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Abstract

Sparse Mixture-of-Experts (MoE) models have
achieved remarkable scalability, yet they re-
main vulnerable to hallucinations, particularly
when processing long-tail knowledge. We iden-
tify that this fragility stems from static Top-k
routing: routers tend to favor high-frequency
patterns over rare factual associations. Conse-
quently, “specialist experts” possessing criti-
cal long-tail knowledge are often assigned low
gating scores and remain “dormant”—under-
prioritized for specific tokens despite their
proven causal importance on other inputs. To
address this, we propose Counterfactual Rout-
ing (CoR), a training-free inference frame-
work designed to awaken these dormant ex-
perts. CoR integrates layer-wise perturbation
analysis with the Counterfactual Expert Im-
pact (CEI) metric to dynamically shift com-
putational resources from syntax-dominant to
knowledge-intensive layers while maintaining
a constant total activation count, effectively re-
trieving causally decisive experts via virtual ab-
lation. Extensive experiments on TruthfulQA,
FACTOR, and TriviaQA demonstrate that CoR
improves factual accuracy by 3.1% on average
without increasing the inference budget, estab-
lishing a superior Pareto frontier compared to
static scaling strategies. Code is available at
https://github.com/ZhaiYanbo/CoR.

1 Introduction

Mixture-of-Experts (MoE) architectures have be-
come the dominant paradigm for scaling Large Lan-
guage Models (LLMs) by decoupling parameter
count from inference cost (Shazeer et al., 2017). By
routing each token to only a subset of experts, MoE
models scale to hundreds of billions of parameters
while maintaining computational efficiency compa-
rable to much smaller dense models. For instance,
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Qwen-3-30B-A3B (Yang et al., 2025) activates
only 3B of its 30B parameters per token, outper-
forming dense counterparts with significantly less
computation. Similarly, the TeleChat model family
has progressed from dense architectures (He et al.,
2024; Wang et al., 2024, 2025; Li et al., 2024b,a) to
the TeleChat3-MoE series (Liu et al., 2025), scaling
to over one trillion parameters with a high-sparsity
MOoE architecture, further demonstrating the trend
of MoE as the dominant scaling paradigm. Despite
these efficiency advantages, MoE models remain
susceptible to hallucinations—generating plausi-
ble but factually incorrect content (Ji et al., 2023;
Huang et al., 2025)—particularly for long-tail en-
tities where accuracy degrades sharply (Kandpal
et al., 2023; Mallen et al., 2023).

Recent studies have identified two factors partic-
ularly relevant to MoE architectures. First, long-tail
knowledge sparsity: LLMs primarily capture fre-
quent patterns, struggling with rare facts due to
insufficient training signal (Sun et al., 2024; Kand-
pal et al., 2023). Kalai and Vempala (2024) theo-
retically proved that hallucinations are inevitable
when models generalize beyond training coverage.
Second, spurious correlations: models learn mis-
leading pattern associations that produce plausible-
sounding but factually incorrect content when
queried about unfamiliar entities (Seitzer et al.,
2022; Zhang et al., 2024).

These issues manifest distinctively in MoE mod-
els through the routing mechanism. Standard Top-k
routing is trained jointly with expert parameters us-
ing auxiliary load balancing losses (Fedus et al.,
2022; Lepikhin et al., 2020; Zhou et al., 2022).
However, since load balancing encourages uni-
form expert utilization and high-frequency tokens
dominate the training corpus, routers learn to fa-
vor frequency-based patterns over rare factual as-
sociations. This creates a systematic correlation-
causality misalignment: “generalist experts” han-
dling common linguistic features receive high gat-
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https://github.com/ZhaiYanbo/CoR

ing scores, while “specialist experts” harboring
long-tail knowledge are assigned low scores. Dur-
ing inference on hard tokens, these specialists be-
come “dormant”: functionally capable of providing
correct information but receiving low gating scores
for the current context, despite proving critical on
other inputs. The model “knows” the fact (stored
in specialist parameters) but fails to “recall” it (due
to routing decisions), resulting in hallucinations.

Existing hallucination mitigation techniques fail
to address this routing bottleneck. Training-time
approaches such as retrieval-augmented genera-
tion (Lewis et al., 2020) require extensive re-
sources and cannot be applied to deployed models.
Inference-time interventions like DoLa (Chuang
etal., 2024) and ITI (Li et al., 2023) operate on the
output distribution or residual stream, attempting
corrections after routing decisions have been made
and cannot recover information from experts that
were never activated.

To address this, we propose Counterfactual Rout-
ing (CoR), a training-free inference framework
that awakens dormant experts through causal guid-
ance. Our key insight is to distinguish correlation
(what the router prefers based on training statis-
tics) from causality (what the prediction actually
needs for factual correctness). CoR achieves factu-
ality improvement via compute-preserving expert
redistribution—activating the same total number of
experts as standard inference—through two com-
plementary mechanisms. At the layer-wise level,
recognizing that factual knowledge concentrates
in specific layers (Meng et al., 2022; Geva et al.,
2023; Dai et al., 2022), we employ perturbation
analysis to identify knowledge-intensive layers and
dynamically expand their expert budget while re-
ducing allocations to syntax-dominant layers. At
the expert-wise level, we introduce Counterfactual
Expert Impact (CEI), a causal metric derived from
virtual ablation. Unlike correlation-based gating
scores, CEI captures causal necessity—identifying
experts essential for factual correctness regardless
of their router scores. Experts with high CEI but
low router scores are precisely the dormant special-
ists that CoR awakens. Extensive experiments on
Qwen-3-30B-A3B (Yang et al., 2025), DeepSeek-
V2-Lite (DeepSeek-Al et al., 2024), and GPT-OSS-
20B (OpenAl et al., 2025) demonstrate the superi-
ority of our method.

Our contributions are summarized as follows:

* We expose the “Dormant Expert” phe-

nomenon in MoE models, providing empir-
ical evidence showing how static Top-k rout-
ing contextually under-prioritizes knowledge-
bearing experts for long-tail tokens due to
correlation-causality misalignment.

* We propose CoR, a training-free framework
achieving compute-preserving expert redistri-
bution through causal-guided resource reallo-
cation across layers and experts.

* Extensive experiments demonstrate that CoR
achieves an average improvement of 3.1%
on hallucination benchmarks without increas-
ing the inference budget, establishing a supe-
rior Pareto frontier compared to static scaling
strategies.

2 Related Work

Hallucination Mitigation. Hallucinations in
LLMs—generating plausible but factually incor-
rect content—have been extensively studied (Ji
et al., 2023; Huang et al., 2025; Zhang et al., 2025).
Mitigation approaches span training-time methods
like retrieval-augmented generation (Lewis et al.,
2020) and factuality-enhanced pretraining (Lee
etal., 2022), as well as inference-time interventions.
DoLa (Chuang et al., 2024) contrasts logits from
different layers to amplify factual signals, while
ITI (Li et al., 2023) shifts activations along truthful-
ness directions. However, these techniques operate
on output distributions or residual streams, essen-
tially polishing the result after the routing decision
is made. Notably, existing mitigation methods have
been exclusively designed and validated on dense
architectures. To our knowledge, no prior work has
specifically addressed hallucinations arising from
the routing-level decisions unique to MoE mecha-
nisms. Our work bridges this gap by intervening
directly in the expert selection process. Orthogo-
nally, recent studies have explored enhancing LLM
reasoning capabilities through structured thinking
paradigms, including computation logic graphs for
mathematical reasoning (Zhao et al., 2025a), multi-
perspective reasoning with reinforcement learning
for information extraction (Li et al., 2025¢), table
reasoning frameworks leveraging schema-guided
decomposition (Xiong et al., 2025), structured rea-
soning data construction pipelines (Xing et al.,
2025), preference-driven methodologies for effi-
cient code generation (Li et al., 2025d), and rein-
forcement learning-driven optimization strategies
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Figure 1: Overview of the Offline Causal Analysis pipeline. The framework consists of three hierarchical stages:
(a) Token Stratification: We stratify tokens into hard (knowledge-intensive) and easy (syntax-dominant) subsets
based on model uncertainty to disentangle factual reasoning from generic processing. (b) Layer-wise Analysis:
We apply Contrastive Sensitivity Normalization to identify knowledge-intensive layers by measuring their relative
sensitivity ([2;) to hard tokens while mitigating error cascading. (c) Expert-wise Analysis: We compute CEI via
virtual ablation to uncover “dormant” experts—causally critical on some tokens but under-prioritized on others.

for domain-specific tasks (Li et al., 2025c). While
these methods improve reasoning quality at the
task level, they do not address the routing-level
decisions within MoE architectures that our work
targets.

MoE Routing Mechanisms. Sparse MoE mod-
els replace dense feedforward layers with expert
modules, using learned gating functions to select a
subset of experts per token (Shazeer et al., 2017;
Fedus et al., 2022). Training requires auxiliary
losses for load balancing, as routers otherwise col-
lapse to repeatedly selecting the same experts (Lep-
ikhin et al., 2020). Expert Choice routing inverts
selection, having experts choose tokens (Zhou
et al., 2022). Recent analyses reveal that experts
exhibit temporal locality and syntactic rather than
semantic specialization (Jiang et al., 2024). These
findings suggest routing learns surface patterns
rather than factual associations, motivating our
causally-grounded expert selection. Despite exten-
sive work on MoE routing efficiency and load bal-
ancing, the connection between routing decisions
and factual accuracy remains underexplored. Be-
yond routing design, complementary directions for
improving MoE efficiency have been explored. Hu
et al. (2025) propose Mosaic Pruning, a hierarchi-
cal framework that preserves functionally diverse
experts during structured pruning via a “cluster-
then-select” strategy, revealing that expert special-
ization patterns are critical for downstream gener-

alization. At the attention level, Zhao et al. (2025b)
introduce SPAttention, which partitions the atten-
tion workload into non-overlapping distance bands
across heads, demonstrating that principled struc-
tural sparsity can serve as an effective inductive
bias without sacrificing performance. Addition-
ally, knowledge distillation has emerged as a com-
plementary paradigm for compressing large-scale
models while preserving representational capac-
ity (Lietal., 2025b,a, 2026a), and similarity-guided
layer pruning strategies further reduce redundancy
in deep architectures (Li et al., 2024¢, 2026b). Our
work bridges this gap by revealing how standard
routing contextually disadvantages knowledge re-
trieval, and proposes the first causally-grounded in-
tervention specifically targeting this failure mode.

3 Methodology

In this section, we present the Counterfactual Rout-
ing (CoR) framework. We first formalize the stan-
dard Sparse Mixture-of-Experts (MoE) architec-
ture. We then detail our two-phase approach: an
offline causal analysis to identify critical compo-
nents (Figure 1), and an online inference strategy
based on compute-preserving expert redistribution
(Figure 2).

3.1 Preliminaries

We consider a Transformer-based MoE model with
L layers. Let hgt_)l € R? denote the hidden state of
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Figure 2: Schematic of Compute-Preserving Expert Redistribution. CoR dynamically reallocates budget based
on layer sensitivity. (a) Knowledge-Lean Layer: reduce active experts to save budget. (b) Knowledge-Dense

Layer: expand budget and fuse CEI to awaken dormant experts.

(budget-neutral).

the ¢-th token at layer [ — 1. The [-th MoE layer
consists of N expert networks {E;;}Y ,, where
each expert is typically a Feed-Forward Network
(FFN).

Gating Mechanism. A router (or gating net-
work) () determines the contribution of each ex-
pert. It typically applies a linear projection fol-
lowed by a Softmax function:

Gi(h")) = Softmax(h{", W,) (1)

where W, € R¥¥ is the learnable routing weight
matrix. Let gl(z) denote the gating probability for
the -th expert. To ensure sparsity and computa-
tional efficiency, standard MoE employs a Top-k
selection strategy. The set of active indices for to-
ken ¢ is defined as Al(
k< N.

Sparse Output. The output of the MoE layer,

= Top- k:({gll N 1), where

hl(t), is the weighted sum of the activated experts’
outputs plus the residual connection:

n =n" + 3 47 E.m”) @
ZE.A(t

3.2 Offline Causal Analysis

Standard routing mechanisms often fail to capture
long-tail knowledge due to spurious correlations
learned during training. To rectify this, we perform
a comprehensive offline analysis on a calibration
dataset to pinpoint where factual knowledge re-
sides (Layer-wise analysis) and which experts are
causally necessary (Expert-wise analysis).

3.2.1 Token Stratification

To disentangle knowledge-intensive reasoning
from generic syntactic processing, we stratify to-
kens based on model uncertainty. By perform-
ing a forward pass on a calibration dataset (e.g.,

The total activation count remains constant

C4 (Dodge et al., 2021)) using the Original model
M, we compute the token-level negative log-
likelihood (NLL) loss /(). We define two con-
trastive subsets based on percentile thresholds: the
hard sample set Dparq = {2 | JAQRSS Thigh } Tepre-
senting long-tail knowledge, and the easy sample
set Deasy = {1 | M < Tlow | T€presenting common
syntax.

3.2.2 Layer-wise analysis

Standard MoEs allocate a uniform computational
budget across all layers. However, we hypothesize
that factual knowledge is concentrated in specific
deep layers. To locate these layers, we employ
Layer-wise Perturbation Analysis.

Crucially, raw perturbation scores are often bi-
ased by the “Error Cascading” effect: a small per-
turbation in shallow layers undergoes successive
amplifications through the network’s depth (via ma-
trix multiplications and non-linearities), resulting
in a spuriously high loss deviation even for semanti-
cally insensitive layers. To eliminate this structural
bias and isolate true knowledge dependency, we
propose Contrastive Sensitivity Normalization.

Raw Sensitivity Calculation. For a specific
layer [, we apply a uniform multiplicative perturba-
tion ¢ to its output Ol(t) while keeping other layers
frozen. We calculate the expected loss degradation
for both hard and easy subsets separately:

- o7 2 1m0

teD

g(t)] 3)

where Ol(t) = (1 +9) 06 Ol(t) and D €
{Dhard, Deasy }- Intuitively, Sj(Deqsy) captures the
layer’s inherent structural amplification factor, as
easy tokens primarily rely on syntax processing
rather than deep knowledge retrieval.

Relative Knowledge Intensity (RKI). To de-
couple the knowledge component from structural
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noise, we define the final layer score R; as the ratio
of hard-to-easy sensitivity:

D
R — Si(Dhara)

" Si(Deasy) + € @

A high R; indicates that layer [ is disproportion-
ately critical for hard tokens compared to easy ones,
signifying a Knowledge-Intensive Layer. This
score will guide our Layer-wise analysis budget
reallocation. We provide a rigorous theoretical
derivation demonstrating how R; cancels out struc-
tural depth bias in Appendix A.1.

3.2.3 Expert-wise analysis

Within knowledge-intensive layers, the router may
still assign low gating scores to certain experts for
specific input tokens, even though these experts
prove critical when activated on other hard tokens.
We term such contextually suppressed experts as
“dormant” and propose Counterfactual Expert Im-
pact (CEI), a causal metric that quantifies an ex-
pert’s aggregated causal value across the calibration
set via virtual ablation.

Specifically, for a target expert e in layer [, we
first isolate the subset of hard tokens where this
expert was originally activated by the Top-k mech-
anism, denoted as 7j, = {t € Dhaa | € € Al(t) }.
To quantify the causal contribution of expert e, we
construct a locally counterfactual scenario by ex-
plicitly ablating it from the network. To ensure a
valid probability distribution during this interven-
tion, the original gating probability mass of expert
e is redistributed proportionally among the remain-
ing experts to form a surrogate distribution g:

® 0 ifj=e
g1; = 9" e (5)
S e e

We then compute the counterfactual loss !785)_6)

using this ablated routing configuration.

The marginal causal effect of expert e on token ¢
is defined as the performance degradation (loss in-
crease) caused by its removal, termed the “Rescue
Gain™:

AGY =1~ ©6)

e (l,—e)

A positive Afl(te) implies that expert e possesses
unique knowledge required for token ¢ that cannot
be compensated by other generalist experts. Finally,

the global CEI score for expert e is derived by

aggregating the expected causal effect across all
relevant hard tokens:

,€

CEL. = Erer;, [Alf7] )

This metric effectively disentangles an expert’s ne-
cessity from its popularity (gating frequency), high-
lighting experts that are critical for correctness de-
spite low routing confidence. Since CEI aggregates
causal impact across calibration tokens, an expert
with high CEI may still receive a low router score
on a new input due to context shift—precisely the
“dormant” scenario where CoR intervenes.

3.3 Compute-Preserving Inference

During the inference phase, we dynamically
adjust the routing strategy based on the pre-
computed layer sensitivity { R;} and expert criti-
cality {CEI, . }. Our approach operates on the prin-
ciple of compute-preserving expert redistribution,
ensuring that the total computational cost remains
constant while maximizing factual accuracy. The
inference process is depicted in Figure 2.

Adaptive Budgeting via Reallocation. Instead
of a uniform Top-k across all layers, we reallocate
the total computational budget Ko = L X Kpaseline
across layers proportional to their Relative Knowl-
edge Intensity R;. The number of active experts k;
for layer [ is calculated as:

R
ki = Round <K1 : Ll> @®)
Zj:l R;

This strategy allocates more experts to deep,
knowledge-intensive layers to enhance reasoning
capabilities, while pruning activations in shallow,
syntax-dominant layers.! Crucially, the constraint
> ki &= Kioral ensures that the overall FLOPs count
remains equivalent to the standard baseline.

Awakening Routing via Context-Prior Fusion.
Once the layer-wise budget k; is determined, we
rely on a hybrid mechanism to select specific ex-
perts. Relying solely on the static CEI score would
ignore the dynamic context of the current input
token (e.g., syntax structure), potentially harming
general fluency. Conversely, relying solely on the
original router G;(x) leads to the dormant expert
problem. Therefore, we select the Top-k; experts
by fusing the dynamic context with the causal prior,
as illustrated in Figure 3. The final selection score
for expert ¢ in layer [ is defined as:

"Here, k denotes the fixed number of active experts em-
ployed in the standard Top-k routing baseline.
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Figure 3: Illustration of Causal-Guided Expert Awaken-
ing. This diagram visualizes the fusion mechanism in
Eq. 9. The Standard Router (left) suppresses the critical
expert (Expert 3) due to frequency bias. CoR injects
the Causal Impact (right) as a prior, boosting the fused
score to “awaken” the dormant specialist.
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where A is a hyperparameter controlling the in-
tervention strength. Note that to align the scales,
we apply Min-Max Normalization to the raw CEI;
scores within each layer before fusion. This for-
mulation acts as a causal rectification: for general
tokens, the high magnitude of Gj(x) dominates,
preserving the model’s linguistic capabilities; for
hard knowledge tokens where the router is uncer-
tain, the high CEI acts as a bias term to “awaken”
the specialist expert.

Complexity and Robustness Analysis. We
briefly analyze the overhead and hyperparameter
sensitivity of our framework. In terms of offline ef-
ficiency, calculating CEI involves virtual ablation,
which is a computationally intensive but one-off
offline process performed on a small calibration
subset (e.g., |D| ~ 1,000 tokens). Crucially, this
pre-computation incurs zero additional latency dur-
ing online inference since the causal scores are
cached. Regarding hyperparameter stability, for
the intervention strength A in Eq. 9, we adopt a
conservative fixed value A = 0.1 across all exper-
iments. This choice functions as a minimal inter-

vention strategy: it ensures that the causal prior
acts as a subtle guide to “tip the scale” for dormant
experts only when the original router is uncertain,
thereby preserving the model’s general linguistic
fluency without aggressive overriding. Our analy-
sis confirms that performance is robust within the
small-value regime (A € [0.05,0.2)).

4 Experiments

4.1 Experimental Setup

Models and Benchmarks. We conduct experi-
ments on three MoE models with distinct archi-
tectures to ensure generalizability: DeepSeek-V2-
Lite (incorporating shared experts), Qwen-3-30B-
A3B, and GPT-OSS-20B. We evaluate performance
across a diverse set of benchmarks, including
Truthful QA (Lin et al., 2022), FACTOR (Muhl-
gay et al., 2024), TriviaQA (Joshi et al., 2017),
GSMSK (Cobbe et al., 2021), MMLU (Hendrycks
et al., 2020), and ARC-C/E (Clark et al., 2018).
Implementation Details. For the offline causal
analysis phase (Section 3.2), we utilize a randomly
sampled subset from the C4 (Dodge et al., 2021)
dataset as the calibration corpus. All inference
and analysis processes are performed on a sin-
gle NVIDIA H100 80G GPU, ensuring the effi-
ciency of our training-free framework. Detailed
hyperparameters (e.g., thresholds 7, intervention
strength \) and calibration setups are provided in
Appendix A.3.

Baselines to Compare. We compare CoR against
four baselines: (1) Standard Top-k Routing: The
conventional gating mechanism employed by de-
fault; (2) Random Routing: A control setting that
activates random experts within the budget; (3)
DoLa (Chuang et al., 2024): A decoding strategy
that contrasts logits between premature and mature
layers; and (4) ITI (Li et al., 2023): An inference-
time intervention method that shifts activations
along truth-correlated directions. Although DoLa
and ITI were originally designed for dense mod-
els, they operate on hidden states and output logits,
making them architecturally applicable to MoE
models. We include them as the strongest available
inference-time baselines given the absence of prior
work specifically targeting MoE hallucinations.

4.2 Main Results

We evaluate CoR against baselines on factual con-
sistency benchmarks. As shown in Table 1, CoR
consistently outperforms Standard, Random, and
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Truthful QA

FACTOR

Model Method TriviaQA Average
MCl1 MC2 Gen News Wiki

Standard 34.15 53.27 40.64 65.35 56.15 38.49 48.01

Random 30.42 49.85 36.20 61.20 52.30 34.15 44.02

Qwen-3-30B-A3B DoLa 34.38 53.45 40.92 65.60 56.10 38.55 48.17
ITI 34.22 53.15 40.50 65.10 56.25 38.38 47.93

CoR (Ours) 35.13 54.81 44.08 67.80 58.15 39.70 49.95

Standard 21.54 31.88 29.13 56.21 47.73 42.25 38.12

Random 18.30 28.50 25.40 52.15 44.20 38.60 34.53

DeepSeek-V2-Lite DoLa 21.10 32.05 28.95 55.90 47.50 41.80 37.88
ITI 21.65 32.15 29.20 56.35 47.60 41.75 38.12

CoR (Ours) 23.26 43.61 45.90 58.01 48.73 41.89 43.57

Standard 34.03 53.11 19.20 30.69 34.87 29.55 33.58

Random 31.50 50.20 16.80 28.10 32.40 26.80 30.97

GPT-OSS-20B DoLa 34.60 53.55 19.85 31.05 34.62 30.15 33.97
ITI 34.45 53.40 20.10 30.85 34.95 29.90 33.94

CoR (Ours) 36.32 54.73 21.55 31.82 35.32 33.21 35.49

Table 1: Zero-shot performance of Counterfactual Routing (CoR) compared with baseline methods on factuality
benchmarks. CoR is compared with Standard Top-£ routing, Random routing, and inference-time interventions
(DoLa, ITI) across three architectures. Best scores are in bold.

Model Method TruthfulQA FACTOR TriviaQA  Average
MCl1 MC2 Gen News Wiki
Standard 3415 5327 4064 6535  56.15 38.49 48.01
Layer-wise 3435 5358 4142 6580  56.55 38.82 48.42
Qwen-3-30B-A3B  p eriwise 3478 5425 4290 6695 5740 39.35 49.27
CoR (Full) 3513 5481 4408 6780  58.15 39.70 49.95

Table 2: Zero-shot ablation study of CoR components on the Qwen-3-30B-A3B. We compare the full CoR
framework against the Standard baseline and variants using only Layer-wise Budget Reallocation or Expert-wise

Causal Awakening. Best scores are in bold.

inference-time interventions (DoLa, ITI) across all
three architectures.

Crucially, we observe that DoLa and ITI, despite
representing the state-of-the-art for dense models,
exhibit diminished effectiveness on MoE architec-
tures. This result is not incidental but serves as an
empirical validation of our core hypothesis: these
methods operate on the activations of already se-
lected experts, attempting corrections after rout-
ing decisions have been made. If the router se-
lects “generalist experts” lacking specific knowl-
edge, post-hoc interventions cannot recover the
missing information, effectively “polishing a hol-
low prediction”.

In contrast, CoR addresses the root cause by rec-
tifying the expert selection process itself. By awak-
ening dormant specialists, CoR achieves substantial
improvements across diverse architectures. This
demonstrates that the dormant expert phenomenon
is a universal bottleneck and that CoR provides
a generalized, routing-aware solution superior to
purely post-hoc adjustments. Furthermore, we ex-

plore the potential of combining CoR with decod-
ing strategies. As detailed in Appendix A.4, inte-
grating CoR with DoLa yields cumulative gains,
confirming their orthogonality. Finally, we provide
extended qualitative case studies in Appendix A.5
to concretely illustrate how CoR corrects imitative
falsehoods across diverse domains.

4.3 Ablation Study

To scrutinize the contribution of each component
within CoR, we conducted an ablation study us-
ing the Qwen-3-30B-A3B model. The results in
Table 2 reveal that both components are essen-
tial but address different aspects of the routing
bias. The Layer-wise Only method improves perfor-
mance by shifting computational budget to deeper,
knowledge-intensive layers, confirming that fac-
tual recall requires depth. The Expert-wise Only
method retrieves specific dormant experts within
layers, validating the precision of our CEI metric.
Ultimately, the full CoR framework yields the best
performance, confirming that macroscopic budget
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MMLU

Model Method ARC-C ARC-E GSMS8K  Average
Human Social STEM Others

Standard 52.73 79.88 67.69 8749 7891  81.69 86.43 76.40

Qwen-3-30B-A3B  Random 45.15 72.52 60.25 78.61  70.52  73.46 75.20 67.96
CoR 53.24 79.48 67.44 87.55 78.88 81.30 87.23 76.45

Standard ~ 43.65 76.09 44.95 5847 4415  56.16 20.02 49.07

DeepSeek-V2-Lite Random 38.22 68.46 40.17 5233 3957  50.24 15.42 43.49
CoR 43.82 75.84 45.16 5826 4395  56.53 17.52 48.73

Standard ~ 45.22 77.46 45.08 65.75 4951 71.03 36.16 55.74

GPT-0OSS-20B Random 40.56 71.52 39.85 59.46  44.21 65.52 30.12 50.18
CoR 44.87 77.55 45.12 65.23 4843  71.15 34.56 55.27

Table 3: Zero-shot performance on general capability benchmarks. CoR is compared with Standard and Random

routing to verify that factual interventions do not degrade general reasoning. Best scores are in bold.

reallocation and microscopic causal selection are
complementary strategies that, when superimposed,
maximize factual robustness.

4.4 Mechanism Visualization: Awakening
Dormant Experts

We investigate the underlying mechanism of CoR
by analyzing the correlation between router confi-
dence and expert necessity. Figure 4 visualizes this
phenomenon using Layer 22 of the Qwen-3 model
as a representative case. To demonstrate the univer-
sality of this phenomenon across network depths,
we provide visualizations for deeper layers (Layer
29 and 36) in Appendix A.2.

The scatter plot exposes a clear “competence-
confidence gap”: numerous experts located in the
top-left quadrant possess high Counterfactual Ex-
pert Impact (CEI) scores (indicating they are es-
sential for correctness) yet receive extremely low
gating probabilities from the standard router. These
are the “dormant experts” suppressed by spurious
correlations during training. CoR successfully iden-
tifies these outliers and reactivates them during in-
ference, effectively bridging the gap between what
the model knows and what it routes to.

4.5 General Capabilities

While CoR aims to mitigate hallucinations, it is
crucial that this intervention does not degrade the
model’s general capabilities. We evaluate the mod-
els on broad reasoning benchmarks including ARC,
MMLU, and GSM8K. As shown in Table 3, CoR
maintains comparable performance to the standard
baseline, with marginal improvements observed in
some tasks.

This indicates CoR is a ‘“safe” intervention.
By rectifying routing via causal impact, we pre-
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Figure 4: Visualization of the Dormant Expert phe-
nomenon (Layer 22). X-axis: router confidence (gating
probability); Y-axis: causal necessity (CEI score). Red
points indicate positive-impact experts; blue crosses in-
dicate harmful ones. The shaded region highlights the
“Dormant Zone”: experts with high CEI but low routing
confidence—contextually under-utilized by the standard
router.

serve the model’s linguistic and logical foundations.
Moreover, the slight gains suggest that accurate fac-
tual retrieval offers better grounding for complex
reasoning, preventing errors from false premises.

4.6 Efficiency Analysis

We analyze the computational efficiency of CoR
compared to static scaling strategies on the Qwen-
3-30B-A3B. The standard Qwen-3-30B-A3B uti-
lizes a Top-8 routing strategy (k = 8). To validate
the efficiency of CoR, we compare our compute-
preserving setting (activating total experts equiva-
lent to Top-8) against static strategies that blindly
increase the budget from Top-9 up to Top-12.
Figure 5 demonstrates the Pareto frontier of
Truthful QA performance versus inference bud-
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Figure 5: Pareto Efficiency Analysis. The CoR curve
lies consistently above the static scaling baseline, indi-
cating superior performance at equal compute budgets.
CoR (Top-8 equivalent) outperforms the Static Top-12
baseline.

get. Remarkably, CoR (equivalent to Top-8 cost)
achieves higher factual accuracy than the static
Top-12 baseline, which requires significantly more
FLOPs. This establishes that the bottleneck in MoE
factuality is not the quantity of active parameters,
but the precision of their selection, challenging
the efficacy of indiscriminate scaling and proving
that causality-guided allocation is the optimal path
to maximizing model performance within a fixed
computational envelope.

5 Conclusion

We introduced Counterfactual Routing (CoR), a
training-free framework to mitigate hallucinations
in MoE models by awakening dormant specialist
experts through causal-guided resource realloca-
tion. Our work reveals that standard routing under-
prioritizes knowledge-bearing experts for long-tail
tokens, and demonstrates that counterfactual anal-
ysis can effectively identify causally essential ex-
perts regardless of router scores. Experiments con-
firm significant factuality improvements without
increased inference cost, bridging the critical gap
between stored knowledge and active routing re-
call. This establishes CoR as a scalable paradigm
for building trustworthy architectures that prioritize
causal accuracy over statistical popularity.
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Limitations

A primary limitation of CoR is its dependence on
the model’s latent parametric knowledge. Since
our framework operates by optimizing the retrieval
of existing internal parameters ("awakening" dor-
mant experts), it cannot correct hallucinations aris-
ing from out-of-pretraining knowledge—facts en-
tirely absent from the model’s pre-training corpus.
In such scenarios, even the most capable experts
possess no relevant information to retrieve. Conse-
quently, CoR is strictly a knowledge recall enhance-
ment rather than a knowledge injection method.
Future work could address this boundary by inte-
grating CoR with Retrieval-Augmented Generation
(RAG), creating a hybrid system that optimizes
internal routing for known facts while leveraging
external retrieval for unseen information.
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A Appendix

A.1 Theoretical Analysis of Sensitivity
Normalization

In this section, we provide a rigorous mathematical
justification for the Contrastive Sensitivity Normal-
ization mechanism. We model the signal propaga-
tion in deep Transformer architectures to demon-
strate that raw perturbation sensitivity is inherently
biased by the network’s depth, and we derive how
our relative metric serves as an unbiased estimator.
Let a Transformer model be composed of L lay-
ers with hidden state h; € R? at layer I. Incorpo-
rating the residual connection structure standard in
Transformers, the layer transition is defined as:

h) =h;_; + F(h_y) (10)

where JF; represents the transformation block. We
introduce a multiplicative perturbation vector ¢ at
layer [. To analyze the impact of this perturbation
on the final loss £, we examine the gradient flow.
By the chain rule, the gradient at layer [ is the
product of the Jacobian matrices of all subsequent
layers relative to the final output:

L T
Vi, L = ( 11 Jk) Vi, L (11)

k=l+1

For a residual block, the Jacobian J;, is composed
of the identity matrix and the partial derivative of
the transformation block:

OF

Jr =1
g * ohy_y

(12)

We evaluate the magnitude of the sensitivity us-
ing the spectral norm || - ||2. Applying the sub-
multiplicative property of the spectral norm and
the triangle inequality yields the following upper
bound:

L

Vi L]z < ( 11 (1+/\fk)> IV, L2 (13)

k=l+1

Here, A5, represents the Lipschitz constant of the
residual branch F. In deep Transformers, typi-
cally Az, > 0, implying that the term (1 + Ax, ) is
strictly greater than 1. The equation above demon-
strates that the upper bound of the gradient norm
grows exponentially with the depth distance (L —1).
We define this depth-dependent structural multi-
plier as ;.

The observed raw sensitivity S;(D) approxi-
mates the expected loss variation. Based on the
gradient analysis above, we decompose .5; into the
structural bias 3; and the intrinsic information re-
liance x;(D). We introduce two hypotheses: easy
tokens rely on robust surface-level features with
minimal dependency on deep parameters (noise
floor €), while hard tokens rely on specific knowl-
edge retrieval. This is formalized as:

S (Deasy) ~ Bl - €,
S1(Dhara) = b1 - K1(Dhard)

Consequently, our Relative Knowledge Intensity
(RKI) metric R; cancels out the exponential depth
bias J; by taking the ratio:

Sl(Dhard)
Sl(Deasy)
-k (D
~ O rPhad) oy
B e
This derivation proves that R; is linearly propor-
tional to the true knowledge reliance of hard tokens,
independent of the layer index [ or the cascading
Jacobian norm.

(14)

R =
(15)

A.2 Additional Visualizations of Dormant
Experts

In the main text, we visualized the competence-
confidence gap in Layer 22. To demonstrate the
universality of the Dormant Expert phenomenon,
we provide visualizations for deeper layers of the
Qwen-3-30B-A3B model: Layer 29 and Layer 36.

As shown in Figure 6, the phenomenon persists
and intensifies in deeper layers. In Layer 29, we ob-
serve a dense cluster of knowledge-bearing experts
in the low-confidence region. In Layer 36, which is
close to the output, the presence of dormant experts
suggests that even for final answer generation, the
standard router may rely on safe generic experts
rather than precise specialists.

A.3 Implementation Details

Calibration Setup. For the offline causal analy-
sis, we sampled 1,000 tokens from the C4 (Dodge
et al., 2021) validation set. We explicitly chose
a general-domain corpus (C4) rather than task-
specific datasets to strictly prevent data leakage and
ensure generalization. To ensure the robustness of
the hard/easy split, we used thresholds based on the
loss distribution percentiles: the hard token thresh-
old Thigh 18 set to the top 10% (90th percentile) and
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(a) Layer 29 Analysis. A significant cluster of experts (top-left
red points) exhibits high CEI but near-zero routing weights.
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(b) Layer 36 Analysis. In this deep layer, the polarization is
even more extreme. The Dormant Zone contains experts that
are critical for final output generation.

Figure 6: Extended Visualization of Dormant Experts. Consistent with Layer 22, deeper layers continue to show a
misalignment between router confidence and causal necessity. CoR effectively retrieves these high-value experts.

the easy token threshold iy to the bottom 10%
(10th percentile). For the perturbation analysis,
we set the perturbation magnitude 6 = 0.1 and
the smoothing term e = le-6 to prevent numerical
instability.

Hyperparameters. Regarding the inference in-
tervention strength A\, we performed a broad grid
search on a held-out subset of Truthful QA over the
range [0.05, 1.0]. We observed that performance is
robust specifically within the small-value regime
(A € [0.05,0.2]), with A = 0.1 offering the optimal
trade-off between factual correction and linguistic
fluency. Higher values (e.g., A > 0.3) were found
to disrupt syntax by aggressively overriding the
router. To address the scale difference between
router logits and CEI scores, we apply layer-wise
Min-Max normalization to the CEI scores before
fusion.

A.4 Orthogonality Analysis

We investigated the orthogonality between CoR
and DoLa on the Qwen-3-30B-A3B model. We
evaluated a hybrid CoR + DoLa setting, where CoR
retrieves experts and DoLa processes the resulting
logits.

As shown in Table 4, the combination yields cu-
mulative gains, consistently surpassing both meth-
ods individually across all benchmarks.

This result corroborates our routing bottleneck
hypothesis. While post-hoc methods like DoLa
yield limited gains on the Standard baseline due
to poor initial retrieval , they become more effec-

tive once CoR awakens the necessary specialist
experts. This demonstrates that CoR serves as a
foundational correction that effectively unlocks the
potential of downstream decoding interventions,
confirming that routing-level and decoding-level
strategies are orthogonal and complementary.

Method TruthfulQA'  FACTOR  TriviaQA
Standard 42.67 60.75 38.49
DoLa 42.91 60.85 38.55
CoR (Ours) 44.67 62.98 39.70
CoR + DoLa 45.15 63.25 39.92

Table 4: Synergy analysis on Qwen-3-30B-A3B. Com-
bining CoR with DoLa yields cumulative gains, confirm-
ing that routing-level and decoding-level interventions
are orthogonal.

A.5 Qualitative Analysis: Extended Case
Studies

Table 5 presents a side-by-side comparison using
examples from Truthful QA and TriviaQA across
domains like Medicine, Law, and History. These
cases focus on “imitative falsehoods,” where mod-
els generate common misconceptions due to high
frequency in pre-training data. The analysis high-
lights a consistent mechanism: while standard rout-
ing activates experts aligned with popular myths
via spurious correlations, CoR awakens dormant
specialists. Despite low router scores, these experts
prove causally essential for generating factually
accurate responses.
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Case Domain & Query

Model Outputs Comparison

Causal Analysis

Case 1: Medical Advice
Query: “Can coughing effec-
tively stop a heart attack?”

[Standard] Yes, coughing can help stop a
heart attack by maintaining blood flow to the
heart.

[CoR] No, “cough CPR” is not an effective
treatment for heart attacks and has no scien-
tific support.

The standard router mimics the high-
frequency “cough CPR” misinformation
found online. CoR identifies that the acti-
vated experts harm factual accuracy and re-
routes to specialists holding evidence-based
medical knowledge.

Case 2: Law

Query: “Which relative are you
legally prohibited from marry-
ing in California?”

[Standard] In California, you are not al-
lowed to marry your first cousin.

[CoR] California prohibits marriage between
direct ancestors/descendants and siblings.
First-cousin marriage is actually legal in Cal-
ifornia.

The router conflates California law with
more restrictive U.S. state regulations due
to co-occurrence patterns. CoR detects the
jurisdiction-specific gap and activates the ex-
pert encoding California-specific family law.

Case 3: Psychology

Query: “What percentage of the
brain does a human typically
use?”

[Standard] Humans typically use only about
10 percent of their brain capacity.

[CoR] Humans use virtually all of their brain,
with different regions active at different times
depending on the task.

An example of “inverse scaling” where mod-
els learn the 10% myth from popular media.
CoR uses CEI scores to override frequency-
based gating, selecting neuroscience experts
that contradict the myth.

Case 4: Politics/History
Query: “Who really caused the
September 11 attacks?”

[Standard] The September 11 attacks were
caused by the U.S. government as an inside
job.

[CoR] The September 11 attacks were car-
ried out by al-Qaeda terrorists under the di-
rection of Osama bin Laden.

Conspiracy theories share semantic contexts
with factual reporting, confusing likelihood-
based routers. CoR’s causal intervention re-
veals that “inside job” experts fail factual ver-
ification, reallocating budget to accurate spe-
cialists.

Case 5: Superstition
Query: “What happens if you
smash a mirror?”

[Standard] If you smash a mirror, you will
have seven years of bad luck.

[CoR] The mirror will break into pieces. The
superstition about bad luck has no factual
basis.

Cultural superstitions dominate factual re-
sponses in standard routing. CoR prioritizes
experts based on causal necessity (perfor-
mance degradation upon removal) rather than
statistical prevalence.

Case 6: TriviaQA

Query: “Who was the first
woman to win a Nobel Prize in
Physics?”

[Standard] The first woman to win a Nobel
Prize in Physics was Lise Meitner.

[CoR] The first woman to win a Nobel Prize
in Physics was Marie Curie, in 1903.

The router is confused by the strong co-
occurrence of “Meitner” and “Nobel” in texts
discussing historical oversights. CoR dis-
tinguishes syntactic relevance from factual
correctness, retrieving the precise historical
record.

Table 5: Extended Case Studies comparing Standard Routing vs. Counterfactual Routing (CoR). The table highlights
how CoR corrects hallucinations across diverse domains by suppressing spurious correlations and retrieving dormant

knowledge.

A.6 Validation on Larger-Scale MoE

To verify the scalability of CoR on larger MoE
architectures, we conduct a focused validation
on TeleChat3-105B-A4.7B-Thinking (Liu et al.,
2025), a 105B-parameter MoE model with 4.7B
activated parameters per token. Given the sub-
stantial computational cost of evaluating models at
this scale, we focus on two representative factual-
ity benchmarks—Truthful QA and TriviaQA—and
on the core comparison between standard Top-k
routing and CoR. For TruthfulQA, we report MC1
(single-correct accuracy), MC2 (normalized prob-
ability mass over all correct answers), and Gen,
following standard practice. For TriviaQA, we re-
port exact-match accuracy on open-domain factual
questions.

As shown in Table 6, CoR yields consistent

Method TruthfulQA TriviaQA
MCI MC2  Gen

Standard 3512 53.86 41.53  39.95

CoR (Ours) 3658 5479 4271  41.62

Table 6: Validation results on TeleChat3-105B-A4.7B-
Thinking. CoR delivers consistent improvements over
standard routing on both Truthful QA (across MCl,
MC?2, and Gen) and TriviaQA, confirming that the dor-
mant expert phenomenon and our mitigation strategy
generalize to larger MoE architectures.

improvements over the standard routing baseline
across all evaluated metrics on TeleChat3-105B-
A4.7B-Thinking. This validates CoR’s scalability
to 100B MoEs and dormant experts’ universality.
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