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Abstract

While large language models (LLMs) have
exhibited remarkable performance across di-
verse natural language processing tasks, their
inherent propensity to generate hallucinations
poses a critical challenge to reliable deploy-
ment in high-stakes scenarios. Existing hallu-
cination detection methods often rely on static
single-layer representations or aggregated fea-
tures across all layers, which often fail to cap-
ture fine-grained factual inconsistencies and
thus exhibit limited generalization capability.
To address this limitation, this paper proposes
TemHal (Temporal Hallucination Detector),
a novel detection framework that models the
cross-layer evolutionary trajectory of internal
representations.! Specifically, TemHal tracks
the dynamic representational progression of
key factual tokens across selected intermediate
MLP activations and employs a bidirectional
temporal modeling network to identify repre-
sentational patterns that differentiate factually
consistent outputs from hallucinated ones. Ex-
tensive experimental results demonstrate that
the proposed method achieves consistent per-
formance improvements across multiple main-
stream model architectures and diverse bench-
mark datasets, while also exhibiting robust
cross-dataset generalization across multiple
LLM backbones. Furthermore, ablation studies
validate the contribution of each architectural
component and confirm the importance of tem-
poral modeling and intermediate-layer focusing
for detection performance.

1 Introduction

Large language models (LLMs) have demonstrated
substantial proficiency across a broad spectrum of
natural language processing tasks (Brown et al.,
2020; Hoffmann et al., 2022; Chowdhery et al.,
2023). Nevertheless, these models remain suscepti-
ble to hallucinations—instances where LLMs gen-

!Code and evaluation results are available at: https://
github.com/Origamizyq/TemHal

erate responses that appear plausible but are fac-
tually incorrect or contextually disconnected (Li
et al., 2025). This inherent limitation impedes their
deployment in high-stakes domains, such as scien-
tific research (Moores and Zuin Zeidler, 2025) and
medical diagnosis (Kim et al., 2025), where output
reliability is paramount. Consequently, develop-
ing robust hallucination detection mechanisms is
imperative to facilitate rigorous confidence assess-
ments of model outputs.

Various hallucination detection methods have
been proposed, which can be broadly categorized
into three paradigms: (1) consistency-based ap-
proaches (Kuhn et al., 2023), which assess reli-
ability by quantifying agreement across multiple
stochastic generations; (2) external-knowledge-
based approaches (Dipta and Ferraro, 2025;
Wanner et al., 2025; Upravitelev et al., 2025),
which verify factual correctness by corroborat-
ing model outputs against retrieved external ev-
idence; and (3) internal-representation-based
approaches (Belinkov, 2022), which detect hal-
lucinations by analyzing internal representations
within LLMs (e.g., hidden states, MLP activa-
tions, and output logits). While consistency-based
methods require multiple generations and external-
knowledge approaches depend on retrieval infras-
tructure, internal-representation methods operate in
a single forward pass without additional resources,
making them particularly attractive for real-time
deployment.

Existing internal-representation methods can be
stratified into trained and training-free paradigms.
Trained approaches typically employ probes (e.g.,
linear classifiers) operating on internal represen-
tations from either individual layers (Orgad et al.,
2025) or naively aggregated combinations across
all layers (Zhang et al., 2025c; Kadavath et al.,
2022). Conversely, training-free techniques com-
pute heuristic metrics directly from raw activations
within single layers (Ren et al., 2022; Sriramanan
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et al., 2024).

Despite these distinctions, both paradigms share
a fundamental limitation: suboptimal utilization of
layer-wise information. Recent mechanistic stud-
ies (Skean et al., 2025; Chen et al., 2025) indicate
that factual knowledge in LLMs is non-uniformly
distributed across layers, with discriminative sig-
nals concentrated in specific regions (particularly
intermediate layers), rather than being uniformly
distributed. This discrepancy renders current strate-
gies inherently suboptimal: isolated single-layer
analysis lacks sufficient representational capacity,
while comprehensive aggregation across all layers
introduces substantial noise from layers irrelevant
to factual encoding. Moreover, existing methods
treat layer-wise representations as static or inde-
pendently pooled, neglecting the evolutionary dy-
namics of factual signals as they propagate through
the transformer hierarchy. Consequently, such ap-
proaches constrain the overall efficacy of halluci-
nation detection.

To address these limitations, we propose
TemHal (Temporal Hallucination Detector), a
novel framework that explicitly models the layer-
wise activation trajectory of tokens correspond-
ing to precise factual claims. Our method is
grounded in two key insights: (1) hallucination
signals are embedded in the trajectory of repre-
sentations across layers rather than in any single
static state, and (2) a focused window of intermedi-
ate layers (approximately one-third of total depth)
provides an optimal signal-to-noise ratio for detec-
tion. Specifically, TemHal first identifies factual
key tokens in the model’s response using an LLM-
guided extraction strategy. For each such token, we
construct a temporal sequence by stacking MLP
outputs from a contiguous block of intermediate
layers. This sequence captures the progressive re-
finement of factual signals throughout the inference
process. We then leverage a streamlined temporal
modeling network (a bidirectional LSTM with lin-
ear attention) to classify whether this activation
trajectory corresponds to a hallucinated or factually
grounded response.

Extensive empirical evaluations across three
mainstream open-source LLMs (Llama-3.1,
Mistral-v0.3, Qwen-3) and five benchmark
datasets demonstrate that TemHal consistently
surpasses prior methods, achieving state-of-the-art
performance in 11 out of 15 evaluation settings.
Furthermore, ablation studies validate our architec-
tural design choices and elucidate the underlying

mechanisms, confirming that ordered cross-layer
dependencies contribute beyond multi-layer
feature availability and model capacity.

We summarize the core contributions of this
work as follows:

* Novel Formulation: We propose treating acti-
vation trajectories across contiguous interme-
diate layers as temporal sequences, explicitly
capturing cross-layer representational dynam-
ics that prior static or pooled approaches over-
look.

* Methodological Framework: We devise
TemHal, a hallucination detection framework
informed by mechanistic insights, leveraging
bidirectional temporal modeling to trace the
layer-wise evolution of factual tokens within
a focused one-third layer window.

* Empirical Validation: We substantiate the
effectiveness and generalizability of our ap-
proach through extensive evaluations across
diverse model architectures and five bench-
mark datasets spanning knowledge-intensive
QA and commonsense reasoning tasks.

2 Related Work

2.1 Hallucination

Hallucinations, defined as factually incorrect or
contextually disconnected content (Huang et al.,
2021; Ji et al., 2023), remain a critical challenge
despite significant advancements in LLMs across
reasoning (Wang et al., 2024; Ferrag et al., 2025),
visual question answering (VQA) (Liu et al., 2024;
Carolan et al., 2024), and summarization (Ravaut
et al., 2024; Zhang et al., 2025a) (Huang et al.,
2025; Li et al., 2025). Hallucinations pose signifi-
cant risks in safety-critical domains such as medi-
cal diagnosis (Kim et al., 2025) and finance (Roy-
chowdhury, 2024). Their origins are multifaceted,
stemming from training data noise (Shao et al.,
2025), error accumulation via maximum likelihood
estimation (Aksitov et al., 2023), and instruction
tuning that may prioritize adherence over accu-
racy (Han et al., 2025). Consequently, accurate
detection remains a critical prerequisite for reliable
deployment.

2.2 Hallucination Detection via Internal
Representations

Detection methods have evolved from analyz-
ing output logits to examining internal repre-
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sentations. Early approaches utilized confidence
scores (Kadavath et al., 2022; Lin et al., 2022)
and uncertainty metrics (Ren et al., 2022; Srira-
manan et al., 2024), but these effectively compress
multi-layer dynamics into single probability dis-
tributions, constraining detection granularity. Re-
cent work shifts focus to internal states (Li et al.,
2023), leveraging the functional specialization of
Multi-Head Self-Attention (MHSA) for context in-
tegration (Elhage et al., 2021) and Feed-Forward
Networks (FFN) for knowledge retrieval (Geva
et al., 2023). Methodologies range from single-
layer probes (Azaria and Mitchell, 2023; Orgad
et al., 2025) to cross-layer aggregations (Sky et al.,
2024; Zhang et al., 2025c¢,b; Suresh et al., 2025)
and training-free metrics (Chen et al., 2024; Srira-
manan et al., 2024). However, critical limitations
persist: single-layer analysis lacks sufficient repre-
sentational capacity, while full-layer aggregation
introduces substantial noise (Chen et al., 2025), hin-
dering zero-shot generalization. This trade-off mo-
tivates our focused temporal modeling approach.

3 Preliminaries

Given a large language model F', we denote the
dataset as D = {(gi,a;)}Y,, where ¢; represents
an input question and a; denotes the corresponding
ground-truth answer.

When interacting with the model, each question
q; elicits a generated response:

U = F(q),

where g; is the open-ended textual output produced

by the model. We denote the token sequence of
T;

this response as {tgj )} ;1. where T; is the length

)

of the generated answer for the ¢-th query, and tz(j
represents the j-th token.

To assess factual consistency, we assign a bi-
nary label z; € {0, 1} to each instance, indicating
whether g; is factually correct (z; = 1) or hallu-
cinated (z; = 0). Labels can be obtained through
reference-based metrics (e.g., lexical overlap mea-
sures) or via LLM-as-a-judge methods that evaluate
factual consistency between the generated answer
and the ground truth (Zheng et al., 2023).

The core challenge in hallucination detection
lies in predicting the label z; without access to
the ground-truth answer a; during inference. Un-
der this reference-free setting, the detector’s input
consists solely of information extracted from the

model-question interaction—specifically, the tex-
tual pair (g;, 9;) and/or the model’s internal repre-
sentations. Formally, the detector implements a
function:

where z; denotes the input features (e.g., textual
Q-A pairs, internal representations), 6 represents
learnable parameters, and Z; is the predicted la-
bel aiming to approximate the true label z;. The
central objective is thus to learn a function f that
effectively captures the relationship between the
model’s internal representations and the factual cor-
rectness of its response.

Within this paradigm, a prominent approach
(known as Probe) trains a classifier (typically lin-
ear) on the model’s hidden states or activations to
distinguish between hallucinated and factual out-
puts. This method has been shown to be among the
most effective strategies for internal-signal-based
hallucination detection (Belinkov, 2022).

4 Method

To address the limited generalization and coarse-
grained nature of existing faithfulness detection
approaches in knowledge-intensive question an-
swering, we propose a novel method that lever-
ages the layer-wise temporal evolution of internal
representations across transformer layers. Instead
of relying on static snapshots from a single layer
or aggregated output embeddings, our approach
tracks how fact-relevant semantic units are pro-
gressively refined through the model’s deep archi-
tecture. This enables the construction of a fine-
grained, distribution-robust signal for factual con-
sistency.

The proposed framework consists of three key
components, as illustrated in Figure 1.

4.1 Fact-Critical Token Identification

Not all tokens in a generated sequence contribute
equally to factual correctness. Discriminative sig-
nals for hallucination detection are concentrated in
exact answer tokens (those encoding core seman-
tic information, e.g., entities, attributes, numerical
values) rather than auxiliary tokens serving gram-
matical or discourse functions. This distinction
aligns with human fact-checking behavior, which
prioritizes core factual claims over contextual elab-
oration.

Empirical evidence supports this focus. Orgad et
al. (Orgad et al., 2025) demonstrate that probing ex-
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Figure 1: Overview of our framework. We extract exact answer tokens from the generated response and probe their
MLP activations across selected transformer layers to capture the layer-wise evolution of factuality signals.

act answer tokens (defined as generated tokens se-
mantically aligning with the ground-truth answer)
yields superior detection signals compared to full-
text or heuristic sampling strategies. This suggests
that factual content induces distinguishable activa-
tion patterns in the model’s internal representation
space.

Following this paradigm, we identify the core
factual keywords through an LL.M-guided extrac-
tion strategy. Our approach is primarily designed
for scenarios with single-keyword answers. Given
a question ¢; and generated response §; = F(¢;),
our primary benchmark protocol follows Probe-
Exact and uses the reference answer a; to locate
the corresponding factual keyword for correct gen-
erations. For incorrect generations or cases without
a valid reference-aligned span, Mistral-7B-Instruct-
v0.2 extracts the factual keyword using only ¢; and
;. Following Probe-Exact, examples for which the
extractor returns NO ANSWER or no valid span can
be mapped to the generated response are excluded
from exact-token probing. We further evaluate a
strictly reference-free setting in which no gold an-
swer is supplied for any generation, as detailed in
Appendix B.1.

Crucially, for each extracted keyword, we ex-
clusively utilize its last token for probing. We ex-
plicitly avoid using any intermediate or preceding
tokens. In our primary scenario, the keyword is a
single token, which naturally serves as its own last
token. In the minority of cases where a keyword
is segmented into multiple tokens by the tokenizer,
we still strictly select only the terminal token, as it
inherently aggregates the semantic representation

of the entire keyword (Luo et al., 2026).

Formally, let k; denote the index of the last token
corresponding to the extracted factual keyword in
sample ¢. Our analysis centers strictly on this sin-
gle target token t‘;",ff‘, probing its MLP activations
across a conti guoﬁs block of intermediate layers to
characterize representational distinctions between
factual and non-factual generation.

4.2 Layer-wise Temporal Feature
Construction

Experiments in previous mechanistic analyses of
Transformer-based models, ranging from BERT-
base-cased (Devlin et al., 2019) to the latest archi-
tectures (Dai et al., 2022; Skean et al., 2025; Chen
et al., 2025), have shown that model knowledge is
predominantly associated with intermediate layers,
a finding further corroborated in Section 5.4. To
capture the dynamic refinement of factual represen-
tations, we construct a sequence of MLP outputs
corresponding to the single target token t‘f"lj‘f‘ across
a contiguous block of intermediate layer’s.
Specifically, let L be the total number of trans-
former layers in model F', where 1 < [ <
lend < L. Let mgl,)% € R4 denote the MLP out-
put at the target token position k; in layer . For the
selected layer range [l lend|, We construct

S; = Stack <m§l22"), e m(le“d)) e Rv*9,

Pk
where w = leng — lstart + 1 is the layer-window size
and d is the hidden dimension.

We focus on MLP outputs based on the findings
of Gevaet al. (Gevaet al., 2021), who demonstrated
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through systematic probing that Feed-Forward Net-
work (FFN) layers functionally operate as key—
value memory units: the “keys” correspond to spe-
cific patterns in the input context, while the “val-
ues” encode the associated knowledge representa-
tions. Consequently, modeling MLP outputs offers
a more direct lens for capturing the dynamic evolu-
tion of factual knowledge. This sequence encodes
how the representation of the critical token evolves
as it propagates through deeper processing stages,
capturing stages of activation, integration with con-
textual knowledge, and potential distortion due to
hallucination.

4.3 Temporal Dynamics Modeling

Given the layer-wise MLP activation sequence
S; € R¥*4, we design a temporal discriminator
to predict the instance-level factuality of each re-
sponse from the representation of its single target
token. As illustrated in Figure 1, the discrimina-
tor processes S; through three stages: (1) dimen-
sionality projection, (2) temporal encoding via a
Temporal Processor, and (3) classification.

The input sequence is first projected into a lower-
dimensional space S; € R“*? via a learnable
projection network. The Temporal Processor then
models the layer-wise dynamics:

€temp,i — TP(Sz)a (1)

where etemp,i € R2dnidden is the aggregated tempo-
ral embedding. Finally, the classifier produces the
instance-level factuality probability:

Zi=o0 (MLP(etemp,i)) s (2)

where o () is the sigmoid function and 2; € [0, 1]
estimates the probability that the generated re-
sponse is factually correct.

The discriminator is trained with binary cross-
entropy loss using the instance-level ground-truth
label z; € {0, 1}, where z; = 1 indicates factual
consistency and z; = 0 denotes hallucination:

N
1 .
LBCE = N Z zilog 2 + (1 — z;) log(1 — %)] .

3)
No token-level labels are introduced. Since our pri-
mary scenario focuses on single-keyword answers,
each sample contains exactly one fact-critical to-
ken. Consequently, the instance-level prediction Z;
directly serves as the final response-level factuality
score, eliminating the need for aggregation across
multiple tokens.

4.4 Architecture of the Temporal Processor

The Temporal Processor (TP) is the core compo-
nent that captures the evolutionary dynamics of
factual representations across transformer layers.
We employ a stacked Bidirectional LSTM (Bi-
LSTM) (Graves, 2012) followed by an attention
pooling mechanism, as illustrated in Figure 2. This
architectural design is motivated by our empirical
findings that hallucination signals are better cap-
tured through layer-wise temporal dynamics than
static representations.

Bidirectional Temporal Encoding. The Bi-
LSTM processes the ordered layer sequence in
both the forward (lower-to-higher layer) and back-
ward (higher-to-lower layer) directions, allowing
the representation at each position to incorporate
information from both sides of the selected layer
sequence. Given the projected sequence

l

— _ (l) end

S, = {ml ks ,
I=lstart

the Bi-LSTM computes forward and backward hid-

den states {hz 1} and {%
nated as

i1}> which are concate-

%
. 2d1i n
h;; = {hi,lazi,l} € R hiaden,

Our ablations show that Bi-LSTM, RNN, and
Transformer processors achieve comparable per-
formance, suggesting that capturing ordered cross-
layer dependencies is more important than the spe-
cific processor architecture. We select Bi-LSTM
because it achieves the highest numerical AUROC
while using substantially fewer parameters than the
Transformer variant.

Attention Pooling. To adaptively focus on criti-
cal layers where factual signals stabilize or distort,
we apply an attention pooling mechanism instead
of uniform averaging. The attention weights o
are computed via a linear projection followed by
softmax normalization over the sequence dimen-
sion:

exp (wfhivl)

“)

ai,l = Tend T )
2 €XP (Wg by )

where w, € R?@nidden ig a ]earnable attention vec-
tor. The final temporal embedding is obtained via
weighted sum:

lend

Z azlhzl (5)

I= lst art

etemp,
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Figure 2: Architecture of the Factuality Discrimina-
tor. The model processes layer-wise MLP activation
sequences through a projection network, Bi-LSTM en-
coder, attention pooling mechanism, and MLP classifier
to predict factuality probability.

5 Experiment

5.1 Settings

Models. We evaluate our method on three
instruction-tuned LLM families: Llama-3.1-8B-
Instruct (Al@Meta, 2024) (hereafter Llama-
3.1), Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023) (hereafter Mistral-v0.3), and Qwen-3-8B-
Instruct (Yang et al., 2025) (hereafter Qwen-
3). Detailed specifications are provided in Ap-
pendix A.1.

Datasets. We evaluate our approach across five
datasets spanning diverse domains and reasoning
tasks: HotpotQA and its with-context variant
HotpotQA-WC (Yang et al., 2018), Natural Ques-
tions (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), and Winogrande (Sakaguchi et al.,
2021). Following established practices (Orgad
et al., 2025), we employ dataset-appropriate label-
ing strategies based on domain characteristics; de-
tails on labeling protocols, dataset statistics, prompt
templates, and hallucination rates are provided in
Appendix A.2.

Baselines. We compare TemHal against repre-
sentative hallucination detection baselines span-
ning three categories: (1) classic generation
probability-based methods, including Perplex-
ity (Ren et al., 2022) and P(True) (Kadavath et al.,
2022), which estimate factual consistency directly
from output logits or generation probabilities; (2)
training-free internal representation methods,
primarily LLM-Check (Sriramanan et al., 2024),
for which we adopt the attention-based modeling

variant in our main comparisons due to its su-
perior preliminary performance (results for other
variants are provided in Table 7); and (3) train-
able internal representation methods, including
Probe-Exact (Orgad et al., 2025), which probes
single-layer internal representations, ICR (Zhang
et al., 2025¢), which jointly models representations
across all transformer layers, MHAD (Zhang et al.,
2025b), which selects hallucination-aware neurons
and layers, and CLAP (Suresh et al., 2025), which
models cross-layer representations from the resid-
ual stream. Implementation details for all baselines
are provided in Appendix A.3.

Evaluation Metric. We adopt the area under the
receiver operating characteristic curve (AUROC)
as our primary metric, a threshold-independent
measure robust across varying decision thresholds.
Each experiment is run with 5 random seeds (0, 5,
26,42, 63).

5.2 Hallucination Detection Results

Table 1 summarizes the AUROC results of TemHal
against all evaluated baselines across five bench-
mark datasets and three mainstream open-source
LLMs. TemHal achieves the best performance
in 11 out of 15 settings and obtains the highest
average AUROC across all three model families,
outperforming the strongest competing method by
0.0137-0.0444 AUROC in terms of model-level
average performance.

Beyond detection accuracy, TemHal maintains
strong performance across the three evaluated
model families (though the detector is trained sepa-
rately for each backbone), extracts more discrimi-
native signals than single-layer probing, static fea-
ture selection, or alternative cross-layer aggrega-
tions, and employs a fixed intermediate one-third
layer configuration determined through ablation
studies (Section 5.4), avoiding exhaustive layer-
wise search.

TemHal also remains effective when fact-critical
tokens are extracted without gold answers, outper-
forming Probe-Exact by 0.0565 AUROC on aver-
age under the strictly reference-free protocol (Ap-
pendix B.1).

5.3 Generalization Analysis

We assess cross-dataset generalization by training
on one dataset and evaluating on held-out bench-
marks within each LLM family. Figure 3 illustrates
AUROC differences between TemHal and Probe-
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Table 1: Performance comparison of hallucination detection methods across different LLMs and benchmark datasets.
Bold indicates the best result, underlined indicates the second-best.

LLMs Methods HotpotQA  HotpotQA-WC  Natural Questions TriviaQA  Winogrande
PPL 0.5061 0.6286 0.6154 0.6803 0.5910
P(True) 0.8215 0.5602 0.7341 0.7760 0.5985
LLM-check 0.7596 0.5416 0.6499 0.5749 0.5894
Llama-3.1 ICR 0.8609 0.5819 0.7510 0.7809 0.6181
MHAD 0.8083 0.7059 0.8224 0.8082 0.7604
CLAP 0.8173 0.7058 0.8226 0.8071 0.7642
Probe-exact 0.8259 0.7441 0.7762 0.7996 0.8715
TemHal (Ours) 0.8375 0.7679 0.8131 0.8349 0.8869
PPL 0.5747 0.5393 0.6188 0.5613 0.4833
P(True) 0.6280 0.6411 0.6852 0.7019 0.5964
LLM-check 0.5950 0.5490 0.5075 0.5934 0.6081
Mistral-v0.3 ICR 0.6505 0.5758 0.6637 0.6422 0.6039
MHAD 0.7923 0.6477 0.7624 0.7992 0.7228
CLAP 0.7951 0.6517 0.7761 0.8146 0.7393
Probe-exact 0.8396 0.7674 0.7719 0.8537 0.7202
TemHal (Ours) 0.8506 0.7869 0.7901 0.8680 0.7255
PPL 0.6211 0.6369 0.5843 0.6336 0.5873
P(True) 0.5673 0.5857 0.4828 0.5479 0.6035
LLM-check 0.5246 0.5756 0.6402 0.5635 0.6201
Qwen-3 ICR 0.6765 0.5549 0.8038 0.6708 0.6450
MHAD 0.8298 0.6909 0.8733 0.8366 0.7633
CLAP 0.8157 0.6772 0.8571 0.8266 0.7511
Probe-exact 0.8222 0.7315 0.8116 0.8252 0.7727
TemHal (Ours) 0.8812 0.7684 0.8462 0.8969 0.8234

Exact, where positive values favor our method;
complete raw scores are provided in Appendix B.2.

TemHal outperforms Probe-Exact in most trans-
fer settings on Llama-3.1 and Mistral-v0.3. Gener-
alization is particularly effective within similar task
categories (e.g., factual-to-factual and reasoning-
to-reasoning), suggesting that temporal dynamics
transfer more effectively between tasks with related
cognitive demands.

For Qwen-3, certain cross-category transfers de-
grade: under substantial domain shift, the base-
line’s single-layer features tend to remain near
chance level, whereas TemHal’s temporal signals,
being more sensitive to task-specific dynamics,
may occasionally invert below chance. This high-
lights a trade-off: multi-layer temporal modeling
provides stronger discriminative signals within re-
lated task categories but can be more sensitive to do-
main shift than static single-layer probes. Overall,
TemHal demonstrates robust cross-dataset general-
ization, particularly when source and target tasks
share similar characteristics.

5.4 Ablation Study

We ablate TemHal on Qwen-3-8B-Instruct, focus-
ing on layer-range sensitivity and core temporal
modeling components.

Sensitivity to Layer Range. Previous work indi-
cates non-uniform knowledge distribution across
transformer layers (Chen et al., 2025). Table 2
compares early, middle, and late layer segments:
intermediate layers generally yield superior per-
formance, with our selected window (layers 13—
24) achieving the best results on 4 out of 5 bench-
marks. This advantage is particularly pronounced
on reasoning-intensive tasks, where the intermedi-
ate window substantially outperforms late layers,
suggesting that mid-level layers capture syntactic-
to-semantic transitions.

For knowledge-intensive tasks (e.g., Natural
Questions and TriviaQA), intermediate layers re-
main optimal, although late layers are competitive
but slightly lower. Using all layers consistently
performs worse than the focused window, suggest-
ing that less informative layers dilute the factuality
signals. We select a one-third layer window to
optimize signal discriminability. Fine-grained tun-
ing confirms stability within the 10-16 layer range
around the middle, indicating that the exact bound-
ary is not overly sensitive; although a 16-layer win-
dow shows marginal gains on HotpotQA-WC, the
12-layer configuration offers the best overall bal-
ance and is adopted as the default.
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Figure 3: Cross-dataset generalization performance across three LLM families. Each cell shows the AUROC
difference (ours — Probe-Exact) for the corresponding train—test pair. Red indicates improvement, while blue
indicates degradation relative to the baseline.

Table 2: Ablation on layer range selection (AUROC).

Layer Range HotpotQA  HotpotQA-WC  Natural Questions TriviaQA  Winogrande
ours (12 layers [13-24]) 0.8812 0.7684 0.8462 0.8969 0.8234
All layers [1-36] 0.8659 0.7520 0.8383 0.8838 0.8002
Position Selection (1/3 Split)
Early [1-12] 0.8216 0.6477 0.7595 0.7923 0.6461
Late [25-36] 0.8546 0.7537 0.8258 0.8601 0.7371
Range Size Tuning (Around Mid Layers)
8 layers [15-22] 0.8791 0.7684 0.8424 0.8957 0.8172
10 layers [14-23] 0.8796 0.7685 0.8452 0.8966 0.8162
14 layers [12-25] 0.8767 0.7704 0.8460 0.8939 0.8118
16 layers [11-26] 0.8753 0.7705 0.8454 0.8938 0.8129
Contribution of Core Components. The origi- Table 3: Controlled comparison with non-sequential or

nal single-layer ablation changes both the number
of input layers and the model capacity, making it in-
sufficient to isolate the effect of temporal ordering.
We therefore introduce four controlled baselines
that use the same 12 intermediate-layer representa-
tions (layers 13-24) as TemHal. Mean pooling, at-
tention pooling, and concatenation aggregate these
representations without explicitly modeling layer-
to-layer transitions. Random Permutation retains
the same layer features and identical Bi-LSTM ar-
chitecture as TemHal but disrupts their original
order. All variants use capacity-controlled embed-
ding, projection, and classification heads and are
trained independently under the same protocol.

As shown in Table 3, TemHal numerically out-
performs all four controls by 0.0095-0.0176 AU-
ROC. In particular, Random Permutation uses the
same 12 representations and the same Bi-LSTM ar-
chitecture as TemHal, differing only in whether the
original layer order is preserved. Its performance

order-disrupted aggregation methods on Winogrande.
All methods use representations from layers 13-24. Val-
ues are mean AUROC scores over five random seeds.

Method AUROC A vs. TemHal
Mean Pooling 0.8115 —0.0119
Attention Pooling 0.8063 —0.0171
Random Permutation 0.8058 —0.0176
Concatenation 0.8139 —0.0095
TemHal 0.8234 -

drop provides direct evidence that ordered cross-
layer dependencies contribute beyond multi-layer
feature availability and model capacity.

Table 4 reports the remaining component and
architecture ablations; the single-layer MLP is re-
tained as a compact reference rather than primary
evidence, since it changes both input features and
model capacity.

Bi-LSTM, RNN, and Transformer processors
achieve relatively similar AUROC, suggesting that
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Table 4: Ablation study on core components on Wino-
grande. Parameter counts are reported for the temporal-
processor comparison. Values are mean AUROC scores
over five random seeds.

Variant AUROC A vs.Full Params.
TemHal 0.8234 - ~11.3M
Transformer-based TP 0.8183 —0.0051 ~47.5M
RNN-based TP 0.8197 —0.0037 ~9.2M
w/o Attention 0.8124 —0.0110 -
Single-layer MLP 0.7727 —0.0507 -
Uni-LSTM TP 0.7901 —0.0333 -

modeling ordered cross-layer dependencies is more
important than the specific processor architecture.
Performance is also not determined by parameter
count alone: the Transformer-based processor con-
tains approximately 4.2x as many parameters as
the Bi-LSTM but achieves a slightly lower AUROC.
The RNN provides a competitive lightweight alter-
native, while we select Bi-LSTM as the default for
its highest numerical AUROC with substantially
fewer parameters.

Removing bidirectionality reduces AUROC by
0.0333, suggesting that information from both
lower and higher layers is useful for modeling the
selected layer sequence. Removing attention leads
to a decrease of 0.0110 on Winogrande, indicating
that adaptive layer weighting provides an additional
benefit in this setting. Overall, these results confirm
the effectiveness of ordered cross-layer modeling
and support Bi-LSTM as an efficient default archi-
tecture.

6 Conclusion

We presented TemHal, a novel hallucination detec-
tion framework that explicitly models the temporal
activation trajectories of factual tokens across in-
termediate transformer layers. Motivated by mech-
anistic insights that factual knowledge evolves
non-uniformly across the transformer hierarchy,
our approach captures the dynamic refinement
of representations during inference, contrasting
with prior static or single-layer probing methods
that obscure discriminative signals embedded in
representational evolution. Extensive evaluations
across three LLLM families and five benchmarks
demonstrate TemHal achieves state-of-the-art per-
formance in the vast majority of settings, with
particular strengths in reasoning tasks and cross-
dataset generalization within task categories. By
leveraging a focused intermediate-layer window,
TemHal maintains robust performance across di-

verse tasks and evaluated model families while
avoiding exhaustive layer-wise search. Our find-
ings underscore temporal dynamics in internal rep-
resentations as a discriminative signal for factuality,
suggesting that future detection frameworks may
benefit from explicitly modeling information-flow
dynamics and aligning strategies with the charac-
teristics of target tasks.

Limitations

Despite its strong performance, TemHal has several
limitations. First, it relies on accessing layer-wise
internal representations, restricting deployment to
models with exposed internals; developing black-
box-compatible variants is left to future work. Sec-
ond, the default layer window was empirically op-
timized; models with substantially different depths
may require proportional adjustment, motivating
automated layer selection. Third, although TemHal
generalizes effectively within task categories, cross-
category transfer under extreme domain shift can
be sensitive, as temporal signals may adapt to task-
specific dynamics; task-invariant temporal repre-
sentations or adaptive calibration mechanisms are
potential solutions. Finally, complex reasoning sce-
narios (e.g., multi-step mathematical proofs, chain-
of-thought verification, or logical deduction with
intermediate fact-checking) remain underexplored;
adapting temporal dynamics modeling to reasoning-
specific evolutionary patterns is a promising direc-
tion.

Ethical Considerations

Our methodology does not rely on personal or sen-
sitive data: all experiments use publicly available
benchmarks (HotpotQA, Natural Questions, Trivi-
aQA, Winogrande) curated to exclude personally
identifiable information and offensive content, and
we follow original dataset licenses without addi-
tional data collection. Al assistants were used
solely for text polishing; all core research contribu-
tions were independently conducted by the authors.
We recognize potential misuse risks and commit to
responsible Al deployment.
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A Experimental Details

Al

Table 5 summarizes the three LLMs evaluated in
this work. All models are decoder-only trans-
formers with instruction-tuned checkpoints pub-
licly available via Hugging Face.

Inference Configuration. For all models, we
use standard sampling with Temperature = 1.0
and Top-P = 1.0 to maintain generation diver-
sity. To ensure reproducibility, we fix the ran-
dom seed for all experiments. The maximum
generation length is set to 1024 tokens. We
use the Hugging Face transformers library with
output_hidden_states=True to obtain residual-
stream hidden states for baselines that require them.
For TemHal, following Probe-Exact, we register
forward hooks on the MLP submodule of each
transformer block and directly record its output at
the selected fact-critical token position.

Model Specifications

A.2 Dataset Details

Table 6 provides detailed statistics for the five eval-
uation datasets used in our experiments, includ-
ing domain, task type, and sample counts for both
training and testing splits. Below we describe each
dataset in detail.

HotpotQA (Yang et al., 2018). HotpotQA is a
benchmark designed for diverse multi-hop ques-
tion answering, originally comprising Wikipedia
documents to facilitate reasoning. In our experi-
ments, we employ two distinct settings to evaluate
factual consistency under varying conditions: (1)
HotpotQA (without-context variant), where ques-
tions are presented directly without accompanying
documents, requiring the model to leverage both
parametric factual knowledge and multi-step rea-
soning capabilities—distinguishing it from datasets
like TriviaQA that primarily involve knowledge re-
trieval; and (2) HotpotQA-WC (with-context vari-
ant), where original Wikipedia documents are pro-
vided alongside questions. This latter setting pre-
serves the dataset’s intended retrieval-augmented
structure and evaluates the model’s ability to ad-
here to and utilize provided contextual information
when external grounding is available.

Natural Questions (Kwiatkowski et al., 2019).
Natural Questions (NQ) is a large-scale corpus de-
signed for training and evaluating open-domain
question answering systems. It is the first dataset to
replicate the end-to-end process of humans seeking
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Table 5: Specifications of evaluated LLMs.

Model Organization Hugging Face Repository
Llama-3.1-8B-Instruct Meta meta-1lama/Llama-3.1-8B-Instruct
Mistral-7B-Instruct-v0.3 Mistral Al mistralai/Mistral-7B-Instruct-ve.3
Qwen3-8B Qwen Qwen/Qwen3-8B

answers to questions: real, anonymized queries sub-
mitted by users to Google Search, with answers ex-
tracted from corresponding Wikipedia pages. Un-
like artificially curated QA benchmarks, NQ re-
flects authentic information-seeking behaviors and
natural language patterns encountered in practical
deployment, offering higher ecological validity.

TriviaQA (Joshi et al., 2017). TriviaQA is a col-
lection of trivia question-answer pairs. Questions
are presented without any supporting context, re-
quiring the model to rely solely on its internal para-
metric knowledge. The dataset includes multiple
acceptable answer variations, enabling robust auto-
matic evaluation.

Winogrande (Sakaguchi et al., 2021). Wino-
grande is a large-scale commonsense reasoning
dataset designed to explore errors in commonsense
reasoning. It consists of Winograd-style corefer-
ence challenges, where each example presents a
sentence containing two entities and a pronoun.
The objective is to determine which entity the pro-
noun refers to, relying on commonsense reasoning.
For instance, in the sentence "The trophy doesn’t fit
into the suitcase because it’s too large," the pronoun
"it" refers to the trophy, not the suitcase.

Train/Test Split. Each dataset is randomly par-
titioned into 10,000 training samples and 10,000
testing samples via simple random sampling. As
shown in Table 6, hallucination rates exhibit no-
table patterns across datasets and models.

Prompt Templates. We adopt dataset-
specific prompt templates to elicit free-form
answers. All prompts follow a unified structure:
[Instruction] + [Question] + [Optional
Context] + [Answer Prefix]. For reproducibil-
ity, the complete prompt templates for all datasets,
along with implementation details, are publicly
available in our code repository.

Labeling Strategy. Following Probe-Exact (Or-
gad et al., 2025), we assign an instance-level bi-
nary label z; € {0, 1} to each generated response,
where z; = 1 denotes a factually correct response

and z; = 0 denotes a hallucinated response. The
selected fact-critical token inherits the label of its
corresponding response.

For HotpotQA, HotpotQA-WC, TriviaQA, and
WinoGrande, a generation is labeled as factual if
its normalized answer span matches an accepted
reference answer; otherwise, it is labeled as hal-
lucinated. For Natural Questions, we use Mistral-
7B-Instruct-v(.2 as an automatic verifier to assess
factual consistency given the question, generated
response, and reference answer.

A.3 Baseline Implementation Details

Perplexity (Ren et al., 2022). Computed as the
exponential of the average negative log-likelihood
over all tokens in the generated sequence. Lower
perplexity indicates higher confidence in factual
consistency.

P(True) (Kadavath et al., 2022).
model with the following prompt:

We query the

Question: {question}
Possible answer: {answer}
Is the possible answer:
(A) False
(B) True
The possible answer is:

Following the original implementation, we extract
the logits of the option tokens "A" and "B" at the
first generation position, then apply a softmax nor-
malization over these two logits to obtain a cal-
ibrated probability distribution. The probability
of the "True” option (i.e., token "B") serves as
the factual confidence score. This approach lever-
ages the model’s self-assessment capability while
mitigating token-frequency bias through pairwise
normalization.

LLM-Check (Sriramanan et al., 2024). The
original work introduces three training-free detec-
tion methods operating on single-layer representa-
tions: Window Entropy, Hidden Score (HS), and At-
tention Score (AS). We evaluate HS and AS across
all layers of each assessed LLM and report their
optimal validation-selected performance in Table 7,
with the corresponding layer indices indicated in
parentheses. Window Entropy is evaluated follow-
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Table 6: Hallucination rates (%) across different LLM architectures. For each dataset, we randomly sample 10,000
training and 10,000 testing instances from the original benchmark.

Dataset Task Qwen-3 Llama-3.1 Mistral-v0.3
Train Test Train Test Train  Test
HotpotQA Generation 64.58 67.69 73,51 77.62 58.70 63.47
HotpotQA-WC Generation 13.12 32,60 17.23 3590 1994 36.20
Natural Questions Generation 3447 34.15 3525 3484 39.37 38.49
TriviaQA Generation 41.79 42,65 3555 35.18 3251 32.54
Winogrande Multiple-choice  35.55 3555 2840 28.71 28.25 26.84

ing its original configuration. Although no single
variant consistently dominates across all model-
dataset settings, AS achieves the highest average
AUROC across the 15 settings (0.5928), compared
with 0.5864 for HS and 0.5670 for Window En-
tropy. We therefore use AS as the fixed representa-
tive of LLM-Check in the main experiments. All
implementations follow the official repository pro-
vided by the original authors?.

Probe-Exact (Orgad et al., 2025). Following the
original work, we train a linear probe on the MLP
output at the fact-critical token position. We con-
duct a layer-wise search across the full depth of
each backbone and select the optimal layer based
on validation AUROC. Our feature-extraction and
token-selection procedures follow the public code-
base®. To maintain a unified optimization protocol
across trainable baselines, we implement the linear
classifier in PyTorch and optimize it using AdamW,
with early stopping on a held-out validation set
comprising 20% of the training data.

ICR (Zhang et al., 2025c¢). We follow ICR
Probe, which computes an Information Contribu-
tion to Residual Stream (ICR) score at each token
and layer. Specifically, the score is defined as the
Jensen—Shannon divergence between the pooled
attention distribution over selected context posi-
tions and a distribution derived from the alignment
of the residual hidden-state update with the cor-
responding attended hidden states. The resulting
token-by-layer score matrix is averaged over to-
kens to form an L-dimensional cross-layer feature
vector, which is processed by an MLP with dimen-
sions (L, 128,64, 32,1). Following the original
implementation, we train the probe using binary
cross-entropy loss and Adam. We refer readers to
the official code repository* for complete architec-
Zhttps://github.com/GaurangSriramanan/LLM_
Check_Hallucination_Detection

3https ://github.com/technion-cs-nlp/LLMsKnow
*https://github.com/Xavierzhang2002/ICR_Probe

tural details and implementation.

MHAD (Zhang et al., 2025b). The original work
introduces three variants based on different types of
internal representations: MHAD-AO, MHAD-FO,
and MHAD-LO, which respectively use attention
outputs, feed-forward network outputs, and layer
outputs. Their complete results are reported in
Table 9. Although the three variants achieve com-
parable performance overall, MHAD-LO exhibits
a modest but more consistent advantage, achieving
the highest AUROC among the MHAD variants in
8 out of 15 evaluation settings. It also obtains the
highest average AUROC of 0.7749, compared with
0.7716 for MHAD-FO and 0.7664 for MHAD-AO.
We therefore use MHAD-LO as the fixed repre-
sentative of MHAD in our main experiments. Be-
cause the project repository accompanying MHAD
currently does not provide implementation code,
we independently reimplement the three variants
following the architecture, neuron-selection, layer-
selection, and classification procedures described
in the original paper. Our reimplementation will
be released together with TemHal in our public
GitHub repository.

CLAP (Suresh et al., 2025). CLAP processes
residual-stream representations across the entire
model depth as an ordered joint sequence and ap-
plies a Transformer-based probe for hallucination
detection. We use the implementation released by
the authors® and adapt it to our evaluated model
backbones and datasets. CLAP is evaluated us-
ing the same data splits and evaluation protocol as
TemHal.

Shttps://github.com/itsmemala/CLAP
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Table 7: Comparison of LLM-Check variants (Window Entropy, HS, AS) across LLMs and benchmarks (AUROC).
For HS and AS, numbers in parentheses indicate the optimal layer index (1-based), whereas Window Entropy
reports its best performance without layer annotation. The * symbol denotes values originally below 0.5 due to
negative correlation and inverted using 1 — AUROC. Bold indicates the best result for each LLM—dataset setting.

All results are computed on 10K test samples.

LLMs Method HotpotQA HotpotQA-WC Natural Questions TriviaQA  Winogrande
Window Entropy 0.5150" 0.6267 0.5340 0.7240 0.6156
Llama-3.1 Hidden Score(HS) 0.5895* (32) 0.5321 (7) 0.6008* (32) 0.6639 (14)  0.6037 (21)
: Attention Score(AS) 0.7596* (31)  0.5416 (29) 0.6499* (31) 0.5749* (31)  0.5894 (28)
TemHal 0.8375 0.7679 0.8131 0.8349 0.8869
Window Entropy 0.5284 0.5089 0.5527 0.5261 0.5112
Mistral-v0.3 Hidden Score(HS) 0.5301* (32)  0.5409 (32) 0.5851* (32) 0.5630 (4) 0.6213 (31)
" Attention Score(AS) 0.5950 (31) 0.5490 (31) 0.5075* (31) 0.5934 (31) 0.6081 (31)
TemHal 0.8506 0.7869 0.7901 0.8680 0.7255
Window Entropy 0.6070 0.5898 0.5651 0.5946 0.5059
Qwen-3 Hidden Score(HS) 0.5121* 36)  0.5657 (36) 0.7014* (36) 0.5535(34)  0.6330 (36)
Attention Score(AS) 0.5246 (32) 0.5756 (32) 0.6402* (35) 0.5635 (4) 0.6201 (2)
TemHal 0.8812 0.7684 0.8462 0.8969 0.8234
Table 8: Optimal layer indices for Probe-Exact across models and datasets.
Model (L layers) HotpotQA HotpotQA-WC  Natural Questions TriviaQA  Winogrande
Llama-3.1 (32) 12 12 12 13 13
Mistral-v0.3 (32) 15 17 14 14 16
Qwen-3 (36) 35 19 35 20 22

B Additional Experiments

B.1 Strictly Reference-Free Token
Identification

To evaluate TemHal without access to gold an-
swers, we introduce a strictly reference-free token-
identification protocol. Unlike the primary Probe-
Exact compatible protocol, the reference answer
a; is not used to locate fact-critical tokens for any
example, including correct generations. Instead,
Qwen-3-8B-Instruct receives only the question g;
and generated response g; and identifies the short-
est span expressing the central factual answer. Fol-
lowing the primary protocol, examples for which
no valid extracted span can be mapped to the gener-
ated response are excluded from exact-token prob-
ing.

TemHal and Probe-Exact use the same extracted
token location for each example, ensuring that
their comparison is not affected by different token-
selection information. Neither the token extractor
nor the hallucination detector receives the gold an-
swer or correctness annotation. Gold annotations
are used only after inference to compute AUROC.

As shown in Table 10, TemHal outperforms
Probe-Exact on all five datasets, with improve-
ments ranging from 0.0399 to 0.0833 AUROC
and an average improvement of 0.0565. These

results demonstrate that TemHal remains effective
when gold answers are unavailable to the infer-
ence pipeline and that its observed advantage is not
solely attributable to gold-assisted token localiza-
tion.

B.2 Raw Cross-Dataset Transfer Results

We report the complete AUROC scores underly-
ing the performance-difference heatmaps in Fig-
ure 3. For each experiment, the detector is trained
on the source dataset indicated by the row and eval-
uated on the target dataset indicated by the column.
All transfer experiments are conducted separately
within the same LLM backbone and therefore eval-
uate cross-dataset, rather than cross-model, gener-
alization. In Table 11, P and T denote Probe-Exact
and TemHal, respectively, and bold indicates the
better result for each train—test pair.

TemHal outperforms Probe-Exact in AUROC for
65 of the 75 source—target pairs. The gains are most
consistent for Llama-3.1 and Mistral-v0.3, whereas
Qwen-3 exhibits several degradations under cross-
category transfer. These results support the conclu-
sion that TemHal provides effective cross-dataset
transfer, particularly when the source and target
tasks have related characteristics.
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Table 9: Comparison of MHAD variants with TemHal across three LLMs and five benchmarks (AUROC). Bold
indicates the best result for each model and dataset.

LLM Method HotpotQA HotpotQA-WC Natural Questions TriviaQA Winogrande
MHAD-AO 0.7966 0.6969 0.8152 0.8005 0.7422
Llama.3.1 MHAD-FO 0.8092 0.7081 0.8213 0.8065 0.7579
ama-2. MHAD-LO 0.8083 0.7059 0.8224 0.8082 0.7604
TemHal 0.8375 0.7679 0.8131 0.8349 0.8869
MHAD-AO 0.7939 0.6325 0.7453 0.7821 0.6856
Mistralvo.3  MHAD-FO 0.7907 0.6474 0.7526 0.7898 0.7029
. MHAD-LO 0.7923 0.6477 0.7624 0.7992 0.7228
TemHal 0.8506 0.7869 0.7901 0.8680 0.7255
MHAD-AO 0.8341 0.6807 0.8781 0.8473 0.7646
Qwen-3 MHAD-FO 0.8322 0.6839 0.8744 0.8403 0.7574
MHAD-LO 0.8298 0.6909 0.8733 0.8366 0.7633
TemHal 0.8812 0.7684 0.8462 0.8969 0.8234

Table 10: AUROC under strictly reference-free fact-
critical token identification. No gold answer is provided
to the token extractor or hallucination detector. Results
are reported on Qwen3-8B.

Dataset TemHal Probe-Exact A

HotpotQA 0.8318 0.7773 +0.0545
HotpotQA-WC 0.7283 0.6833 +0.0450
Natural Questions  0.8285 0.7886 +0.0399
TriviaQA 0.8433 0.7600 +0.0833
Winogrande 0.8099 0.7502 +0.0597
Average 0.8084 0.7519 +0.0565
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Table 11: Raw cross-dataset transfer AUROC scores across three LLM families. P and T denote Probe-Exact and
TemHal, respectively. NQ denotes Natural Questions. Bold indicates the better result for each source—target pair.

Target
Source
HotpotQA HotpotQA-WC NQ TriviaQA Winogrande
P T P T P T P T P T

Llama-3.1
HotpotQA 0.8259 0.8375 0.6369 0.6805 0.6650 0.7256 0.7289 0.7778 0.5543 0.6531
HotpotQA-WC 0.6491 0.7002 0.7441 0.7679 0.5965 0.6251 0.6481 0.7314 0.5697 0.5834
Natural Questions 0.6003 0.6405 0.5291 0.5757 0.7762 0.8131 0.7014 0.7548 0.5708 0.6684
TriviaQA 0.6631 0.6959 0.5912 0.6320 0.6800 0.7108 0.7996 0.8349 0.5827 0.6834
Winogrande 0.6632 0.6526 0.5698 0.5592 0.5932 0.6555 0.5558 0.6620 0.8715 0.8869

Mistral-v0.3
HotpotQA 0.8396 0.8506 0.6629 0.7034 0.6825 0.7129 0.7824 0.8097 0.4891 0.5622
HotpotQA-WC 0.7418 0.7625 0.7674 0.7869 0.5622 0.5961 0.6773 0.7336 0.4736 0.4810
Natural Questions 0.6227 0.6592 0.5400 0.5679 0.7719 0.7901 0.7656 0.7945 0.6143 0.6657
TriviaQA 0.7162 0.6964 0.6339 0.6118 0.7117 0.7258 0.8537 0.8680 0.5003 0.5559
Winogrande 0.5729 0.7238 0.5361 0.6135 0.5554 0.6308 0.5918 0.7017 0.7202 0.7255

Qwen-3
HotpotQA 0.8222 0.8812 0.6808 0.7147 0.7310 0.7597 0.7476 0.8598 0.4482 0.4452
HotpotQA-WC 0.7134 0.8171 0.7315 0.7684 0.5904 0.6323 0.6515 0.7499 0.5173 0.4429
Natural Questions 0.6664 0.6510 0.6222 0.5812 0.8116 0.8462 0.7191 0.7909 0.4630 0.4895
TriviaQA 0.6554 0.7698 0.5915 0.6841 0.6414 0.7378 0.8252 0.8969 0.4858 0.3952
Winogrande 0.4334 0.4488 0.4898 0.5216 0.5225 0.5051 0.5845 0.5963 0.7727 0.8234
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