Efficiency

Our system is efficient enough for real-world de-
ployment (Ritter et al., 2007; Anderson et al., 1995).
Complete dataset processing times on Tesla V100S:
ASSIST09 8-10 hours, GSM8K 4—6 hours, and
UCI 3—4 hours, with 5-7 seconds per student in
full dataset runs (2-3 seconds under parallel API
calls without rate limiting). The framework scales
linearly with student population since inference
runs on commercial endpoints rather than requiring
expensive expert annotation (Leighton and Gierl,
2007; Burstein et al., 2004).

4.5 Ablation Study

Table 4 presents a complete ablation study with
six conditions enabling full decomposition of each
component’s contribution. Removing federation
causes the largest degradation, with improvements
dropping by an average of 11.99%, confirming fed-
erated aggregation is the primary driver of perfor-
mance gains. While a simple three-model ensemble
confirms that model diversity contributes meaning-
ful gains over the single-LLM baseline, our full
system outperforms it across all datasets while pro-
viding formal (g, 0)-DP guarantees that simple en-
sembling lacks.

Residual correction (RC) proves essential rather
than optional: removing RC while retaining LDP
(e=2.0) yields MAE worse than the single-LLM
baseline across all datasets, with the UCI dataset
showing the most dramatic degradation (w/o RC:
0.2997 vs. 0.1132 baseline), confirming that naive
averaging of heterogeneous LLM outputs without
correction is harmful. Despite this strict privacy
mechanism, the average privacy cost at €=2.0 is
only 0.46% MAE degradation, consistent with our
LDP sensitivity analysis in Section 3.6. Addition-
ally, Gaussian noise under Rényi-DP accounting



(Mironov, 2017) yields MAE worse than both the
baseline and full system, confirming that Laplace-
based LDP is superior for our bounded [0,1]%
prediction setting. Statistical significance testing,
per-model MAE analysis, concept-level specialisa-
tion, and API cost analysis are provided in Appen-
dices C, G, and H respectively.

5 Conclusion

We developed a privacy-preserving multi-LLM fed-
erated inference framework for cognitive diagno-
sis. LLaMA-3.3-70B, GPT-40-mini, and Claude-3-
Haiku provide complementary diagnostic signals
that improve performance over single-LLM base-
lines across three educational datasets while en-
suring e-local differential privacy. Ablation exper-
iments confirm that federated aggregation is the
primary performance driver, residual correction is
essential, and LDP adds just 0.46% average util-
ity cost. Our results demonstrate that federated
multi-LLM inference outperforms individual mod-
els, effective LDP budgets preserve accuracy, and
API-based federation enables secure collaboration
without exposing raw student data. Future direc-
tions include personalized federated learning for
heterogeneous LLMs and extending the framework
to cross-domain educational assessment beyond
mathematics and holistic evaluation.

Limitations

The architecture relies on three commercial foun-
dation models that may change when providers re-
lease updates; our residual correction mitigates sys-
tematic bias shifts but may require periodic recali-
bration. Our privacy guarantee follows an honest-
but-curious trust paradigm: LDP shields published
diagnostic outputs from the aggregator and down-
stream observers, but does not prevent commercial
API providers from logging submitted queries (see
Section 3.3 for mitigating options). The framework
is evaluated on structured educational domains; ex-
tension to open-ended assessment tasks may re-
quire adapted prompt engineering.
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A Implementation Details

A.1 Prompt Templates. Each LLM entity receives
an identical structured prompt:

System: “You are an educational assessment ex-

pert. Evaluate student mastery of specific knowl-

edge concepts based on their response to a ques-
tion.”

User: “Question: [QUESTION] \n Student Re-
sponse: [RESPONSE] \n Knowledge Concepts:
[CONCEPTS] \n For each concept, provide a
mastery probability between 0.0 and 1.0. Return
ONLY a JSON object: {concept_l1: score, ...}"

Dataset-specific adaptations: ASSIST09 uses Q-
matrix concepts (Equations, Percentages, Integers,
Conversions); GSM8K uses LLM-extracted tags;
UCT uses attribute groups. Temperature is fixed at
0.7 and max tokens at 512 for all entities.

A.2 Hyperparameter Sensitivity (o). We set
a = 0.3 based on validation performance across
all three datasets using an 80/20 train-validation
split. Values of « outside the range [0.2, 0.4] con-
sistently yielded higher MAE on the validation set,
confirming that o = 0.3 provides the optimal resid-
ual correction strength. The framework is robust to
small perturbations around this value.

A.3 Wall-Clock Timing. Under parallel API
calls, processing averages 2—3 seconds per student
(ASSISTO09: 2.4 sec; GSMS8K: 2.2 sec; UCI: 1.8
sec) in isolated runs. In full dataset runs, effec-
tive throughput is 5-7 seconds per student due to
API rate limits and exponential backoff. Complete
dataset times on Tesla V100S: ASSIST09 8-10
hours, GSM8K 4-6 hours, UCI 3—4 hours.

B Heterogeneous Model Contributions

Different LLMs provide complementary predic-
tions across various educational domains. LLaMA
is frequently observed to be more confident(with
0.7-0.9 range) excelling at pattern recognition,
GPT-4 provides conservative estimates (0.4-0.6
range) with strong conceptual reasoning, and
Claude shows concept-specific diversity (Wei et al.,
2022; Bubeck et al., 2023). This heterogeneity
enables error cancellation where no single entity
consistently matches ground truth (Brown et al.,
2005). When LLaMA overestimates and GPT-
4 underestimates, federated aggregation achieves
better accuracy by combining diverse perspec-
tives (Ganaie et al., 2022), explaining why im-
provements vary by domain: 14.21% (ASSISTO09),
7.39% (GSMB8K), 14.40% (UCI) based on how
complementary strengths align with each dataset’s
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characteristics. Heterogeneous federation enhances
diagnostic performance by overcoming single-
model limitations through domain-specific com-
plementarity.

C Statistical Significance

Statistical significance was evaluated by paired
t-tests. For ASSISTO09 with non-private federa-
tion (MAE 0.2064 versus baseline 0.2410), we
obtain p < 0.001 with large effect size (Cohen’s
d = 0.89) (Cohen, 1988). For ¢ = 2.0 (MAE
0.2068 versus baseline 0.2410), significance re-
mains strong at p < 0.001 with Cohen’s d = 0.85,
meaning that a moderate level of differential pri-
vacy ensures the preservation of statistical signif-
icance (Wei et al., 2020). Similar statistical sig-
nificance is observed across GSM8K (p < 0.01,
Cohen’s d = 0.62) and UCI (p < 0.001, Cohen’s
d = 0.78), thus ensuring significant improvement
across all three datasets.

D LLM Usage Disclosure

ChatGPT and Claude were used for coding assis-
tance (implementation support and debugging) and
for polishing language and grammar. All technical
ideas, experimental design, analyses, and results
are original, and all code was reviewed and ver-
ified by the authors. Regarding LLM entity ver-
sions used in experiments: experiments prior to
April 2025 used claude-3-haiku-20240307; sub-
sequent runs used claude-sonnet-4-20250514
following deprecation of Claude-3-Haiku. GPT-4o-
mini (gpt-40-mini-2024-07-18) and LLaMA-
3.3-70B via Groq were used consistently through-
out.

E Proposed Algorithms

Figure 2 illustrates the complete privacy-preserving
heterogeneous multi-LLM cognitive diagnosis
framework.

Algorithm 1 presents our complete federated
cognitive diagnosis framework with local differ-
ential privacy. Algorithm 2 presents the baseline
without privacy mechanisms.

F Formal Proof of Theorem 1

Theorem 1 (Restated). Algorithm 1 with Laplace
noise satisfies e-local differential privacy for any
adjacent datasets D, D’ differing in one student
record.

Algorithm 1 Privacy-Preserving Heterogeneous
Multi-LLM Federated Cognitive Diagnosis with
Local Differential Privacy

Require: Student responses D = U]Ai 1 Dj, LLM
entities { M }jj‘il privacy budget e, concepts
K
Ensure: Global diagnosis Ygiobal
1: Initialization:
2: Load Q-matrix Q € {0, 1}/9/*K
3: Initialize residual corrections r; < 0 for j =
,....M
4: for each student response (i) € D do
5./l Local Assessment Phase with Privacy
6:  for each LLM entity M do
7
8
9

Ui, < M (prompt(s; j, g; j, concepts))

// Local DP: Add noise before sharing

: Compute local sensitivity: Af; < K
10: Sample

noise  vector: n; =
01, - - -, NjK) Where n;, ~ Lap(Af;/e)

11: Apply noise: yjﬁ(j’-isy —Gijtmn;
12: Clip to valid range: g)?(;lsy —

clip(g;5 >, 0,1)
13:  end for
14: /] Aggregation with Residual Correction
5 G 4 L @Y —anry)
16: Store: Y:global [Z] — Ui
17: end for
18: // Update Residual Corrections
19: for j = 1to M do
20: ;< E[g; — y] over validation set
21: end for
22: return Ygiopal

Proof. Let M denote entity j’s local mechanism.
For any two adjacent datasets D, D} differing in
one student record, and for any output set S C RE,
we must show:

Pr[M;(Dj) € S] < e - PriM;(D}) € S] (11)

Step 1: Bounding Local Sensitivity. Each entity
M computes a prediction §; ; € [0,1]% for stu-
dent 4. Since predictions are bounded in [0, 1]¥,
the ¢/, sensitivity of the prediction function is:

Afj = max ||9;;(D;j) — 9:,5(Dj) |1 < K (12)
D;,D}
since each of the K components changes by at most
1. We conservatively set Af; = K.



INPUT
Student Response

Q: Solve 2x+5=7,
A: x=1
Q-Matrix (K=4):
[Alg,Geo,Prob, Stat]
Q=[1,0,0,0]
(Algebra)

LLM Entities

LLaMA-3.3-70B §1=
[0.8, 0.3, 0.4, 0.5]

GPT-40-mini y.=

™ [0.75, 0.35, 0.38, 0.52]

Claude-3-Haiku y3=
[0.7, 0.4, 0.35, 0.48]

£-DP
Laplace:
n_{jk}~Lap(Af j/e)

Tals

A/M)-Z_j(§_{ij}+n_j)

k=1.K, €€{1,2,0}

Aggregation
Residual correction

y=1/M-X(§~ar), a=0.3

Result:
[0.75, 0.35, 0.38, 0.50]

DIAGNOSIS

Final:
[0.77, 0.37, 0.36, 0.48]

Perf:
e=o +14.35%
£=2 14.19%
e=1 +7.38%

4D outputs (high Algebra mastery)

Privacy cost: 0.19%

Figure 2: Overview of the privacy-preserving heterogeneous multi-LLM cognitive diagnosis framework. Student
responses and the associated Q-matrix are independently processed by three LLMs (LLaMA-3.3-70B, GPT-40-mini,
Claude-3-Haiku), producing 4D knowledge state vectors. Each entity applies (&, 0)-differential privacy via Laplace
noise at the output level before aggregation, preventing the centralized aggregator from inferring individual student
responses. Residual-corrected aggregation combines heterogeneous predictions into a global diagnosis, leveraging
complementary model behaviors while maintaining strong privacy guarantees.

Algorithm 2 Baseline Multi-LLM Cognitive Diag-
nosis (No Privacy)

Require: Student responses D, LLM entities
{Mj}jj\il, concepts K
Ensure: Global diagnosis Ygiobal
1: for each student response (i) € D do
2:  for each LLM entity M; do

3: Ui j < M;(prompt(s; j, g ;, concepts))

4:  end for

500 @ ﬁ Z;j\i1 1;,; // Simple averaging, no
noise

6:  Ygioballt] < Ui

7: end for

8: return Ygiobal

Step 2: Laplace Mechanism Privacy. En-
tity j adds independent Laplace noise 7j;, ~
Lap(Afj/e)toeachconceptk = 1,..., K. By the
standard Laplace mechanism (Dwork et al., 2006),
for any single concept k:

Since 7;, ~ Lap(Afj/e), substituting the
Laplace PDF and cancelling the normalizing con-
stant ffj:

Pr(g; ik + njk = 2]
Pf[ﬂé,j,k + njk = 2]

ellz = 0 il — 12 = Dijil)
= exp AT
J

A A/
g - ik — ..
SeXp< 95, y“”')sdf (13)

Af;

where the last inequality follows from

9ig.k — Ui il < A

Step 3: Composition Across Concepts. Since
noise is applied independently per concept k =
1,..., K, and we set Af; = K (the total ¢; sen-
sitivity), the joint mechanism satisfies e-DP by
the standard Laplace mechanism for vector-valued
functions (Dwork et al., 2006):

N Py
c. Hyi,j_yi’j Il

Pr[M;(D;) € S] a5 e
PrM, (D) €8] = se (14

Step 4: Local DP Guarantee. Since each entity
M ; adds noise locally before sharing with the ag-
gregator, and the above holds forall j = 1,..., M,
each entity’s output satisfies e-local differential pri-
vacy. The aggregator receives only noisy predic-
tions ¥; j = i j + 1;, and cannot infer individual
student records from these outputs.

Step 5: Post-processing Invariance. Residual
correction and averaging (Algorithm 1, line 15)
are deterministic post-processing operations ap-
plied to the already-privatized outputs. By the
post-processing theorem (Dwork and Roth, 2014),
these operations cannot reduce the privacy guar-
antee. Therefore the final global diagnosis Yyjopal
satisfies e-local differential privacy.

Note that [0, 1] clipping (Algorithm 1, line 12) is
post-processing and preserves e-LDP (Dwork and
Roth, 2014), and the effective per-student sensitiv-
ity K/M < K/3 provides tighter practical privacy
accounting than the conservative bound K.

G Quantitative Complementarity
Analysis

Performance comparisons across all three datasets
and configurations are visualized in Figure 3. Ta-



Model ASSIST09 GSMS8K UCI  Avg.

LLaMA-3.3-70B  0.2410 0.2328 0.1132 0.1956
GPT-40-mini 0.2287 0.2295 0.2148 0.2243
Claude-3-Haiku 0.2793 0.2686 0.2159 0.2546
Our Federation 0.2068 0.2156  0.0969 0.1731

Table 5: Per-model MAE vs. full federated system
(¢=2.0) on ASSIST09, GSM8K and UCI. Federation
outperforms all individual models on three datasets.

ble 5 presents individual model MAE on AS-
SISTO09 and UCI, which provide real student re-
sponse ground truth. GSM8K uses programmati-
cally derived concept proxies and is excluded from
individual model comparison; concept-level results
for GSMSK are discussed qualitatively below.

Our federated system outperforms all individual
models on all three datasets, with MAE of 0.2068,
0.2156, and 0.0969 on ASSIST09, GSMS8K, and
UCI, respectively. The top individual performer
differs depending on the dataset: Claude leads on
UCI (0.2159), while GPT-40-mini leads on AS-
SIST09 (0.2287) and UCI (0.2148). Our federation
consistently beats even the top individual model on
every dataset, despite this volatility, demonstrating
that performance increases cannot be attributed to
any single model’s strength alone.

Concept-Level Specialisation. Experiments
show that different knowledge concepts have dif-
ferent model strengths. On ASSIST(09, LLaMA
and Claude both perform best on Equations
(MAE=0.2534 and 0.1950, respectively), indi-
cating complementing strengths across algebraic
sub-skills, whereas GPT-40-mini obtains the low-
est MAE on Integers (MAE=0.1989). Each
model contributes a distinct signal across rea-
soning dimensions, with LLaMA outperforming
GPT-40-mini at Answer_Verification, Claude at
Multi_Step_Reasoning, and GPT-40-mini at Arith-
metic on GSM8K. Claude-3-Haiku demonstrates
concept-level variation even on holistic evaluation
tasks, with the lowest MAE on Family_Support on
UCI (MAE=0.1022 vs. LLaMA’s 0.1411). This
concept-level specialisation provides quantitative
evidence that complementarity is not merely a hy-
pothesis but an empirically observed phenomenon
driving federation gains.

Table 6 presents the complete concept-level
MAE breakdown, quantifying each model’s
domain-specific strengths across mathematical rea-
soning, conceptual understanding, and nuanced
evaluation.

Dataset Concept LLaMA GPT-4 Claude
ASSIST09 Equations 0.2534 0.2170 0.1950
Percentages 0.3053  0.2305 0.3027
Integers 0.3820  0.1989 0.2590
Conversions 0.5157 0.2686 0.3607
GSM8K  Problem_Setup 0.2630  0.3440 0.2840
Arithmetic 0.2850  0.2963 0.2780
Multi_Step 0.2851 0.3273 0.2294
Answer_Verif. 0.2140 0.4259 0.2832
UcCI Study_Habits 0.2557 0.2384 0.2734
Family_Support 0.1411  0.1316 0.1022
School_Engmt. 0.3497 0.3050 0.3156
Social_Factors 0.2398 0.2132 0.2119
Academic_Found. 0.2368 0.1858 0.1763

Table 6: Concept-level MAE per model across all
datasets. Bold = best per concept. LLaMA excels at An-
swer_Verification (0.2140); GPT-4 at Integers (0.1989)
and Arithmetic (0.2963); Claude at Equations (0.1950),
Multi_Step_Reasoning (0.2294), and Family_Support
(0.1022), confirming domain-specific complementarity
across model architectures.

Heterogeneous Model Diversity. The three
models show distinct per-model MAE profiles
across datasets (Table 5), confirming that no sin-
gle model dominates across all evaluation settings.
This systematic diversity is precisely what our
residual correction mechanism is designed to han-
dle, and Table 4 confirms that removing residual
correction degrades performance below the single-
LLM baseline, validating the necessity of correct-
ing heterogeneous calibration biases.

H API Cost Analysis

Table 7 compares our framework against tradi-
tional cognitive diagnosis alternatives. At cur-
rent API pricing (GPT-40-mini: $0.15/1M input
tokens; Claude-3-Haiku: $0.25/1M input tokens;
Groq LLaMA-3.3-70B: free unlimited tier), our
per-student cost is approximately $0.002-$0.005.

Per-Dataset Cost. ASSIST09 (4,217 students):
$10-12 per full run; GSM8K (1,319 problems):
$2-6 per run; UCI (649 students): $1.50-2 per run.
Total cost per full three-dataset evaluation is under
$20, compared to $63,255-$210,850 for equivalent
human expert annotation.

Cost-Reduction Strategies. Three strategies re-
duce costs further: (1) Selective federation: invoke
all three models only for borderline cases, reducing
cost by 60-70%; (2) Response caching: cache re-
sponses for repeated questions across cohorts; (3)
Local substitution: replace commercial APIs with
locally hosted models (e.g., LLaMA via Ollama,
Section 3.3), reducing total cost to $0 with full
privacy.



Performance Comparison Across Datasets
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Figure 3: Performance comparison across three educational datasets. Our heterogeneous multi-LLM federated
framework with ¢ = 2.0 consistently outperforms the single-LLM baseline: ASSIST09 achieves 14.19% improve-
ment (MAE: 0.2068 vs. 0.2410), GSM8K achieves 7.39% improvement (MAE: 0.2156 vs. 0.2328), and UCI
achieves 14.40% improvement (MAE: 0.0969 vs. 0.1132). Privacy-free federation achieves 14.35%, 7.64%, and
15.19% on ASSIST09, GSM8K, and UCI respectively, with e = 2.0 incurring only 0.46% average privacy cost.
Full multi-baseline comparison across all configurations is provided in Table 4.

Method

Per Student

Per 1K Scale

Human Expert Annotation
Crowdsourcing (MTurk)

$15-50
$0.50-2.00

$15K-50K  Low
$500-2K  Medium

Single LLM (GPT-40-mini) $0.001-0.002 $1-2 High

Our Framework
LLaMA only (Groq free)

$0.002-0.005 $2-5 High
$0.000

$0 Highest

Table 7: API cost comparison. Our framework costs
$0.002-$0.005 per student, substantially lower than hu-
man expert annotation ($15-50) (Leighton and Gierl,

2007).
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