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Abstract

Large language models are prone to hallucination. To mitigate this, previous work
utilizes a lightweight method known as inference-time steering: injecting a learned
vector into the model’s activations to nudge behavior toward truthfulness without
any retraining. However, existing methods apply a single global steering vector
to every input, treating hallucination as one monolithic problem. We hypothesize
that hallucinations arise from multiple distinct failure modes, and that a single
correction is too blunt to address them selectively.
We propose Mixture-of-Steering-Vectors (MoSV), which discovers multiple hal-
lucination subspaces from contrastive activation data and trains a lightweight
router to select the appropriate vector(s) per input at inference time. We evalu-
ate on DefAn [1], a factual QA benchmark spanning eight structured knowledge
domains, using exact-match accuracy as the evaluation metric. Our results show
that the models activation geometry naturally encodes domain-level hallucination
structure, and that adaptive compositional steering improves exact-match accuracy
from 19.7% (Vanilla) to 22.1% with MoSV-K8 (+2.4 percentage points), while
single-vector steering yields only a negligible gain (+0.3pp).

1 Introduction

Large language models have achieved strong performance across a wide range of tasks, yet hallu-
cination remains a persistent failure, appearing despite an increase in training data or model size.
Hallucinations appear in many different forms, including fabricated evidence, numerical errors, and
misconceptions, each of which can undermine reliability in real-world safety-sensitive applications.
Prior surveys identify hallucination as one of the primary reliability challenges for deploying LLMs
in real-world applications, emphasizing that models frequently produce incorrect answers even when
relevant knowledge appears to be encoded within their internal representations [2, 3].

Addressing hallucination is both practically and scientifically important. In many applications such
as education, research assistance, and decision-support systems, users rely on LLM outputs as in-
formational sources. Hallucinated responses can therefore mislead users or propagate misinforma-
tion. As a result, improving the factual reliability of language models has become an active area of
research. A variety of approaches have been proposed to mitigate hallucination, including retrieval-
based grounding, multi-stage verification pipelines, decoding-time modifications, and activation-
level steering techniques [4, 5, 6]. Each of these approaches attempts to reduce hallucination by
either grounding generation in external evidence or modifying how the model produces outputs.

However, mitigating hallucination is challenging because it does not come from a single cause.
Language models generate text by predicting likely tokens rather than explicitly checking whether
statements are true, which means they can produce responses that sound convincing even when
they are incorrect. Recent work suggests that hallucinations can arise from both prompt-related
factors and intrinsic model behavior, meaning that models may be sensitive to how a prompt is
written while also being limited by the knowledge encoded in their parameters [7]. In practice,
hallucinations may occur when a model recalls facts incorrectly, confidently guesses when it lacks
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knowledge, or reproduces common misconceptions from its training data. Because these errors
have different sources, methods that help in one case, such as improved prompting, do not always
generalize consistently across tasks or domains.

Activation steering offers an alternative strategy by intervening directly in a models internal activa-
tions during inference. Rather than modifying the models weights, steering methods inject a learned
vector into the hidden states of the model to shift its internal representation toward a desired behav-
ioral direction. Prior work demonstrates that such activation modifications can influence properties
such as toxicity, sentiment, or refusal behavior while preserving performance on unrelated tasks [6].
These findings suggest that certain high-level behaviors may correspond to approximately linear di-
rections within a models representation space. However, existing steering methods typically assume
that a single direction is sufficient to correct a behavior across all prompts, which may be overly
restrictive for hallucination mitigation.

In this work, we introduce Mixture-of-Steering Vectors (MoSV), a framework that extends con-
trastive activation addition by replacing a single global steering direction with a small set of di-
rections selected per prompt. Rather than specifying in advance what kinds of hallucinations each
vector should address, MoSV uses a linear probe to identify the transformer layer where diff vectors
have the most geometric structure, then clusters the contrastive differences at that layer to let the
model’s own geometry determine the groupings. At inference time, a sparse router conditioned on
each prompt’s hidden representation selects and combines up to two of these vectors before inject-
ing the result into the residual stream. We evaluate on DefAn [1], a factual QA benchmark covering
eight structured knowledge domains with exact-match scoring, and show that the model’s activation
geometry naturally separates hallucination types along domain boundaries.

1.1 Summary of Contributions

Our primary contributions are as follows:

• MoSV: a compositional steering framework. We propose Mixture-of-Steering Vectors,
which learns multiple contrastive directions from activation data and routes among them
per prompt, rather than applying a single fixed vector to every input.

• Data-driven vector discovery. MoSV selects the intervention layer via linear probing and
discovers steering vectors by clustering contrastive activation differences, with no manual
labeling of hallucination types required.

• Sparse gating with load balancing. We train a lightweight router that activates at most
two steering vectors per prompt, with a regularizer that prevents the router from collapsing
to a single direction during training.

• Evaluation on DefAn. We evaluate on a held-out 15% per-domain split of DefAn [1]
using exact-match accuracy, comparing Vanilla, Single-Vec CAA, and MoSV-K variants
(K ∈ {2, 4, 6, 8, 10, 15, 20, 35, 50}) across eight factual knowledge domains.

2 Related Work

Several benchmarks have been proposed to evaluate factual reliability in language models. Truth-
fulQA measures whether models reproduce common human misconceptions by posing questions
designed to elicit plausible but false answers [8]. It contains 817 questions and requires open-ended
generation, with correctness typically judged by a separate model, introducing evaluation cost and
potential noise. MMLU covers knowledge and reasoning across 57 subjects [9], but is strictly
multiple-choice (A/B/C/D) and does not require open-ended generation, making it unsuitable for
studying hallucination in free-form responses. SQuAD 2.0 probes a related failure mode—models
guessing confidently on unanswerable questions [10]—but is limited to reading-comprehension con-
texts rather than parametric factual recall. We use DefAn [1], a factual QA benchmark with approxi-
mately 75k questions across eight structured knowledge domains. Answers are short, unambiguous
factual strings (dates, names, numbers), enabling exact-match evaluation without any LLM judge.
The domain structure also lets us study whether unsupervised clustering of activation differences
recovers interpretable domain-level hallucination geometry, which TruthfulQA and MMLU are not
designed for.
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A large body of work attempts to mitigate hallucinations by grounding generation in external in-
formation. Retrieval-augmented generation integrates a retriever with a language model so that
responses can be conditioned on retrieved documents [4]. While this approach can improve fac-
tual grounding, it introduces additional system complexity and often requires external infrastructure
unavailable at inference time.

Another line of work improves factuality through decoding-time modifications. Methods such as
DoLa contrast signals from different transformer layers to bias generation toward latent factual
knowledge [5]. These approaches operate directly on the decoding distribution but do not explic-
itly model different internal causes of hallucination.

Our work is most closely related to activation steering, which modifies a models hidden states during
inference. Activation Addition demonstrates that adding a steering vector to the residual stream can
influence behaviors such as toxicity or sentiment while preserving performance on unrelated tasks
[6]. Contrastive Activation Addition (CAA) extends this idea by deriving steering vectors from con-
trastive datasets, computing directions that separate desired and undesired behaviors [11]. While
effective, these approaches typically apply a single global steering vector across all prompts. In
contrast, we hypothesize that hallucinations correspond to multiple separable directions in represen-
tation space. Our proposed Mixture-of-Steering Vectors (MoSV) extends CAA by learning multiple
steering directions and dynamically selecting among them at inference time, enabling more targeted
corrections depending on the input prompt.

3 Approach

MoSV extends CAA from a single fixed correction to a set of steering vectors selected dynamically
per prompt. The pipeline has four stages: building a contrastive training set, extracting activations,
clustering those activations into a basis of steering vectors, and training a lightweight router to
compose a prompt-specific correction at inference time.

3.1 Dataset and Contrastive Pair Construction

We use DefAn [1], a factual QA benchmark covering eight domains: FIFA World Cup results, US
census data, Nobel prizes, Academy Awards, UN founding dates, QS university rankings, academic
conference metadata, and arithmetic. Answers are short factual strings (e.g., “France”, “1945”),
enabling cheap exact-match evaluation without an LLM judge.

We split each domain 85/15 into train and eval before any model inference, ensuring zero contam-
ination of the held-out set. LLaMA-3.1-8B-Instruct [12] is then run greedily on the train portion.
A question is kept if and only if the model’s response does not contain the ground-truth answer un-
der case-insensitive normalization. These failures become contrastive training triplets (q, a+, a−),
where a+ is the ground-truth answer and a− is the model’s hallucinated response.

3.2 Contrastive Activation Extraction

For each training triplet, we run two forward passes through LLaMA-3.1-8B-Instruct with hooks
attached to eleven candidate layers L = {8, 10, 12, 13, 14, 15, 16, 17, 18, 20, 22}, capturing the
residual-stream hidden state at the final token position of each completion. The contrastive direc-
tion for pair i at layer ℓ is:

∆
(ℓ)
i = a

+(ℓ)
i − a

−(ℓ)
i (1)

A third, prompt-only forward pass simultaneously collects representations h
(ℓ)
i that will serve as

router inputs during training. All passes are performed in a single sweep over the training pairs.

3.3 Layer Selection

Rather than fixing the intervention layer by hand, we select it from the data. We fit a logistic regres-
sion probe on the diff vectors {∆(ℓ)

i } at each layer in L and evaluate via five-fold cross-validation.
Because the diff vectors carry no inherent binary labels, we assign arbitrary first-half/second-half
labels; the resulting accuracy measures how much geometric structure the diff vectors possess at
each layer. A layer with high accuracy has high-variance, well-separated representations, making it
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the most information-rich location to inject a corrective signal. We designate ℓ∗ as the layer with the
highest such score.

3.4 Discovering Multiple Steering Vectors

The central novelty of MoSV is that we do not collapse the N contrastive directions into a sin-
gle mean vector. Instead, we run K-means on {∆(ℓ∗)

i } (after standard scaling and PCA reduction
to 50 components) to obtain K cluster centroids. Each centroid is inverse-transformed back to
the original hidden-state space, yielding a bank of steering vectors {v1, . . . , vK}. The clustering
is entirely unsupervised: we never specify what types of hallucinations each cluster should rep-
resent, allowing the model’s own activation geometry to reveal natural groupings. We evaluate
K ∈ {2, 4, 6, 8, 10, 15, 20, 35, 50} and report results for each value; silhouette scores are computed
post-hoc as an interpretability metric rather than as a selection criterion.

3.5 Sparse Prompt-Conditioned Router

At inference time we need to select among the K vectors per prompt. Drawing on the sparse-gating
formulation of mixture-of-experts models [13], we train a three-layer MLP with a residual skip
connection to map each prompt’s hidden representation h(ℓ∗) to a score over the K vectors. To keep
the intervention focused, we apply top-κ sparsification (κ = 2): only the two highest-scored vectors
receive nonzero weight, and those weights are re-normalized with softmax over the selected pair.

A key failure mode of sparse routing is load collapse, where the router learns to ignore all but one
direction. We address this with a load-balancing regularizer:

L = LCE + λbal ·Var

(
1

B

B∑
i=1

softmax(zi)

)
(2)

where zi ∈ RK are the router logits for sample i and B is the batch size. The variance term
penalizes uneven utilization across the K directions within each batch. We set λbal = 0.01 and train
with Adam and cosine annealing for 100 epochs.

3.6 Inference-Time Steering

At generation time, the router computes a sparse weighted combination of the K steering vectors
from the prompt’s hidden state. This composite vector vcomp =

∑
k wkvk is fixed for the prompt

and injected into the residual stream at every decoding step via a forward hook:

h′ = h+ α · vcomp (3)

The scalar α controls intervention strength. Computing the composite vector once from the prompt
avoids any per-step router overhead.

3.7 Baselines

We compare MoSV against two reference points. Vanilla is the unmodified LLaMA-3.1-8B-Instruct
model with no intervention. Single-Vec CAA computes the global mean of all training diff vectors
and applies it uniformly to every prompt [11], serving as the direct predecessor our method extends.
All systems share identical generation parameters and are evaluated with the same exact-match
scoring: a response is counted correct if the normalized ground-truth string appears as a substring
of the normalized model output.

4 Experiments

4.1 Data

We evaluate on the held-out 15% per-domain split of DefAn [1] described in Section 3.1, comprising
10,615 items across all eight knowledge domains. The split is reserved before any model inference,
guaranteeing zero contamination. Each item has a short, verifiable ground-truth answer (typically a
name, number, or year), enabling exact-match scoring with no external judge.
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4.2 Evaluation Method

We use exact-match accuracy: a response is scored as correct if the normalized ground-truth answer
appears as a substring of the normalized model output, where normalization lowercases the string
and collapses punctuation and whitespace. This scoring requires no external judge and is fully
reproducible.

4.3 Experimental Details

All experiments use LLaMA-3.1-8B-Instruct loaded with 8-bit quantization on a single
NVIDIA L40S GPU (46 GB). Contrastive activations are extracted at layers L =
{8, 10, 12, 13, 14, 15, 16, 17, 18, 20, 22}. PCA is applied to 50 components before K-means clus-
tering (n_init = 20, random_state = 42). We evaluate K ∈ {2, 4, 6, 8, 10, 15, 20, 35, 50} and
report results for each value. The router is trained for 100 epochs with Adam (lr = 10−3, weight de-
cay = 10−4) and cosine annealing, with input dropout 0.3 and load-balance coefficient λbal = 0.01.
Steering strength is fixed at α = 0.5 for all reported results. Evaluation uses greedy decoding with
a maximum of 80 new tokens.

4.4 Results

Table 1: DefAn exact-match accuracy on the held-out eval set (n=10,615, α=0.5). ∆ is relative
to Vanilla. p-values are one-sided two-sample proportion z-tests vs. Vanilla, Benjamini–Hochberg
corrected (m=10, α=0.05); ∗∗∗ q < 0.05, ns = not significant.

System Acc. ∆ p (raw) BH
Vanilla (no steering) 19.7% — — —
Single-Vec CAA [11] 20.0% +0.3pp 0.292 ns

MoSV-K2 20.8% +1.1pp 0.028 ∗∗∗

MoSV-K4 21.9% +2.2pp 5.0×10−5 ∗∗∗

MoSV-K6 21.8% +2.1pp 8.1×10−5 ∗∗∗

MoSV-K8 22.1% +2.4pp 9.1×10−6 ∗∗∗

MoSV-K10 22.1% +2.4pp 1.1×10−5 ∗∗∗

MoSV-K15 21.8% +2.1pp 8.1×10−5 ∗∗∗

MoSV-K20 21.5% +1.8pp 6.7×10−4 ∗∗∗

MoSV-K35 21.4% +1.7pp 1.0×10−3 ∗∗∗

MoSV-K50 21.6% +1.9pp 3.1×10−4 ∗∗∗

All MoSV variants with K ≥ 2 outperform Vanilla and survive Benjamini-Hochberg (BH) correc-
tion. Single-Vec CAA provides a negligible, non-significant gain (+0.3pp, p = 0.29), demonstrating
that the benefit of MoSV comes specifically from the mixture rather than from steering in general.
Performance peaks at K = 8–10 (+2.4pp) and degrades only modestly at K = 50 (+1.9pp), indicat-
ing robustness to over-specification of K.

5 Analysis

5.1 Cluster Interpretability

A central question is whether the unsupervised clusters discovered by MoSV correspond to inter-
pretable structure. Figure 1 shows t-SNE projections of a stratified sample of the training diff vec-
tors colored by (a) ground-truth domain and (b) K=8 cluster assignment, alongside (c) the per-cluster
domain composition bar chart. Panels (a) and (b) are strikingly similar: without any domain labels,
K-means recovers a partition that closely mirrors the ground-truth domain boundaries. At K = 8,
six of eight clusters are dominated by a single domain at >98% purity (e.g., C0: 100% Nobel, C3:
100% Math, C2: 99.8% Census). The two mixed clusters both involve domains with similar surface-
form answers (Oscars and UN Dates), where the contrastive directions are geometrically entangled.
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This interpretability suggests a practical extension: because each steering vector can be attributed
to a specific domain, individual vectors can be selectively disabled or reweighted without retraining
the underlying model.

Figure 1: (a) t-SNE of training diff vectors colored by ground-truth domain. (b) Same projection
colored by K=8 cluster assignment. (c) Per-cluster domain composition. Clusters (b) closely recover
the domain partition (a) without any label supervision.

5.2 Effect of K and Relationship to Domain Count

Accuracy rises from K = 2 (20.8%) to K = 4 (21.9%, +1.1pp) then plateaus, with a total range
of only 0.7pp across K ∈ {4, . . . , 50}. The peak at K = 8–10 aligns with the eight knowledge
domains in DefAn, consistent with the hypothesis that each semantic domain requires approximately
one dedicated steering direction. Accuracy differences between K = 4 and any larger K are not
individually significant, so we do not claim a sharp optimum; rather, the method is robust to over-
specification once K exceeds the number of semantic categories in the benchmark.

Silhouette score decreases monotonically with K (from 0.170 at K = 4 to 0.063 at K = 50),
yet accuracy remains flat. The Pearson correlation between silhouette and accuracy across all K
is r = 0.10 (p = 0.79), indicating that clustering geometry and downstream steering effectiveness
are largely decoupled. The router compensates for geometric overlap at higher K by learning finer-
grained routing assignments.

5.3 Router Load Balance

Router validation accuracy decreases predictably with K (K2: 97.2%, K8: 87.1%, K20: 74.5%),
consistent with a harder classification problem as clusters become more geometrically similar at
higher K. The load-balance regularizer prevents collapse: at K = 8, all eight clusters receive non-
trivial assignment mass, and no single cluster captures more than 25% of routing decisions on the
held-out eval set.

6 Conclusion

We proposed MoSV, a compositional inference-time steering framework that replaces a single global
correction vector with a bank of K specialized vectors discovered via unsupervised clustering of
contrastive activation differences. A sparse MLP router selects which vectors to apply per prompt,
conditioned on the prompt’s own hidden representation. Evaluated on DefAn (n = 10,615) across
eight factual domains, MoSV-K8 achieves 22.1% exact-match accuracy versus 19.7% for Vanilla
(+2.4pp, p = 9.1 × 10−6) and 20.0% for Single-Vec CAA (+0.3pp, p = 0.29). The gap between
MoSV and Single-Vec CAA is the central empirical finding: a single steering direction provides no
meaningful benefit, while a learned mixture does.

Beyond accuracy, our analysis reveals that the model’s residual stream encodes domain identity
as a geometric property that K-means recovers without any label supervision. At K = 8, six of
eight clusters are >98% domain-pure, and the cluster structure aligns visually with the ground-
truth domain partition. The optimal K is consistent with the number of semantic categories in the
benchmark, suggesting a practical heuristic for choosing K in new domains. Performance gains are
uneven across domains, consistent with the interpretation that steering is most effective when the
model already has partial latent knowledge of the correct answer.

6



Limitations and future work include: extending evaluation to open-domain benchmarks where do-
main boundaries are less crisp, investigating whether the domain-cluster alignment generalizes to
other model families and factual datasets, and exploring routing architectures with finer-grained
per-domain control.
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