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Abstract

Hallucination has emerged as a pivotal challenge of Large
Language Models (LLMs) that generate plausible yet
non-factual content, significantly impeding the trustworthy
Al applications in real-world scenarios like medical diagno-
sis and autonomous driving. Editing the internal activations
of LLMs during inference has shown promising effective-
ness in mitigating hallucinations with minimal cost. How-
ever, previous editing approaches neglect the query-specific
inference pathways that require tailored truthful steering vec-
tors, resulting in suboptimal hallucination mitigation. To ad-
dress these issues, we propose the Query-Routed Activation
Editing (ORAE) framework, which comprises Divergence-
sensitive Head Routing (DHR) and Truth-hierarchical Pref-
erence Steering (TPS), to fully leverage query-specific se-
mantics for adaptive activation editing. Specifically, DHR is
proposed to establish a query-aware head selection criterion,
thereby dynamically routing to truth-critical attention heads.
Subsequently, TPS introduces a query-specific steering vec-
tor calibration policy with the guidance of progressive truth-
preferred optimization, enabling precise and adaptive editing
for each distinct query. Extensive experiments on the widely
recognized Truthful QA benchmark demonstrate that QRAE
outperforms SOTA methods by up to 13.2% in MC1. Mean-
while, QRAE demonstrates strong generalization to out-of-
distribution TriviaQA and Natural Questions benchmarks.

Code — https://github.com/liaokewei/QRAE

1 Introduction

Although Large Language Models (LLMs) have achieved
substantial advancements across a wide range of applica-
tions (Hu et al. 2024; Bae et al. 2022; Zheng et al. 2025;
Huang et al. 2024), they are still susceptible to hallucina-
tion (Huang et al. 2025; Rawte, Sheth, and Das 2023), which
refers to generating plausible yet nonfactual content. This is-
sue poses significant risks to the trustworthy application of
LLMs in real-world scenarios like medical diagnosis (Kim
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Figure 1: Comparison between previous methods and pro-
posed QRAE on both head selecting and activation editing.

et al. 2025) and autonomous driving (Wang 2024). Numer-
ous studies have explored training-based paradigms like in-
struction tuning (Wei et al. 2021) and reinforcement learn-
ing from human feedback (Ouyang et al. 2022) to effectively
mitigate hallucination. However, their practical scalability is
constrained by substantial resources and large-scale curated
datasets (Casper et al. 2023).

To achieve more efficient hallucination mitigation,
inference-time activation editing (Li et al. 2023; Chen et al.
2024) has emerged as a lightweight technique that steers
the untruthful activations to a desired truthful space. Specif-
ically, generic editing methods (Li et al. 2023) first identify
a fixed set of truth-related attention heads according to aver-
aged scores across the whole dataset. Subsequently, the acti-
vations of selected heads will be edited with a pre-computed
universal vector to enhance factuality. However, these fixed



editing strategies lack the flexibility to handle diverse hal-
lucination types and varying input semantics. To address
these limitations, recent research has explored more adaptive
editing techniques. For instance, ACT (Wang et al. 2025a)
generates a set of steering vectors on different hallucination
categories and performs adaptive vector aggregation. SADI
(Wang, Yang, and Peng 2024) identifies editing locations
with a binary mask and then achieves semantic adaptation
by scaling the hidden features of the input.

However, although prior methods have achieved promis-
ing results, they overlook that hallucinations arise from
query-specific inference pathways, which necessitate tai-
lored steering vectors for a distinct query to achieve ef-
fective mitigation. Consequently, as illustrated in Figure 1,
their performance is markedly limited in both head select-
ing and activation editing stage: (1) Distinct queries are re-
vealed (Nam et al. 2025) to activate diverse inference path-
ways within LLM, leading to varying untruthful activations.
Therefore, employing the invariant head selection strategy
of existing methods fails to capture query-specific untruthful
activations, rendering subsequent editing ineffective. (2) Be-
yond head selection, different query activations exhibit vary-
ing factual deviations, revealing diverse steering directions
for truthfulness. However, the existing universal editing vec-
tor ignores query-specific directional calibration demands,
resulting in identical yet imprecise editing.

In this paper, we propose the Query-Routed Activation
Editing (ORAE) framework, which comprises Divergence-
sensitive Head Routing (DHR) and Truth-hierarchical
Preference Steering (TPS), to fully leverage query-specific
semantics for adaptive activation editing. Specifically, DHR
establishes a query-variant head selection criterion to adap-
tively route different queries toward their most relevant
inference pathway. Building on the intuition that larger
truthful-untruthful sensitivity signifies a greater capacity for
improving truthfulness (Li et al. 2023), our criterion adap-
tively quantifies divergence between the activation distribu-
tions of truthful and untruthful response clusters to assess
the steering potential of each head. Therefore, the most sen-
sitive heads for the inferred query can be effectively iden-
tified, offering promising locations for subsequent editing.
Guided by the DHR-selected heads, TPS introduces a query-
guided directional calibration policy to adaptively refine the
global steering vector for each head. This policy is optimized
through coarse-to-fine preference over truth-hierarchical an-
swers, transitioning from untruthful to truthful, and ulti-
mately to the best answer. As a result, TPS derives a tailored
editing strategy that maximizes factual responses for each
query, enabling highly adaptive and effective steering.

Extensive experiments on the authoritative Truthful QA
benchmark validate the efficacy of QRAE, which achieves
a remarkable 85.1% on the primary True*Info metric and
significantly surpasses state-of-the-art adaptive methods.
Furthermore, QRAE exhibits exceptional generalizability
across multiple out-of-distribution datasets, underscoring its
robustness and broad application potential.
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2 Related Works
2.1 Inference-time Activation Editing

Inference-time activation editing (Li et al. 2023; Chen et al.
2024; Zhang, Yu, and Feng 2024; Wang et al. 2025b) miti-
gates LLM hallucinations by directly steering activations to-
ward a desired truthful space. Li et al. (2023) first introduced
Inference-Time Intervention, a method that selects truth-
related attention heads based on linear probe accuracy and
computes a universal steering vector from the mean differ-
ence between truthful and untruthful activations. TrFr (Chen
et al. 2024) enhances this approach by training multiple or-
thogonal probes per head, combining their directions to form
a more comprehensive editing vector. Alternatively, TruthX
(Zhang, Yu, and Feng 2024) utilizes an auto-encoder to de-
couple representations into truthful and semantic spaces,
identifying an editing direction from the difference between
class means within the truthful space. SEA (Qiu et al. 2024)
offers a training-free method that derives editing projections
through spectral decomposition of activation covariance ma-
trices from positive and negative demonstrations.

However, these methods use a fixed head selection and a
universal editing vector, thus lacking the query-specific cali-
bration needed to handle diverse inference paths and varying
factual deviations.

2.2 Adaptive Activation Editing

To enable more granular control, recent works introduce
adaptive editing mechanisms that tailor editing to individual
inputs. LITO (Bayat et al. 2024) generates multiple candi-
date responses by applying a universal editing vector at vary-
ing strengths and uses a trained classifier to select the most
truthful output. ACT (Wang et al. 2025a) generates multiple
steering vectors by clustering different hallucination cate-
gories and then adaptively modulates editing intensity based
on a probe’s assessment of the current activation’s truthful-
ness. Similarly, ASTRA (Wang, Wang, and Zhang 2024)
determines its editing strength through the projection of a
calibrated activation onto a pre-computed harmful direction,
ensuring steering is applied only when an input aligns with
harmful semantics. In contrast to adapting intensity, SADI
(Wang, Yang, and Peng 2024) constructs a dynamic steering
vector by identifying critical editing locations and scaling
the input’s own activations as the editing.

While these methods introduce adaptivity in either editing
intensity or vector construction, they do not jointly perform
query-specific routing to truth-critical heads and tailored cal-
ibration of the steering vector.

3 Methodology

Previous editing methods ignore query variability in both
the activation selection and editing stages, leading to im-
precise hallucination mitigation. To realize fine-grained ac-
tivation editing, we introduce the Query-Routed Activa-
tion Editing (QRAE) framework. QRAE initially leverages
Divergence-sensitive Head Routing (DHR) to establish a
query-aware head selection criterion, thereby dynamically
routing to truth-critical attention heads. Subsequently, Truth-
hierarchical Preference Steering (TPS) introduces a query-
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Figure 2: An overview of the QRAE framework. DHR dynamically selects query-relevant attention heads by estimating their
truth-untruth sensitivity across activation clusters. TPS then optimizes query-specific steering vectors through coarse-to-fine
preference calibration over a truth-hierarchical answer set, enabling precise and adaptive activation editing.

specific steering vector calibration policy with the guidance
of progressive truth-preferred optimization, enabling precise
and adaptive editing for each distinct query. In this section,
we first present the preliminaries of activation editing in Sec-
tion 3.1, and elaborate on DHR in Section 3.2 and TPS in
Section 3.3, respectively.

3.1 Preliminary

Given a Large Language Model (LLM) M composed of L
layers with H attention heads, the model generates an an-
swer a; = M(q;) for an input query ¢;. However, the inter-
nal activations tend to be untruthful when the query-related
knowledge is not properly activated (Li et al. 2023), causing
the answer y to be hallucinatory. Therefore, inference-time
activation editing technique is devised to directly steer un-
truthful activations, thereby promoting truthful responses.
Typically, given truthful answers A = {ajj} and un-

truthful answers A, = {a;, } for query ¢;, a triplet dataset
D= {(qi,a;;,ai_k)} is sampled from A} and A; for ac-
tivation editing. Subsequently, a-*- and a;, are concatenated

with query g; to extract the corresponding activations z( P+

andz(’ )= for each (I, h) € H, where H = [1, L] x [1,H]
denotes the Cartesian product of LLM attention heads.

For each head (I, h) € H, activation editing methods first
compute a fixed score sf(il,;h) (e.g. the validation accuracy of
head-wise binary classifiers on the validation set D (Li
et al. 2023; Chen et al. 2024)) to represent the average im-

portance for all queries:

(Lh)
Six = |Dva1| Z

Dval

M) >y, = 1]

FI @) <7l =0) M

where f(17)(.) denotes the binary classifier, 7 denotes the
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classification threshold (default to 0.5), y, denotes the bi-
nary truthful label and ]I( ) denotes the indicator function.

According to the score sﬁ’ h) , they select top K heads from
H to form a fixed set Rgx C 7—[ which is treated as compris-
ing heads with equal potential for generating untruthful acti-
vations for all queries. Consequently, for each selected head
(I,h) € Ryx. a global editing vector d"*) (e.g. by aver-
aging activation differences between truthful and untruthful
samples over D) is constructed as:

( ) (l h)+ (l h)—
Lh |D| Z [ . )

Subsequently, the global vector d(") is applied to the ac-
tivations of each head (I, h) € Ry with a fixed strength a:

7/l — (L) 4 o gl 3)

However, the previous fixed set of selected heads Rgx po-
tentially excludes the most informative heads for a given
query. In contrast, our DHR in Section 3.2 can dynamically
route each inferred query to its most sensitive heads Ri.
Additionally, previous editing strategies ignore the query-
specific steering direction and apply the globally averaged
editing vector d(**). Our TPS in Section 3.3 learns to re-

fine the d“" into an optimal query-aware vector &E”‘) , thus
maximizing the truthfulness of the generated answer.

3.2 Divergence-sensitive Head Routing

To break the previous invariant head-sensitivity criterion, we
propose Divergence-sensitive Head Routing (DHR) to adap-
tively route queries to query-related heads. DHR intuitively
leverages the activation divergences between query-related
truthful and untruthful answer clusters as a sensitivity met-
ric. It guides the constructed query-specific head estimator
to precisely quantify head sensitivity, thereby facilitating ef-
fective routing to the appropriate pathways.



Specifically, we first devise a query-specific head estima-
tor F(-;0x), where 0 denotes the parameters of F, to dy-
namically quantify which attention heads are most likely in-
volved in the inference pathway of a given query. In contrast
to traditional invariant score st(ilx’h), our estimator effectively
captures the internal hallucinatory patterns of the individual
query ¢; through the activation z;, and predicts the adaptive

sensitivity score §§l’h) for head (I, h) € H.

5 = F(z™":05) 4)

This score reflects the head potential for improving factu-
ality within the query-specific inference pathway. Accord-
ingly, by selecting the top K heads with the highest sensi-

tivity score §§l’h), we adaptively route the query to its most
truthfulness-related heads R ;:

Ri= {00 €U | F2":0r) >}, )

where 7; denotes the K'-th highest sensitive score across
all heads for query ¢;. In general, the query-routed heads
R; # R; differ across distinct queries, revealing the query-
specific nature of factuality-sensitive inference pathways.
Inspired by the discoveries (Guan et al. 2020; Geshkovski
et al. 2023) that informative attention head activations tend
to aggregate into functional clusters in the latent space, we
propose activation distribution divergence as the supervi-
sion signal for training the estimator F, which indicates the
head’s sensitivity to the query-centric truthfulness. Specifi-
cally, for each query ¢;, we leverage the truthful answers A;"
and untruthful answers A4, to extract the truthful activation

cluster Zi(l’h)Jr = {zl(.;’hH} and untruthful activation cluster
Zi(l’h’)_ = {zz(.ﬁc’h)_} at I(lleigi (I,h) € H, respectively. The

supervisory divergence 5, is computed as:

(Lh)+ (l,h)—‘|%

g(l,h) _ ||Ni
i O_Z(l,h)-i— i Jl(z,h,)_ n A

6)

where yu = 27 3, ¢ > z denotes the mean vector of an acti-

vation cluster, o = ﬁ > scz Iz — p||3 represents its vari-
ance, and ¢ is a small positive constant for numerical stabil-
ity. With the guidance of divergence, we train the estimator
F by minimizing the Mean Squared Error between the pre-
dicted scores and the supervisory divergence scores:

1 R
Lonp == O O |1 F("":07) — )3 )
D [H] & £

As aresult, our DHR module can route a diverse query to the
promising query-specific heads R; for subsequent editing.

3.3 Truth-hierarchical Preference Steering

To accommodate the query-specific variability in editing di-
rection, we propose Truth-hierarchical Preference Steering
(TPS) to achieve optimal activation steering for each query.
TPS incorporates a query-guided directional calibration pol-
icy to adaptively refine the global steering vector. It is pro-
gressively trained by optimizing the query-centric editing
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preferences over the constructed truth-stratified answer hi-
erarchy, thereby promoting effective editing on the sensitive
heads R; routed by DHR.

Initially, we devise the query-guided directional calibra-
tion policy 7y, which perceives the environmental query se-
mantics z; | and performs optimal directional calibration ac-
tion of the global vector d. To effectively guide policy 7y to-
ward generating optimal steering vectors that maximize the
response factuality, we optimize 7y with a truth-hierarchical
preference, which transitions from untruthful to truthful, and
ultimately to the best answer. Specifically:

(1) Basic untruthful-to-truthful preference: First, the
untruthful-to-truthful preference L, _,; ensures that the op-
timized query-specific calibration strategy 7y exhibits a
basic truthful-untruthful discriminative advantage. Specif-
ically, policy 7y generates truthful vectors {d;; \d;;

o([d, z;;];0)} by calibrating d with the guidance of truth-

ful activations {z;}. These vectors are expected to steer
LLM towards responding truthfully.

Similarly, policy mg leverages the untruthful activations
{z;.} to refine the global editing vector d, generating un-
truthful vectors {d;; |d;, = mo(|d,z;;];6)} that maximize
the probability of hallucinatory responses.

Consequently, the preference £,,_,; constrains the reward
rg(a;"j, q;) of all truthful answers to be ranked above the re-

ward rg(a;,,, ;) of all untruthful answers. The reward is for-
mulated as:

M(ailg;) o mo([d, zi]; 6)

M(aslg;) od 7
where M (a;|q;) o mo([d, z;]; #) denotes the LLM’s answer
distribution after applying the 7y-calibrated steering vectors
to the DHR-selected heads R;:

Zg =2z, +q;- 79([a7zi];0)’

ro(ai,q;) = B -log (8

€))

and o; = 5;-aumax denotes the query-specific editing strength
based on the sensitivity score $;. Accordingly, M(a;|g;) od
denotes the distribution of LLM with global editing vector

d. The whole £,,_,; preference can be formulated as:
Lyt = 7E(qi,Aj,A;)~D {1Og ¢ (EQEN_Aj 7’0((11—';‘7 %ﬁ)

- ]Ea;kNA;TQ(ai_}c’Qi)>}7

where ¢ is the logistic function.

(2) Progressive truthful-to-best preference: Further-
more, we build the advanced truthful-to-best preference
L, to progressively refine the query-aware calibration
policy mp from merely correct to optimal. To this end, we
further perform a fine-grained stratification of the truthful
answers and choose the best answer a] for g;. Within the
answer hierarchy [a}, A", A;], a} serves as the most truth-
ful and comprehensive answer, thereby providing the op-
tima] calibration assistance for my to derive the best vec-
tor df = my([d,z}];0). This optimal vector should yield

(10)

'"Due to the identical operation for each head (I, h), we omit
the (I, h) index for all relevant symbols (e.g., z, d) in the following
paper to simplify the notation.



a higher reward r¢(a}, ¢;) than all truthful vectors, thereby
establishing the preference £;_.;:

Loy = _E(qi,af,Aj)wD* [10g¢(7‘9(@:, )
- Ea;erA;rre(a;} Qz))} ;
Finally, by combining Lrpgs = L4+ L for progres-

sive optimization, the calibration policy g can effectively
adjust the global vector d to query-optimal steering vectors

d;, thereby maximizing the truthfulness of the response.

Y

4 Experiments

In this section, we present comprehensive experiments on
the standard hallucination benchmarks to demonstrate the
effectiveness of QRAE in mitigating hallucinations.

4.1 Experimental Setup

Benchmarks and Metrics To ensure a comprehensive
evaluation of model truthfulness, we conduct comparative
experiments with other methods on the Truthful QA bench-
mark (Lin, Hilton, and Evans 2022) and assess the gener-
alization ability of our approach on TriviaQA (Joshi et al.
2017) and Natural Questions (Kwiatkowski et al. 2019). For
datasets that do not inherently contain hierarchical or multi-
level answers, we construct such structures by following the
Truthful QA protocol, which can be readily generalized to
other activation editing datasets. In cases where datasets pro-
vide a single standardized best answer and the queries are
clearly defined without requiring additional human adjudi-
cation, we instruct GPT-4 to generate several diversified yet
faithful variants. Following established protocols (Li et al.
2023), we assess performance on the open-ended generation
task using the True*Info rate, which measures both truth-
fulness and informativeness. For the multiple-choice task,
performance is evaluated with the MC1, MC2 and MC3 ac-
curacy metrics.

Baseline and Comparative Methods We adopt several
open-source LLMs as baselines, with LLaMA-3-8B-Instruct
(Meta 2024) selected as the primary model for our experi-
mental evaluation.

We first compare the proposed QRAE with various
editing-based methods, including fixed editing methods
such as ITI (Li et al. 2023), TrFr (Chen et al. 2024),
TruthX (Zhang, Yu, and Feng 2024), SEA (Qiu et al. 2024),
and HPR (Pham and Nguyen 2024), as well as adaptive edit-
ing methods such as LITO (Bayat et al. 2024), ACT (Wang
et al. 2025a), and SADI (Wang, Yang, and Peng 2024). We
also consider other effective methods that enhance various
alignment capabilities for comparison, including Supervised
Fine-Tuning (SFT) (Li et al. 2023), Few-shot Prompting
(FSP) (Bai et al. 2022), and decoding-based approaches like
DoLa (Chuang et al. 2023) and SH2 (Kai et al. 2024).

Implementation Details We adhere to the experimental
setup outlined in (Li et al. 2023) and apply 2-fold valida-
tion for all experiments, thereby ensuring fair comparisons.
Unless noted, the number of edited heads K is set to 48. It
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is further noticed that the maximum editing strength cp,y is
set to 20, which serves as a universal setting since the learn-
able TPS scales vectors to compensate. Trainable modules
are optimized with the Adam optimizer at a learning rate of
1 x 1073, All experiments run on NVIDIA A100 GPUs.

4.2 Experimental Results

As shown in Table 1, our proposed QRAE framework con-
sistently outperforms all existing methods on the Truth-
fulQA benchmark, demonstrating strong effectiveness in
both open-ended and multiple-choice settings. For open-
ended generation, QRAE achieves a True*Info score of
85.1%, surpassing the baseline of 62.0% by 23.1 points.
It also attains 63.3% accuracy on MCl1, a 13.2% improve-
ment over the next-best method. These results underscore
QRAE’s ability to generate truthful and informative re-
sponses, attributed to its Divergence-sensitive Head Routing
and Truth-hierarchical Preference Steering, which enable
adaptive path selection and query-specific vector calibra-
tion. Compared with other editing-based methods, QRAE
not only enhances response truthfulness but also maximizes
information content, reaching an Info metric of 95%. No-
tably, QRAE does not exceed some methods on this met-
ric because TruthfulQA includes questions requiring non-
informative answers such as “I have no comment” (56/817).
These responses in our method (36/817 questions) con-
tribute to the slightly lower Info metric, yet are closely
aligned with the distribution of answers in the dataset.

Besides the powerful LLaMA-3-Instruct-8B, we also val-
idate eight other sophisticated LLLMs varying in architecture
and parameter size. Figure 3 shows that we can effectively
enhance the truthfulness of all models, yielding average im-
provements of 24.4% in True*Info score.

True*Info —— Baseline
Alpaca-7B ACT 70 .—— 190
Baichuan- Ours . /:/ - .
7B-Chat 733 LLaMA-2- = °
758 782 13B-Chat  _ 50, 80
~ A\ (S *
\ . = [}
LLaMA- 706 \ 81.4Mistral- >
7B 7B 50 70
162 187 40! Baseline 60
Dccps;cck- 80.5 LLaMA-2-
7B-Chat 7B-Chat 75 50 75 100
Vicuna-7B Head Num

Figure 3: Performance of Figure 4: MC1 and True*Info
QRAE across various LLMs. with K heads.

4.3 Ablation Study

To validate the individual contributions of our proposed
modules, we conduct an ablation study with results pre-
sented in Table 2. The baseline model without any edit-
ing achieves a True*Info score of 62.0%. Integrating only
the DHR module improves the True*Info score to 74.2%,
which demonstrates the effectiveness of dynamically rout-
ing queries to relevant attention heads. Applying only the
TPS module yields a more substantial improvement, increas-
ing the score by 21.3% and underscoring the critical role of



Method Open-ended Generation Multiple-Choice
ethods True*Info (1)  True (1)  Info (1) MC1 (1) MC2 (1) MC3 (1)
Baseline 62.0 69.5 89.2 39.1 58.6 29.5
Supervised Fine-tuning 69.5 71.2 97.6 39.3 56.6 30.6
Few-shot Prompting 66.4 67.4 98.4 41.4 59.2 29.6
Decoding-based Methods
DoLa (ICLR’24) 71.8 73.2 98.0 40.6 59.3 31.8
SH2 (EMNLP’24) 62.3 71.9 86.7 322 56.5 31.9
Editing-based Methods
ITI (NeurlPS’23) 69.0 79.8 86.4 41.1 61.1 31.7
TrFr (AAAI’24) 73.2 82.0 89.3 41.5 60.0 30.8
TruthX (ACL’24) 64.9 71.8 90.3 42.8 61.2 32.2
LITO (ACL’24) 52.6 84.6 62.3 40.4 58.3 29.6
SEA (NeurIPS’24) 72.3 81.8 88.4 42.8 61.1 333
ACT (WWW’25) 72.6 79.6 91.2 422 62.1 32.1
SADI (ICLR’25) 75.2 83.1 90.5 43.1 62.6 32.4
HPR (EMNLP’24) 78.5 85.1 92.2 50.1 68.2 424
Ours 85.1(16.6%)  89.6(14.5%) 95 63.3(113.2%) 77.9(19.7%) 55(112.6%)

Table 1: Comparison of QRAE with SOTA methods on the Truthful QA Benchmark using LLaMA-3-Instruct-8B. The best
results are in bold. Each numerical result is reported under multiple rounds.

DHR TPS | True*Info True MC1
Baseline | 62.0 69.5 39.1
v T42(1122%) 82.3(112.8%) 46.3(17.2%)
V| 8331213%) 89.1(119.6%) 61.3(122.2%)
v v 85.1(123.1%) 89.6(120.1%) 63.3(124.2%)

Table 2: The ablation study of two modules in QRAE.

tailored directional calibration. The complete QRAE frame-
work, combining both DHR and TPS, achieves the highest
score of 85.1%. This result confirms that our two modules
are complementary, with DHR providing the optimal loca-
tions for the precise vector calibration performed by TPS.

4.4 Deep Analysis

Analysis of Edited Heads (X)) We analyze the impact of
the number of edited heads K on QRAE performance, as
shown in Figure 4. As K increases from 16 to 96, both
the True*Info score and MCI1 accuracy steadily improve,
with the largest gain observed when K increases from 16 to
48, during which True*Info rises from 77.5% to 85.1% and
MCI from 51.5% to 63.3%. Beyond this range, the improve-
ments become marginal, indicating that the earlier-ranked
heads contribute most to factuality enhancement. These re-
sults confirm the effectiveness of the DHR module in prior-
itizing truth-critical heads.

Analysis of Selection Criterion To verify the effective-
ness of DHR in identifying truth-critical heads, we compare
it with several representative strategies, including Random
selection, Bias-based scoring, SADI, and the probe-accuracy
method from ITI. All methods utilize the same global edit-
ing vector to ensure fairness. As shown in Table 3, DHR
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achieves the highest performance across all metrics, increas-
ing the True*Info score to 74.2% and MCI1 accuracy to
46.3%, which corresponds to improvements of 12.2% and
7.2% over the baseline, respectively. Figure 5 further illus-
trates that, in contrast to ITI, which primarily clusters heads
in mid-layers such as layers 10 to 18, DHR selects a sparser
and more widely distributed set across the network. These
results demonstrate that DHR is capable of capturing query-
specific, truth-sensitive heads beyond what can be achieved
by global averaging strategies.
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Figure 5: Visualization of head selection methods.

Analysis of the Hierarchical Calibration Strategy We
analyze the components of the TPS module, with results
shown in Table 4. Using DHR alone (without TPS calibra-
tion) yields a True*Info score of 74.2%. Introducing only
the untruthful-to-truthful loss (£,_¢) boosts performance
to 81.3%, highlighting its key role in establishing truthful
preference. In contrast, using only the truthful-to-best loss
(L) yields smaller gains, suggesting it mainly refines
the truthful direction. Combining both losses, the full TPS
module achieves the highest score of 85.1%, demonstrating



Methods | True*Info True MC1
Baseline 62.0 69.5 39.1
Random 65.8 71.9 40.2
ITI 69.0 79.8 41.1
Bias 52.2 65.9 39.5
SADI 66.2 73.1 40.8

Ours | 74.2(112.2%) 82.3(112.8%) 46.3(17.2%)

Table 3: Comparison of different head selection methods.

Methods | True*Info True MC1
w/o TPS 74.2 82.3 46.3
W Lusse | 813(17.1%)  88.3(16.0%)  59.7(113.4%)
w/ Li_sp 78.5(14.3%) 86.2(13.9%) 53.3(17.0%)

w/TPS | 85.1(110.9%) 89.6(17.3%) 63.3(117.0%)

Table 4: Analysis of different preferences in TPS.

the effectiveness of modeling truth-hierarchical preference.
Rather than relying on a single signal, TPS adopts a two-
stage strategy in which truthfulness is aligned progressively
from coarse to fine, allowing the steering vector to be refined
toward accurate and informative answers. These results con-
firm the importance of hierarchical preference modeling for
precise, query-specific editing.

Analysis of Training Data Size To assess data efficiency,
we evaluate QRAE under varying training data sizes, as
shown in Figure 6. With only 10% of the data, QRAE
achieves a strong MC1 score of 48.7%, and performance
continues to improve with more data, reaching 58.9% at
50%. These results demonstrate that QRAE performs well
in low-data regimes while scaling effectively, as additional
data helps DHR better identify relevant heads and allows
TPS to refine the editing vector more precisely. This high-
lights both the framework’s strong performance in low-data
regimes and its capacity to achieve higher precision as more
data becomes available.
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Figure 6: MCI1 performance Figure 7: Comparison of In-
across data size. ference Computation.

4.5 Inference Computation

We compare the inference efficiency of QRAE with other
editing methods in Figure 7, where Latency measures
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the time per iteration (s/iter). QRAE achieves the highest
True*Info score among all methods while introducing only
a modest increase in inference time over the baseline. It re-
mains more efficient than several adaptive methods such as
SADI and ACT. Given the substantial gains in factuality, this
moderate overhead is acceptable, demonstrating that QRAE
effectively balances performance and efficiency.
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Figure 8: Cross-dataset generalization of QRAE.

4.6 Generalizability

To assess the generalizability of QRAE, we perform a cross-
dataset evaluation where the DHR and TPS modules are
trained on one benchmark and applied to others without fur-
ther tuning. As shown in Figure 8, QRAE achieves con-
sistent improvements over the baseline across all train-test
combinations. Each cell reports the absolute percentage
point gain in the MC1 metric. The diagonal entries reflect
in-domain effectiveness, with the highest improvement of
24.2% observed when both training and evaluation are con-
ducted with Truthful QA. Importantly, strong cross-dataset
transferability is also evident. For example, models trained
on Natural Questions yield 8.8% and 6.2% gains on Triv-
1aQA and TruthfulQA, respectively. These results demon-
strate that QRAE does not rely on dataset-specific cues. In-
stead, its query-adaptive editing strategy captures generaliz-
able patterns of factual reasoning, enabling effective hallu-
cination mitigation even on unseen distributions.

5 Conclusion and Future Work

In this work, we addressed the challenge of query-agnostic
editing for LLM hallucination by proposing Query-Routed
Activation Editing (QRAE), a novel framework for adap-
tive activation editing. Our framework uniquely combines
divergence-sensitive head routing with truth-hierarchical
preference steering to achieve precise, context-aware edit-
ing. Extensive experiments confirmed that QRAE signifi-
cantly outperforms existing methods on several challenging
benchmarks. While effective, QRAE relies on a truth hier-
archy during TPS calibration, which may limit its use for
queries that cannot be verified for correctness. Future work
will explore dynamic preference modeling to adapt the hier-
archy based on query intent or context.
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