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Abstract

Services powered by large language models
(LLMs) provide powerful text generation ca-
pabilities, but accessing sensitive user inputs
raises serious privacy concerns. Trusted Exe-
cution Environments (TEEs) provide a secure
computation environment, enabling sensitive
inputs to be safely processed. However, di-
rectly deploying high-capacity LLMs in TEEs
is often prohibitively expensive due to com-
putation and memory constraints. To recon-
cile privacy, efficiency, and generation quality,
we propose CoTrust, a privacy-preserving col-
laborative inference framework that combines
LLMs with small language models (SLMs) in-
side TEE. CoTrust uses multiple de-identified
views to let the LLM produce a consensus scaf-
fold capturing answer reasoning without ex-
posing private information, which the SLM
then grounds in the full input to generate the
final response. Experiments on multiple ques-
tion answering and summarization benchmarks
show that CoTrust approaches the performance
of unconstrained LLMs, outperforms existing
privacy-preserving baselines, and maintains
strong privacy protection, while remaining effi-
cient in a TDX-based TEE implementation.

1 Introduction

Large language models (LLMs) (Brown et al.,
2020; Touvron et al., 2023; Zhang et al., 2022)
have rapidly become core components of modern
AI systems, powering personal assistants, produc-
tivity tools, and domain-specific applications in
areas like healthcare, finance, and software engi-
neering (Li et al., 2025; Yang et al., 2024). In
real-world deployments, LLM-powered services
process user inputs that frequently contain privacy-
sensitive information, such as personally identifi-
able information (PII), proprietary business data,
or domain-specific records. The processing of such
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Figure 1: A collaborative inference framework: An
SLM processes user inputs inside TEE to preserve pri-
vacy, while an LLM outside the trust boundary operates
on a privacy-filtered view to harness its powerful capa-
bilities.

inputs during inference inevitably introduces signif-
icant privacy risks. Therefore, ensuring the privacy
of user inputs is essential for the safe and trustwor-
thy deployment of LLM-based services.

Trusted execution environments (TEEs) (Alves,
2004; Intel Corporation, 2021; McKeen et al.,
2013) provide a hardware-based isolation mech-
anism that guarantees the confidentiality and in-
tegrity of data and computations. Unlike traditional
cryptographic techniques or access control policies,
TEEs allow sensitive information to be processed
directly in plaintext within a secure environment,
offering strong privacy protection. Despite these
advantages, TEEs are inherently constrained in
memory and computational throughput, which lim-
its the size and complexity of models that can be
executed entirely within the TEE. Therefore, de-
ploying modern LLMs with billions of parameters
inside a TEE to provide powerful services remains
impractical. These limitations pose a fundamen-
tal challenge: how can one leverage the powerful
capabilities of modern LLMs while still fully pre-
serving the privacy of sensitive user inputs?

Addressing this challenge is non-trivial. Existing
approaches often protect sensitive information by
masking or obfuscating portions of the input (Chen
et al., 2023; Shen et al., 2024; Qiang et al., 2023) be-
fore sending private inputs to the LLM. Although
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such methods reduce privacy exposure, they in-
evitably sacrifice some valuable information from
user inputs, which compromises the generation per-
formance of LLMs. To resolve this tension, we
propose a novel collaborative framework as illus-
trated in Figure 1: a small-scale language model
(SLM) within the TEE processes the full input to
preserve sensitive information, while a larger LLM
outside the trust boundary operates on a privacy-
filtered version to exploit its powerful reasoning
and generation capabilities. In this way, our frame-
work preserves the full-fidelity content of user in-
puts while simultaneously leveraging the powerful
capabilities of larger LLMs. In this paradigm, the
key challenge is how to orchestrate the SLM inside
the TEE, which has full access to user inputs, with
the large LLM outside the TEE, which possesses
powerful capabilities but operates on a privacy-
filtered version, to achieve efficient, high-quality,
privacy-preserving collaborative inference.

To address this challenge, we introduce CoTrust,
a privacy-preserving collaborative inference frame-
work that decouples access to sensitive information
from high-capacity reasoning and generation. The
key idea of CoTrust is to let the external LLM
produce a de-identified scaffold that captures high-
level reasoning and answer structure, while dele-
gating all privacy-sensitive instantiation to a TEE-
resident SLM with full access to the original input.
To obtain such a scaffold without exposing pri-
vate information, CoTrust provides the LLM with
multiple de-identified views of the same private
input, encouraging the LLM to generate comple-
mentary candidate references under privacy con-
straints. These references are then canonicalized
and induced into a single consensus scaffold that
distills the LLM’s generative capability and retains
strong priors over the answer’s structure and rea-
soning across diverse de-identified views. Finally,
this scaffold is brought back to the TEE and used
to guide the SLM to regenerate the final answer
by following the scaffold’s reasoning cues while
grounding them in the full-fidelity private input.

Extensive experiments demonstrate that CoTrust
delivers high generation quality under strict privacy
constraints, closely approaching direct LLM infer-
ence while keeping all sensitive information con-
fined within the TEE. CoTrust is resource-efficient
in a TDX-based TEE implementation; it signifi-
cantly reduces the overhead of running a full LLM
within the TEE, while incurring only modest la-
tency and memory overhead compared to the SLM-

only baseline. Comprehensive privacy evaluations
demonstrate that CoTrust preserves strong resis-
tance to privacy-content extraction, offering pri-
vacy protection comparable to single-masking ap-
proaches while enabling cross-model collaboration.

2 Background and Related Work

2.1 Trusted Execution Environments

Trusted Execution Environments (TEEs) provide
hardware-enforced isolation that protects sensitive
code, data, and computation from external adver-
saries, including compromised operating systems
and privileged software. This isolation establishes
a trusted execution boundary in which memory con-
tents and control flow are inaccessible to untrusted
software. Beyond isolated execution, modern TEEs
secure the full data lifecycle. Sensitive inputs can
be delivered through secure communication chan-
nels that ensure confidentiality and integrity during
transmission, and once inside the TEE, memory
encryption and access control prevent host-side in-
spection or tampering (Gu et al., 2025). TEEs also
support remote attestation, enabling external par-
ties to verify the integrity of the trusted execution
before provisioning secrets or private inputs.

Widely deployed TEE implementations include
Intel SGX (McKeen et al., 2013), ARM Trust-
Zone (Alves, 2004), AMD SEV/SEV-SNP (AMD,
2016), and Intel TDX (Intel Corporation, 2021;
Cheng et al., 2024). In particular, TDX provides
transparent memory encryption, strong isolation
from the host and VMM, and hardware-backed
attestation (Zhan et al., 2025), extending confi-
dential computing to full virtual machines known
as Trusted Domains. Despite these strong guar-
antees, TEEs impose strict constraints on mem-
ory and computation, making it impractical to ex-
ecute full-scale LLMs inside the trust boundary.
Prior works (Zhang et al., 2024d; Shen et al., 2022;
Hashemi et al., 2021) primarily use TEEs to pro-
tect lightweight DNN inference or sensitive data,
leaving open the challenge of securely leveraging
high-capacity LLMs without exposing private in-
puts—an issue our work directly addresses.

2.2 Privacy Protection for User Inputs to
LLMs

A common paradigm for protecting input privacy
to LLMs is content sanitization, where sensitive
spans are first detected—using predefined patterns,
rule-based systems, or lightweight classifiers—and
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then obfuscated through masking, substitution, or
anonymization. Representative techniques (Chen
et al., 2023; Shen et al., 2024; Qiang et al., 2023)
include lexical token masking, pseudonymization,
learned anonymization–deanonymization pipelines,
and perturbation mechanisms inspired by local dif-
ferential privacy (Yue et al., 2021). These methods
are simple and practical, and have been widely
adopted in real systems. However, such methods
may provide limited protection: they often pre-
serve enough contextual and structural cues for
adversaries to infer sensitive information, and may
miss domain-specific semantic nuances. Moreover,
researchers go beyond simple substitution and ex-
plore structural transformations that incorporate
perturbation, collaborative candidate selection, and
hierarchical inference (e.g., embedding the query
among decoys (Yao et al., 2024), providing mul-
tiple candidate tokens (Zhang et al., 2024b), or
separating public and private prompt components
via device-cloud inference (Zhang et al., 2024a))
to balance privacy and usability better. Despite
their practicality, these methods may generalize
poorly across tasks, over-sanitize prompts, and dis-
card critical semantic cues, significantly degrading
LLM response quality.

2.3 Collaborative Inference between LLMs
and SLMs

Collaborative inference between LLMs and
SLMs (Yao et al., 2022; Lv et al., 2022; Gu et al.,
2024) has emerged as a promising approach to com-
bine the high reasoning capacity of LLMs with the
efficiency and personalization of SLMs (Labrak
et al., 2024; Xiang et al., 2023). By jointly leverag-
ing LLMs and SLMs, these methods can accel-
erate inference, adapt to local contexts without
sacrificing generation quality. Most existing ap-
proaches (Lin et al., 2025; Zhang et al., 2024c;
Yu et al., 2024) focus on device–cloud scenarios,
where LLMs reside in the cloud and SLMs operate
at the mobile/edge device to provide low-latency,
task-specific processing. While effective for perfor-
mance optimization, these designs typically focus
on optimizing the generation quality or efficiency,
which limits their applicability in privacy-sensitive
contexts. In contrast, CoTrust considers a TEE
scenario, where all sensitive input processing oc-
curs on a TEE-resident SLM, and the LLM only
accesses de-identified views and provides genera-
tion guidance for the SLM. This setup enables the
SLM to ground its generation in the full-fidelity

private input, while still benefiting from the LLM’s
guidance. By doing so, CoTrust achieves privacy-
preserving cross-model collaboration, combining
the advantages of LLM reasoning and SLM ef-
ficiency without exposing sensitive data. To the
best of our knowledge, this is the first work to en-
able privacy-preserving LLM–SLM collaboration
in TEE settings, providing both high-quality gener-
ation and strong privacy guarantees.

3 Threat Model and Goal

We consider a deployment setting where user in-
put may contain sensitive or personally identifiable
information (PII). The SLM, PII detection and de-
identification logic within the TEE are assumed to
be fully trusted. Only de-identified inputs produced
from TEE are sent to the external environment via
a secure communication channel. The external
environment hosting the LLM is treated as honest-
but-curious: it executes inference faithfully, but
may attempt to inspect or extract sensitive informa-
tion from any artifacts observable outside the TEE.
Under this threat model, our goal is to enable col-
laborative inference between an SLM deployed in
the trusted environment and an LLM deployed in an
untrusted environment, such that private user inputs
can be processed efficiently with privacy protection
while still achieving high generation quality.

4 Methodology

4.1 Overview
CoTrust orchestrates collaborative inference be-
tween an SLM within a TEE and an LLM deployed
in an external untrusted environment, so that private
user inputs can be fully utilized while still benefit-
ing from the LLM’s strong generative capabilities.
Inside the TEE, CoTrust transforms each private
input into multiple complementary de-identified
views, each masking sensitive entities in a different
yet valid manner while preserving different subsets
of non-sensitive semantics. These de-identified
views are sent to the external LLM, which inde-
pendently generates candidate references. Since
the views mask entities differently, the candidate
references contain view-specific placeholders and
are not directly aligned. CoTrust brings them back
to the TEE, reconciles them into canonicalized ref-
erences, and returns these to the external LLM,
which induces them into a consensus de-identified
scaffold. This scaffold distills the LLM’s strong
generative capabilities across diverse views into a
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User Trusted Execution Environment (TEE) External Untrusted Environment

User Query: Alice, a data
engineer, is attending the
PyData workshop in our
Washington office in
January. Suggest what Alice
should bring and prepare.

View 1: [Jasper], a data engineer, is
attending the PyData workshop in our [Cindy]
office in [July]. Suggest what [Jasper]
should bring and prepare.

View 2: [NAME_0], a data engineer, is
attending the PyData workshop in our office
in [LOC_0] in [DATE_0]. Suggest what
[NAME_0] should bring and prepare.

Mask 1

Mask 2

LLM Output 2: [NAME_0] should bring all
workshop materials. Since the trip is to
[LOC_0], they should also consider packing
weather-appropriate clothing in [DATE_0].

LLM Output 1: [Jasper] should bring a
laptop, charger, notebook, and any
workshop materials, and prepare PyData-
related resources.

LLM

SLM

Canonicalized Scaffold: [PERSON] should
bring a laptop, charger, and workshop
materials, and prepare relevant PyData
resources. Also consider packing suitable
clothing for [LOC]'s weather in [DATE].

Demasked Scaffold: Alice should bring a
laptop, charger, and workshop materials,
and prepare relevant PyData resources.
Also consider suitable clothing for
Washington's weather in January.

Consensus Scaffold Induction

Demask

Output: Alice should bring a
laptop, charger, and any
materials for the PyData
workshop, and review the
agenda in advance. Since the
workshop is in Washington
office in January, also pack
warm clothing for local cold
weather.

Output: Alice should bring a
laptop and workshop materials.

Scaffold-Guided 
Generation

Direct Generation

❷

❶

❸

❹

❺

De-Identified 
LLM Inference

Figure 2: Overview of CoTrust. The SLM within TEE processes full private input. The external LLM contributes
reasoning and generation on de-identified views; outputs are induced into a consensus and privacy-preserving
scaffold to guide final answer generation.

coherent, privacy-preserving reference. Finally, the
scaffold is instantiated with the private entities and
combined with the raw user input to guide the SLM
in the TEE to produce the final answer. In this way,
CoTrust allows the LLM to contribute rich genera-
tive capability, while all privacy-sensitive content
is processed strictly within the TEE. A schematic
overview of CoTrust is shown in Figure 2.

4.2 Multi-View De-Identified LLM Inference
When a user submits a private input, it often con-
tains sensitive information such as names, organi-
zations, or locations. To leverage the external LLM
outside the TEE, a straightforward approach might
be to simply mask these entities using an off-the-
shelf masking strategy before sending the input to
the LLM. However, a single fixed masking policy
is often brittle: it may discard different subsets of
task-relevant non-sensitive semantics (e.g., entity
roles, temporal cues, and discourse relations), and
can also behave inconsistently on ambiguous men-
tions (e.g., masking Washington as a person name
in one context but as a location in another), leading
to unstable and lower-quality LLM outputs.

To overcome this challenge, CoTrust first per-
forms Multi-View De-Identified Input Construction.
Inside the TEE, for each private user input x, it ap-
plies multiple masking or transformation functions
{T (1), . . . , T (K)} to construct several complemen-
tary de-identified views of the input:

v(k) = T (k)(x), k = 1, . . . ,K. (1)

Each T (k) masks sensitive entities in a different yet

valid manner, while preserving distinct subsets of
non-sensitive semantics. For example, one view
may replace name Alice with a generic type token
([NAME_0]), while another may use consistent
pseudonyms (Jasper) to better preserve conversa-
tional roles. During this process, the TEE records
a de-identification mapping M that links each PII
span e in x to its masked form Mk(e) in each view:

Mk(e) = v(k)(e), k = 1, . . . ,K. (2)

These multiple views are safely transmitted to
the external LLM for De-Identified LLM Inference,
which treats each view v(k) independently and pro-
duces a candidate reference for each:

r(k) = LLM(v(k)), k = 1, . . . ,K. (3)

From the LLM’s perspective, it is akin to reading
several drafts of the same narrative, each preserv-
ing different non-sensitive cues while never expos-
ing the underlying private content. This naturally
produces a diverse set of candidate references, cap-
turing different lines of reasoning or highlighting
complementary information about the input.

4.3 Consensus Scaffold Induction

The Multi-View De-Identified LLM Inference stage
produces a set of candidate references that collec-
tively contain rich but fragmented knowledge about
the user’s private input. However, these references
are not comparable or combinable. Because each
de-identified view obfuscates entities differently,
the resulting outputs refer to the same underlying
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entities using incompatible placeholders. For in-
stance, the same person Alice may appear as Jasper
in one reference and as NAME_0 in another. A
natural strategy is to bring these references back
into the TEE and let the SLM directly induce multi-
ple references after demasking to produce the final
answer. However, we empirically find that this is
ineffective due to the limited capacity of the SLM.
In practice, the SLM struggles to effectively recon-
cile inconsistencies across multiple references and
to synthesize a high-quality response.

Therefore, CoTrust turns to the external LLM for
reference induction, as it is substantially more ca-
pable of synthesizing multiple candidate references
into coherent and high-quality guidance. However,
directly inducing the references r(k) outside the
TEE is not straightforward. Because the references
are generated from different de-identified views,
they use view-specific placeholders and encode in-
compatible representations of the same underlying
entities. Without resolving these inconsistencies
through Cross-view Entity Canonicalization, the ex-
ternal LLM cannot reliably identify entities across
references, which undermines effective induction.

Crucially, Cross-view Entity Canonicalization
requires access to the de-identification mapping,
which is privacy-sensitive and must remain inside
the TEE. CoTrust therefore separates canonical-
ization from induction: it first uses the TEE to
reconcile view-specific placeholders into a shared
canonical masking space, producing canonicalized
references. These references are then sent to the
external LLM for Canonical-view Scaffold Induc-
tion, which can effectively aggregate them and in-
duce a single consensus de-identified scaffold S: a
canonical reference that distills the LLM’s strong
generative capability across diverse de-identified
views and turns the LLM’s output diversity into a
single coherent and informative reference template.

4.4 Scaffold-Guided Private SLM Inference
In the final stage, CoTrust returns to the TEE to
produce the final answer. By this point, the exter-
nal LLM has distilled its high-capacity reasoning
and generation into a de-identified scaffold S, but
instantiating private identities remains a critical
step that must be performed within the TEE. Ac-
cordingly, CoTrust brings S back into the TEE and
deterministically instantiates it using the canonical
de-identification mapping maintained within the
TEE. This yields a privacy-aware scaffold Spriv, in
which all placeholders are resolved to their original

entities without exposing any privacy beyond the
TEE boundary. The TEE then pairs Spriv with the
original full-fidelity private input x and feeds them
jointly to the TEE-resident SLM:

ŷ = SLMTEE(x, S
priv). (4)

Crucially, the SLM is not asked to perform high-
level reasoning on its own. Instead, it follows the
scaffold distilled by the external LLM, using it as
a strong prior over the answer’s organization and
reasoning, while leveraging direct access to the
full-fidelity private input to inject the correct user-
specific details. In this way, CoTrust confines all
privacy-sensitive instantiation and refinement to the
TEE, while allowing the external LLM’s genera-
tive capability to shape the final response indirectly.
At no point are concrete identities or sensitive at-
tributes revealed outside the trust boundary.

5 Experiments

Dataset. We evaluate CoTrust on four datasets
that naturally contain privacy-sensitive informa-
tion. Specifically, we use MedQA (Jin et al., 2020)
and the Stanford Question Answering Dataset
(SQuAD) (Rajpurkar et al., 2018) for question
answering (QA), and SAMSum (Gliwa et al.,
2019) and DialogSum (Chen et al., 2021) for dia-
logue summarization. These datasets involve per-
sonal names, locations, and other identifiable enti-
ties, making them suitable for evaluating privacy-
preserving inference under realistic conditions.

Models and Masking Methods. We report re-
sults under three mixed-scale SLM/LLM pairings:
Qwen3-4B (SLM) with Qwen3-8B (LLM) (Yang
et al., 2025), Ministral-3B (SLM) with Ministral-
8B (LLM) (Mistral AI, 2025), and Llama-3.2-
3B (SLM) with Llama-3.1-8B (LLM) (Grattafiori
et al., 2024). We set K=2 and apply two widely
used off-the-shelf masking tools within the TEE:
Spacy (Honnibal et al., 2020) and Presidio (Mi-
crosoft, 2018), to identify privacy-sensitive spans
and apply de-identification transformations.

Evaluation Metric. We evaluate CoTrust from
three perspectives: generation quality, efficiency,
and privacy protection. For generation evaluation
on QA tasks, we report Accuracy, Recall, and F1
for MedQA. For SQuAD, we report Exact Match
(EM) and F1 following prior work (Rajpurkar et al.,
2018). For summarization tasks, we use Qwen3-
Max (Qwen Team, 2025) as an LLM-as-a-judge to
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Method
MedQA SQuAD DialogSum SAMSum

Accuracy Recall F1 EM F1 QM-Score QM-Score
Qwen3-4B/8B

SLM-Only 58.29 58.07 58.37 45.93 56.71 5.802 5.894
Single-Masked-LLM 58.44 58.58 58.52 49.64 59.64 5.904 5.549
Multi-Masked-LLM 60.69 61.17 61.05 47.46 56.48 6.106 5.747
LLM-Guided-SLM 60.42 59.84 59.93 42.07 51.87 5.974 6.003
LLM-w/o-Mask 62.84 62.82 62.93 51.81 62.84 6.008 6.098
CoTrust (ours) 61.51 61.27 61.40 54.68 63.75 6.144 6.077

Ministral-3B/8B
SLM-Only 54.42 54.46 54.15 60.08 66.74 5.932 6.049
Single-Masked-LLM 59.23 59.04 58.77 55.13 61.83 5.872 5.623
Multi-Masked-LLM 59.94 59.75 59.47 63.93 71.87 5.864 6.031
LLM-Guided-SLM 59.07 59.01 58.50 56.46 62.70 6.126 5.997
LLM-w/o-Mask 61.74 61.53 61.56 62.71 69.53 6.126 6.330
CoTrust (ours) 60.02 59.82 59.49 68.22 74.48 6.168 6.110

Llama3.2-3B/3.1-8B
SLM-Only 53.02 53.07 53.03 42.62 47.85 5.246 5.601
Single-Masked-LLM 56.64 55.63 56.22 36.60 43.50 5.301 5.477
Multi-Masked-LLM 57.19 56.12 56.70 43.92 49.60 5.486 5.438
LLM-Guided-SLM 57.42 56.77 57.22 42.48 51.55 5.794 5.660
LLM-w/o-Mask 59.78 59.17 59.62 45.87 50.72 5.542 5.880
CoTrust (ours) 57.89 57.20 57.66 45.63 50.99 5.826 5.698

Table 1: Generation quality comparison across multiple QA and summarization tasks. CoTrust consistently
outperforms privacy-preserving baselines and achieves performance close to, or even surpassing, the unmasked
LLM upper bound. We bold the best result and underline the second.

measure summary quality, denoted as QM-Score
(on a 1–7 scale). For efficiency evaluation, we
measure Peak TEE memory Footprint and End-to-
End Inference Latency. For privacy protection eval-
uation, we use Qwen3-Max as both the privacy-
content extractor and evaluator of privacy protec-
tion to quantify leakage risks using Extract Success
Rate (ESR) and Privacy Protection Score (PPS).

Baselines. We consider four privacy-preserving
baselines that strictly satisfy the privacy constraints,
where no raw private information is ever exposed
to the LLM outside the TEE. (1) SLM-Only: the pri-
vate user input is fed into the SLM inside the TEE,
and the SLM directly generates the final output. (2)
Single-Masked-LLM: the private user input is first
masked by a specific masking algorithm, and the
privacy-filtered input is sent to the LLM for genera-
tion. The LLM output is demasked inside the TEE
and directly returned as the final answer. (3) Multi-
Masked-LLM: the private user input is first masked
by multiple masking algorithms, and the derived
multiple de-identified views of the input are pro-
cessed independently by the LLM. The LLM then
induces these outputs into a single de-identified
response, which is demasked and returned as the
final answer. (4) LLM-Guided-SLM: the private
user input is first masked by a specific masking al-

gorithm, and the privacy-filtered input is sent to the
LLM for generation. The resulting LLM output is
treated as a hint to guide the SLM in generating the
final response within the TEE. In contrast, we also
include: (5) LLM-w/o-Mask: the private user input
is directly sent to the LLM for generation without
any masking or protection. While this setting is
expected to achieve the best generation quality in
theory, it fundamentally violates the privacy con-
straints. We therefore include it only as an oracle
upper bound for performance comparison.

We provide more details of datasets in Ap-
pendix B, models in Appendix C, system config-
urations, experimental setups as well as evalua-
tion metrics in Appendix D, and prompts in Ap-
pendix E.

5.1 Generation Quality Evaluation

We evaluate the generation quality of CoTrust on
both QA and summarization tasks under three
SLM/LLM pairings, comparing against five base-
lines. As shown in Table 1, across all datasets,
CoTrust consistently outperforms existing privacy-
preserving baselines and achieves performance
closest to the oracle upper bound LLM-w/o-Mask.

Compared with the privacy-preserving baselines,
CoTrust delivers the best results in most settings. It
substantially outperforms SLM-Only, demonstrat-

21428



Method Latency (s) Memory (GB) F1 EM
LLM-in-TEE 32.49 21.92 62.84 51.81
SLM-Only 15.65 10.85 56.71 45.93
CoTrust (ours) 21.47 10.97 63.75 54.68

Table 2: Efficiency comparison on SQuAD using the
Qwen3-4B/8B pairing. We report end-to-end inference
latency (seconds per input) and peak TEE memory foot-
print (GB), as well as their F1 and EM scores.

ing that de-identified collaboration with an exter-
nal LLM effectively compensates for the limited
capacity of small models. Compared to masked
LLM baselines (both single- and multi-masked),
CoTrust yields higher task performance, indicat-
ing that masking alone—regardless of granular-
ity—fails to preserve sufficient task-relevant infor-
mation. In addition, CoTrust consistently surpasses
LLM-guided SLM, showing that the scaffold in-
duced from multi-view guidance is more effective
than single-view LLM guidance. Overall, the re-
sults demonstrate the effectiveness of CoTrust in
enabling collaborative inference between large and
small language models under privacy constraints.

Relative to the oracle LLM-w/o-Mask, CoTrust
incurs only a small performance gap on most bench-
marks, despite never exposing raw private inputs
outside the TEE. In some cases—particularly on
SQuAD and DialogSum—CoTrust even surpasses
LLM-w/o-Mask. We attribute this to the multi-
view de-identification and scaffold induction mech-
anism: exposing the LLM to multiple complemen-
tary privacy-filtered views can reduce spurious cor-
relations and encourage robust generation, whereas
directly feeding raw inputs may amplify noise or
overfit to sensitive but task-irrelevant details.

Overall, these results show that CoTrust achieves
near-oracle generation quality while strictly pre-
serving privacy, outperforming existing privacy-
preserving inference approaches across both QA
and summarization tasks.

5.2 Efficiency Evaluation
We evaluate the efficiency of CoTrust on SQuAD
using the Qwen3-4B/8B pairing. We report two
practical efficiency metrics: end-to-end inference
latency (seconds per input) and peak TEE memory
footprint (GB), both of which are measured inside
a TDX-based TEE implementation. We compare
CoTrust with two representative privacy-preserving
alternatives: (i) hosting the LLM inside the TEE
for inference, and (ii) an SLM-Only inference fully
within the TEE.

As shown in Table 2, directly hosting the LLM

within the TEE is highly resource-intensive, with
32.49s latency and 21.92GB memory footprint. By
contrast, CoTrust achieves a substantial reduction
in computation and resource usage, with a latency
of 21.47s and a peak memory footprint of 10.97GB,
corresponding to a 33.92% reduction in latency and
a 49.96% reduction in memory usage. Compared
with the SLM-Only setting, CoTrust introduces a
modest latency overhead (21.47s vs. 15.65s) while
maintaining nearly identical memory usage (10.97
GB vs. 10.85 GB). Importantly, this slight increase
in latency is offset by a marked improvement in
generation quality, as demonstrated in the F1 and
EM scores (63.75 vs. 56.71, 54.68 vs. 45.93).
These results indicate that CoTrust offers a practi-
cal efficiency–quality trade-off: it avoids the pro-
hibitive costs of running a full LLM in the secure
environment while preserving the strong generation
quality enabled by collaborative inference.

5.3 Privacy Protection Evaluation
CoTrust relies on multiple de-identified views to
guide the external LLM, while keeping all sensitive
information fully inside the TEE. All computations
inside the TEE are assumed to fully protect sen-
sitive information. To ensure that this multi-view
strategy does not compromise privacy, we evalu-
ate the potential leakage from the masked texts
generated by CoTrust, comparing them against
single-mask baselines (Spacy and Presidio). Fol-
lowing prior work (Ma et al., 2025), we employ
Qwen3-Max both as a privacy-content extractor
and as an evaluator of privacy protection, report-
ing three widely used metrics: Privacy Protection
Score (PPS; higher is better), Extraction Success
Rate (ESR; lower is better), and Privacy Enhance-
ment E∆ (higher is better), computed as the differ-
ence between the privacy content ratio and ESR.

The results shown in Table 3 demonstrate that,
across all datasets, CoTrust consistently achieves
high PPS and low ESR, staying close to the single-
masking baselines. On QA tasks (MedQA and
SQuAD), CoTrust maintains a PPS above 0.82
with an ESR below 2%. A similar trend is ob-
served on summarization benchmarks (DialogSum
and SAMSum), where CoTrust consistently yields
PPS values around 0.90 and ESR values around or
below 1.35%. Compared to single-mask baselines,
CoTrust incurs only a minor absolute reduction in
PPS, ranging from approximately 0.003 to 0.045
in most cases, while the increase in ESR remains
limited, typically within 0.03% to 0.4% across dif-
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MedQA SQuAD DialogSum SAMSum
Method

PPS↑ ESR(%)↓ E∆ (%)↑ PPS↑ ESR(%)↓ E∆ (%)↑ PPS↑ ESR(%)↓ E∆ (%)↑ PPS↑ ESR(%)↓ E∆ (%)↑
Spacy 0.8251 1.47 7.07 0.9059 1.65 18.12 0.9111 0.56 6.04 0.9236 1.09 16.56
Presidio 0.8678 1.73 6.81 0.8715 1.83 17.94 0.9035 0.73 5.87 0.9169 1.06 16.59
CoTrust 0.8222 1.76 6.78 0.8617 1.93 17.84 0.8979 0.95 5.65 0.9117 1.35 16.3

Table 3: Privacy protection performance of CoTrust compared with single-mask baselines (Spacy and Presidio).

SQuAD-EM SQuAD-F1
CoTrust 54.68 63.75
Single-Mask LLM 42.07 51.87
Single-Mask LLM + TTS 50.43 58.91
w.o. Canonicalization 49.84 58.76
Single-Candidate Scaffold 50.87 59.67
Induction with SLM 48.68 58.19
w.o. Scaffold 45.93 56.71
Multi-Candidate Scaffold 53.62 61.67

Table 4: Ablation results on SQuAD with Qwen3-
4B/8B. Removing or modifying any stage of CoTrust
(multi-view LLM inference, scaffold induction, or
scaffold-guided SLM inference) results in noticeable
drops in EM and F1, confirming that all stages are es-
sential for high-quality, privacy-preserving inference.

ferent tasks. The resulting privacy enhancement
metric E∆ decreases by less than 0.4% in most
cases, indicating that the overall privacy leakage
risk remains largely unchanged. Overall, these re-
sults suggest that CoTrust does not significantly
compromise privacy preservation comparable to
single-masking methods, while enabling higher
generation quality.

5.4 Ablation Study
Table 4 reports ablation results on SQuAD with
Qwen3-4B/8B, designed to isolate the contribu-
tion of each stage in our framework. The full
CoTrust achieves the best performance (54.68%
EM / 63.75% F1), while all ablated variants ex-
hibit clear degradation, indicating that the three
stages are complementary and jointly necessary for
high-quality privacy-preserving inference.

Effect of Multi-View De-Identified LLM In-
ference. We first replace multiple masked views
with a single masked input to the LLM (Single-
Mask LLM). This leads to the most severe degra-
dation (–12.61% EM / –11.88% F1), suggesting
that a single masked view is brittle and fails to
capture sufficient task-relevant semantics under pri-
vacy constraints. We further test whether test-time
scaling (TTS) can compensate for the lack of multi-
view diversity. Although TTS (Single-Mask LLM +
TTS) improves over the single-mask setting, it still

underperforms the full CoTrust by a large margin
(–4.25% EM / –4.84% F1). These results indicate
that scaling alone cannot replace the structured di-
versity provided by multiple de-identified views.

Effect of Consensus Scaffold Induction. Next,
we study the effect of how the scaffold is induced
from LLM outputs. Directly inducing a scaffold
from unaligned candidates (w.o. Canonicalization)
significantly degrades performance (49.84% EM
/ 58.76% F1), indicating that canonicalization is
critical for stabilizing downstream reasoning. Re-
placing consensus induction with selecting a single
candidate as the scaffold (Single-Candidate Scaf-
fold) yields only marginal improvement (50.87% /
59.67%), suggesting that relying on any individual
LLM output is unreliable. Finally, moving the in-
duction process into the SLM (Induction with SLM)
further degrades performance (48.68% / 58.19%),
highlighting the necessity of LLM-level reasoning
for robust scaffold construction.

Effect of Scaffold-Guided Private SLM Infer-
ence. Removing the scaffold entirely (w.o. Scaf-
fold) results in a substantial performance drop
(–8.75% EM / –7.04% F1), demonstrating that the
scaffold provides essential structure and hints for
the SLM under limited capacity. Simply feeding
multiple LLM candidates to the SLM without con-
sensus induction (Multi-Candidate Scaffold) par-
tially recovers performance but still falls short of
the full system (–1.06% EM / –2.08% F1). This
confirms that the benefit of the scaffold stems not
from raw candidate diversity, but from a distilled
and aligned representation.

6 Conclusion

We present CoTrust, a framework enabling
LLM–SLM collaboration under strict privacy con-
straints. By combining multi-view de-identified
LLM scaffolds with TEE-based SLM inference,
CoTrust delivers high-quality generation across
QA and summarization tasks, outperforms exist-
ing privacy-preserving baselines, and approaches
unconstrained LLM performance. Its TDX-based
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implementation demonstrates practical efficiency,
while privacy evaluations confirm strong protection
of sensitive information.
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Limitations

First, CoTrust relies on PII detection to iden-
tify privacy-sensitive spans before constructing de-
identified views. Although we employ multiple
complementary masking strategies (multi-view de-
identification) to reduce brittleness compared with
a single-masking method and our privacy protec-
tion experiments empirically demonstrate effective
protection (low ESR and high PPS), the overall
privacy guarantee can still be impacted by detec-
tion errors (e.g., missed or misclassified spans) or
domain-specific PII patterns that are not well cov-
ered by the detector. Improving the robustness of
PII detection and masking under diverse domains
remains an important direction. Second, our threat
model assumes the TEE as the trusted computing
base (TCB) and does not consider side-channel at-
tacks that may compromise TEEs. While some
side-channel attacks may threaten TEE confiden-
tiality (Yuan et al., 2025, 2024; Qiu et al., 2019),
mitigating such vectors is orthogonal to our focus
on privacy-preserving collaborative inference and
is out of scope for this paper.

Ethical Considerations

Our work aims to enable high-quality, privacy-
preserving LLM inference by ensuring that privacy-
sensitive input content remains inside the TEE
while still benefiting from the strong generation ca-
pability of LLMs outside the trust boundary. In our
privacy protection evaluation, CoTrust achieves a
low Extract Success Rate (ESR) and a high Privacy
Protection Score (PPS), suggesting that sensitive
information is difficult to recover from the content
exposed outside the TEE under the threat model
considered in this paper. Besides, we conduct
our evaluation on public datasets and open-source
models, and do not collect, store, or release any
real user inputs or proprietary private data, thereby
demonstrating effectiveness without introducing
additional disclosure risk.
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A Algorithm of CoTrust

The overall workflow of CoTrust is summarized in
Algorithm 1.

B Dataset Details

We evaluate CoTrust on four widely used NLP
benchmarks covering question answering and sum-
marization tasks. In addition to their task diversity,
these datasets naturally contain privacy-relevant
information (e.g., person names, organizations, lo-
cations, demographics, and health-related narra-
tives), making them suitable for evaluating privacy-
preserving LLM inference. Furthermore, we ensure
all datasets and models are utilized following their
original licenses and intended purposes. Table 5
reports summary statistics for all datasets.

MedQA. MedQA (Jin et al., 2020) is a multiple-
choice QA benchmark derived from professional
medical exam questions (e.g., USMLE (Jin et al.,
2020)). Each instance typically presents a clini-
cal vignette and asks the model to choose the best
answer among four options, capturing clinically
grounded reasoning. Such vignettes often include
patient-centered details (e.g., age, symptoms, med-
ications, and clinical history), which can constitute
sensitive or quasi-identifying information in real
deployments. We use the standard test split in our
experiment (Vals AI, Inc., 2025).

SQuAD. The Stanford Question Answering
Dataset (SQuAD) (Rajpurkar et al., 2018) is a
reading comprehension benchmark built from
Wikipedia passages, where answers are spans from
the provided context. Because Wikipedia articles
frequently contain named entities (e.g., persons,
places, organizations) and other identifying de-
scriptions, masking these contexts while preserv-
ing answer fidelity can be non-trivial in practice.
In our experiments, we use the standard SQuAD
v2.0 dev split (Rajpurkar, 2025), which contains
total 11,873 questions from 1,207 contexts; it com-
bines the 5,928 answerable questions in SQuAD1.1
with over 5,945 unanswerable questions written
adversarially by crowdworkers to look similar to
answerable ones.

DialogSum. DialogSum is a large-scale bench-
mark for dialogue summarization research. It con-
tains conversations drawn from many everyday con-
texts, reflecting how people communicate across
a broad range of real-world situations. The di-

alogues cover diverse topics such as school and
work, medication and shopping, leisure activities,
and travel. They also represent varied interac-
tion settings, including exchanges between friends
and coworkers as well as customer–service conver-
sations (Kaggle, 2025). Dialogues often involve
privacy-sensitive information (e.g., family, travel,
work, and healthcare-related discussions) and may
include explicit personal references (names, rela-
tionships, ages, and other biographical cues). We
use the test split for evaluation.

SAMSum. SAMSum Corpus (Gliwa et al., 2019)
is an English dialogue summarization dataset con-
sisting of messenger-style conversations paired
with human-written abstractive summaries. It con-
tains roughly 16k chat dialogues (Hugging Face,
2019) created by linguists to mimic everyday mes-
saging behavior, featuring diverse registers (infor-
mal to formal) and realistic chat phenomena such
as slang, emoticons, and typos. Dialogues include
explicit speaker names, and each reference sum-
mary is written in the third person as a concise
description of the main events in the conversation.
These characteristics make SAMSum well-suited
for evaluating privacy-preserving summarization,
as dialogue-style inputs commonly involve identi-
fiable entities and personal-context cues that must
be protected while maintaining faithful generation.
We use the standard test split in our experiments.

C Model Details

Qwen3-4B/8B: A pair of dense Transformer-
based language models released by Alibaba
Cloud (Alibaba Group, 2025) under the Qwen3
series (Yang et al., 2025). Both models support
a native 32K context window, and some variants
further enable longer-context inference via RoPE-
scaling techniques (e.g., YaRN). The Qwen3 fam-
ily also exposes a unified interface for thinking
/ non-thinking inference modes to balance multi-
step reasoning quality and response latency. In our
evaluation, the Qwen3-4B model serves as the TEE-
resident SLM for efficient private inference, while
the 8B model offers stronger instruction follow-
ing and reasoning capacity for generating higher-
quality references in collaborative inference.

Ministral-3B/8B. We use Ministral-3B and
Ministral-8B, a lightweight model family released
by Mistral AI (Mistral AI, 2025; Jiang et al., 2023)
that targets strong performance below 10B parame-
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Algorithm 1: Workflow of CoTrust
Input: Private input x; PII detector Detect; PII Transformations {T (k)}Kk=1; LLMGPU; SLMTEE

Output: Final answer ŷ

// Step 1: Multi-View De-Identified LLM Inference
1 m← Detect(x) /* TEE: Detect PII spans/types */
2 for k ← 1 to K do
3 (v(k),Mk)← T (k)(x,m) // TEE: Multi-View De-Identified Input Construction

4 M← {Mk}Kk=1 // TEE: Form initial de-identification mappings

5 {r(k)}Kk=1 ← LLMGPU({v(k)}Kk=1) // GPU: Batched De-Identified LLM Inference

// Step 2: Consensus Scaffold Induction
6 for k ← 1 to K do
7 r̃(k) ← Canonicalize(r(k),m,M) // TEE: Cross-view entity canonicalization
8 UpdateM // TEE: Update de-identification mappings

9 S ← InduceLLM(LLMGPU, {r̃(k)}Kk=1) // GPU: Canonical-view scaffold induction

// Step 3: Scaffold-Guided Private SLM Inference

10 Spriv ← Demask(S,M) // TEE: Recover Entities in S

11 ŷ ← SLMTEE(x, S
priv) // TEE: SLM Inference for the final answer

12 return ŷ

Dataset Task Description Samples

MedQA QA Medical multiple choice 1273
SQuAD QA Extractive QA 11873
SAMSum Summ. Conversation 819
DialogSum Summ. Dialogue 500

Table 5: Statistics of datasets used in our evaluation.

ters with efficient inference. The Ministral models
support up to a 128K-token context window, al-
though the effective usable length may vary across
deployments depending on system and kernel sup-
port. The 8B variant is reported to adopt an atten-
tion design optimized for long-context efficiency
(e.g., sliding-window or interleaved patterns), im-
proving speed and memory usage on long inputs.
In our setting, Ministral-3B serves as the TEE-
resident SLM, while Ministral-8B is deployed as
the GPU-hosted LLM to provide stronger genera-
tion quality in collaborative inference.

Llama-3.2-3B/Llama-3.1-8B: We use Llama-
3.2-3B as the SLM and Llama-3.1-8B as the LLM,
both released by Meta (Meta Platforms, Inc., 2025)
under the Llama family (Grattafiori et al., 2024).
The models support long-context inference (up to
a 128K-token context window in common config-
urations) and provide strong instruction-following
and multilingual capabilities. Notably, this pairing
spans two different series within the same model
family; we include it to examine whether CoTrust
can enable effective collaborative inference even
when the SLM and LLM come from different
Llama releases rather than a strictly matched series.
The Llama-3.2-3B model is suitable for resource-

constrained environments, while the larger Llama-
3.1-8B model provides stronger generation and rea-
soning ability for producing higher-quality refer-
ence outputs.

Qwen3-Max. Qwen3-Max is an API-served
model released by the Qwen team as the flagship
model in the Qwen3 series (Qwen Team, 2025). It
is designed to provide strong instruction following,
reasoning, multilingual understanding, and agent-
oriented capabilities at scale. In our evaluation, we
use Qwen3-Max as a unified LLM-as-a-judge to
compute QM-Score for both summarization and
QA outputs, complementing token-overlap metrics
by providing a semantic quality assessment. In
addition, we use Qwen3-Max in the privacy protec-
tion experiments as both an adversarial extractor
and a privacy protection evaluator. Specifically,
given only artifacts observable outside the TEE
boundary (e.g., de-identified inputs and interme-
diate outputs), it attempts to reconstruct sensitive
entities to measure the Extraction Success Rate
(ESR), and it further produces a model-based Pri-
vacy Protection Score (PPS).

D Evaluation Details

Experiment Platform. We conduct experiments
on a host with an Intel Xeon Silver 4514Y CPU
(32 cores) and 128 GB DDR5 memory. The system
is equipped with an NVIDIA GeForce RTX 4090
GPU (24 GB) connected through a PCIe 4.0 x16
interface. The host runs Intel’s customized Linux
kernel (Linux 6.8.0-1022-intel) optimized for TDX
optimization, while the TDX guest (TD) runs
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Linux 6.8.0-71-generic and is launched through
qemu. The TD is configured with 8 vCPUs and
64 GB private memory.

Generation Hyperparameters. For response
generation with both LLMs and SLMs, we gen-
erate outputs using greedy decoding (sampling dis-
abled; do_sample=False, num_beams=1) with
the other generation hyperparameters following
each model’s default generation_config.

Accuracy, Recall and F1 metric for MedQA.
MedQA is a four-way multiple-choice benchmark
with label space {Y } = {A,B,C,D}. We report
Accuracy, macro-Recall, and macro-F1. Accuracy
is computed as the fraction of questions for which
the predicted option matches the gold answer. For
Recall and F1, we first compute per-class recall and
F1 for each option c ∈ {Y } by treating c as the pos-
itive class and the remaining options as negative.
We then average over the four classes to obtain
macro-Recall and macro-F1, respectively, so that
each answer option contributes equally regardless
of class frequency.

EM and F1 metrics on SQuAD. We follow the
standard SQuAD evaluation protocol (Rajpurkar
et al., 2018) and report Exact Match (EM) and
token-level F1. Let norm(·) denote the official
normalization that lowercases text, removes punc-
tuation and articles, and collapses whitespace. For
a prediction â and a set of reference answers A,
EM is defined as

EM(â,A) = max
a∈A

I[norm(â) = norm(a)] .

For token-level F1, let T (·) map a normalized
answer string to a bag of tokens, and let | · | denote
token counts with multiplicity. For a reference a,
define the token overlap o(â, a) = |T (â) ∩ T (a)| ,
then

P =
o(â, a)

|T (â)| , R =
o(â, a)

|T (a)| , F1(â, a) =
2PR

P +R
,

and the per-question score is maxa∈A F1(â, a).
For SQuAD v2.0, unanswerable questions are eval-
uated by including the empty string as a reference
answer when applicable.

E Prompt Details

Prompts designed for Multi-View De-Identified
LLM Inference, Consensus Scaffold Induction and

Scaffold-Guided Private SLM Inference are out-
lined in Figure 3, 5 and 4, respectively. Prompts
used for Privacy-Content Extraction and Privacy
Protection Evaluation with Qwen3-MAX are de-
picted in Figure 6 and 7.
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Prompt

You are a precise extraction model for reading comprehension.
Your goal is to extract the answer from the Context as a **concise text span**.

**Strict Instructions:**
1. Extract the **exact text fragment** from the Context. Do NOT write full sentences.
2. Do NOT add explanations or extra words.
3. If the answer is not present, return "unanswerable".
4. Output MUST be a valid JSON object.

**Example:**
Context: "The Eiffel Tower is located in Paris, France."
Question: "Where is the Eiffel Tower?"
JSON Output: {{ "answer": "Paris, France" }}

**Task:**

**Context:**
{context}

**Question:**
{question}

**JSON Output:**

Figure 3: Prompts for De-Identified LLM Inference.

Prompt

You are a model participating in a SQuAD (Stanford Question Answering Dataset) style reading
comprehension task.
Your task is to provide the most accurate and concise answer to a question based on a provided
text passage. You have received expert feedback to help improve your answer.

**Expert Tips to Follow:**
{tips}

**Context:**
{context}

**Question:**
{question}

**Your Task:**
Provide a new, improved answer. The answer MUST be a concise fragment extracted directly from
the context. If the answer cannot be found, your answer should be the single word: "unanswerable".

**New, Improved Answer:**

Figure 4: Prompts for Scaffold-Guided Private SLM Inference.
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Prompt

You are a senior editor and fact-checker for the SQuAD task.

Your goal is to synthesize the best possible answer from two candidate answers provided by
different AI assistants.

**Context:**
- The context and answers may contain abstract placeholders (e.g., ’[PERSON_1]’).
- Answer A and Answer B were generated by the same powerful model but based on slightly
different masked versions of the context.

**— Start of Content —**

**Context:**
{context}

**Question:**
{question}

**Answer A:**
{answer_A}

**Answer B (Placeholders Unified):**
{answer_B}

**— End of Content —**

**Your Task:**
Review both Answer A and Answer B. Your goal is to produce a new, final answer that is the most
accurate and concise, combining the best elements of both. If one is already perfect, use it. If both
are flawed, derive the correct answer from the context. If the question is unanswerable, respond
with "unanswerable".

**Synthesized Answer:**

Figure 5: Prompts for Canonical-view Scaffold Induction.
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Prompt

You are an expert in text reconstruction for SQuAD-style QA data.
Below are TWO masked versions of the SAME concatenated string:
1. The CONTEXT passage appears first.
2. Then ALL QUESTIONS for that context appear afterwards, in order.
Sensitive information has been replaced with placeholder tags like [DATE_1], [GPE_2],
[PERSON_3], etc.

Your task:
Reconstruct the original concatenated string as accurately as possible by replacing these
placeholders with plausible, contextually appropriate words or phrases. You MUST not delete any
placeholders directly.

Important:
1. Keep sentence structure EXACTLY the same.
2. REPLACE each placeholder with a plausible value, based on context from either version! Never
delete the placeholder.
3. Do NOT ask for any unmasked original text. You only have the two masked versions below.
4. Do NOT invent new facts not supported by the text. Only restore what is likely missing from
context.
5. Use BOTH versions jointly: if one version reveals information that the other masks, use the
revealed information.
6. Do NOT add/remove/reorder questions. Do NOT merge or split sentences. Only replace
placeholders with words/phrases.

Return ONLY the reconstructed concatenated string, with no extra explanation and no JSON.

Here are the two masked versions:
SpaCy Masked:
{spacy_masked_concat}

Presidio Masked:
{presidio_masked_concat}

Reconstructed concatenated string:

Figure 6: Prompts for Data Reconstruction with Qwen3-Max on SQuAD.
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Prompt

You are an expert in privacy protection evaluation for protecting SQuAD-style QA data.
You will see:
1. The ORIGINAL concatenated string (context first, then all questions)
2. SpaCy masked concatenated string
3. Presidio masked concatenated string

Task:
Give a Privacy Protection Score in [0, 1] (float).

Interpretation:
1.00 = Excellent privacy protection: identifying details are effectively removed; re-identification
risk is very low.
0.00 = No privacy protection: the masked text still reveals sensitive details almost completely.

Consider:
1. Identifiers in BOTH the context and the appended questions (names, precise dates, locations,
IDs, rare specifics).
2. Whether masked details can still be trivially inferred from the remaining text (lower score).
3. Consistency and coverage of masking across the whole concatenated string.

Original:
{original_concat}

SpaCy Masked:
{spacy_masked_concat}

Presidio Masked:
{presidio_masked_concat}

Return your answer as a JSON with the privacy protection score between 0.0 and 1.0. Return
without extra explanation. Example: {{"score": 0.85}}

Your response:

Figure 7: Prompts for Privacy Protection Evaluation with Qwen3-Max on SQuAD.
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