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Abstract
Task vectors, representing directions in model
or activation spaces that encode task-specific
behaviors, have emerged as a promising tool
for steering large language models (LLMs).
However, existing approaches typically require
fine-tuning or invasive manipulation of internal
states, limiting their flexibility and scalability.
We propose DECOVEC (Decoding Space based
Task Vector), a training-free and non-invasive
framework that constructs task vectors directly
in the decoding space by leveraging in-context
learning (ICL). Specifically, DECOVEC cap-
tures the task essence as the difference between
the output logit distributions of few-shot and
zero-shot prompts, then steers generation by
injecting this vector into the decoding process.
Experiments across seven LLMs (0.5B–9B) on
TruthfulQA, Math-500, and AQUA-RAT show
that DECOVEC consistently outperforms stan-
dard few-shot baselines, with gains up to +5.50
average accuracy. Further analysis demon-
strates that DECOVEC effectively suppresses
generation degeneration and logical flaws while
exhibiting strong robustness to demonstration
ordering, all without incurring additional in-
put token costs. Our method offers a training-
free and non-invasive solution for LLM steer-
ing without requiring weight updates or aux-
iliary models. The code is released at https:
//github.com/szu-tera/DeCoVec.git.

1 Introduction

Task vectors (Ilharco et al., 2023; Liu et al., 2024b;
Yang et al., 2025), representing directions in the
high-dimensional space that encode specific skills
or behaviors, have garnered significant attention
with the development of large language models
(LLMs; Brown et al., 2020b; OpenAI, 2022, 2023).
By adjusting model parameters or internal states
along these vectors, one can effectively steer the
model’s output to adapt to specific tasks. This con-
cept not only serves as a cost-effective alternative
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Figure 1: Schematic of traditional methods vs. ours.
(a) Traditional task vector in model space. (b)-(c) Our
DECOVEC via in-context learning in decoding space.

to parameter-efficient fine-tuning (Houlsby et al.,
2019; Li and Liang, 2021; Hu et al., 2022) but also
offers a unique lens for interpreting the internal
mechanisms of LLMs and achieving controllable
generation (Hendel et al., 2023; Yang et al., 2025).

Current task vector methods primarily operate
in model spaces, either in model weights or activa-
tions, as shown in Figure 1(a). These approaches
typically require a full fine-tuning process per task
to derive the vector (Ilharco et al., 2023; Huang
et al., 2024), or involve invasive intervention into
the model’s internal hidden states through complex
optimization or auxiliary training (Hendel et al.,
2023; Liu et al., 2024b). Their high computational
cost and structural invasiveness limit flexibility and
scalability in real-world deployment.

On the other hand, decoding-based strategies are
progressively being utilized to steer LLMs. For
example, modulating output probability distribu-
tions can effectively improve generation quality (Li
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Types of Task Vector Non-Invasive Training-Free Operational Space Vector Representation

Arithmetical Task Vector (Ilharco et al., 2023)

✗ ✗ Model Weights ∆θ
Chat Vector (Huang et al., 2024)
Emotional Vector (Kalyan et al., 2024)
Contrastive Vector (Fierro and Roger, 2025)

Rule Task Vector (Hendel et al., 2023)

✗ ✓ Activation States ∆h
Function Vector (Todd et al., 2024)
In-Context Vector (Liu et al., 2024b)
Visual Task Vector (Hojel et al., 2024)

DECOVEC (Ours) ✓ ✓ Decoding Logits ∆z

Table 1: Comparison of task vector related works. ∆θ: difference in model weights. ∆h: difference in internal
hidden states. ∆z: difference in output logits. Previous work mainly uses task vectors for LLMs interpretability and
steering. Our non-invasive and training-free method operates in the decoding space for improving task performance.

et al., 2023; Chuang et al., 2024) or adapt models
to downstream tasks (Liu et al., 2024a; Hu et al.,
2025; Shi et al., 2024), showing that the decod-
ing space can serve as a semantic-rich and direct
interface for controlling model behaviors without
accessing internal parameters.

In this work, we propose DECOVEC, a training-
free and non-invasive framework for constructing
task vectors directly in the decoding space. As
shown in Figure 1(b)-(c), we leverage the emergent
in-context learning (ICL; Brown et al., 2020a) capa-
bility of LLMs, capturing task essence by contrast-
ing the logit distributions of zero-shot and few-shot
contexts without gradient updates. By defining the
task vector in the output logit space rather than
internal layers, DECOVEC steers generation in a
transparent and controllable manner. This design
makes DECOVEC a lightweight, plug-and-play so-
lution that decouples task guidance from the inter-
nal model architecture.

We extensively evaluate a diverse suite of
0.5B∼9B LLMs (Qwen Team, 2024; Young et al.,
2024; Touvron et al., 2023; Grattafiori et al., 2024;
Gemma Team, 2024) on both knowledge-intensive
TruthfulQA (Lin et al., 2022) and reasoning tasks
including Math-500 (Lightman et al., 2023) and
AQUA-RAT (Ling et al., 2017). Results show
that DECOVEC consistently achieves performance
gains, outperforming few-shot baselines with dif-
ferent demonstration selection strategies. In-depth
analysis reveals that the extracted vectors encode
high-level task semantics rather than surface-level
patterns. Error analysis on mathematical reason-
ing tasks indicates that DECOVEC effectively sup-
presses logical flaws and generation degeneration,
steering models toward more rigorous problem-
solving strategies. These findings offer new in-

sights for efficiently steering LLM behavior.

2 Related Work

Task Vector. The concept of task vector aligns
with the broader goal of parameter-efficient fine-
tuning, offering a cost-effective way to interpret or
adapt models by modifying weights via algebraic
operations or injecting low-rank modules (Hu et al.,
2022). Current methods can be categorized into
two types according to the operational space:

1) Weight-space based Task Vector. This type
of method directly manipulates model parameters
to alter behavior. Ilharco et al. (2023) introduces
the arithmetic task vector, derived by subtracting
the weights of a pre-trained model from a fine-
tuned one to isolate task properties. Subsequent
works have extended this foundational paradigm to
various specialized domains. For example, the chat
vector (Huang et al., 2024) transfers conversational
capabilities to base models. The emotional vector
(Kalyan et al., 2024) is constructed to steer the
desired sentiment of generation. The contrastive
vector (Fierro and Roger, 2025) isolates specific
behavioral patterns by contrasting weights between
models tuned to opposing objectives.

2) Activation-space based Task Vector. Shifting
from static parameters to dynamic representations,
these types of methods intervene in internal hid-
den states during inference. Hendel et al. (2023)
identifies rule task vectors demonstrating that com-
pressing demonstrations into a single vector within
the activation space can replicate specific functions
without explicit fine-tuning. Liu et al. (2024b) pro-
poses the in-context vector to steer model behavior
by shifting hidden states. Other explorations in-
clude the function vector (Todd et al., 2024), which
locates causal attention heads for specific tasks, and
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Figure 2: Overview of task vector methods across spaces and our DECOVEC. Top: Comparison of task vector
construction and steering. (i) Weight space vector. (ii) Activation space vector. (iii) Our proposed DECOVEC
in the decoding space. Bottom: Illustration of DECOVEC pipeline. (a) Context construction. (b) Task vector
building and steering. (c) Resulting improvement in decoding output (correct ✓vs. incorrect ✗).

the visual task vector (Hojel et al., 2024) specifi-
cally adapted for multimodal contexts.

In-Context Learning of LLMs. ICL empowers
LLMs to perform novel tasks by conditioning on
input-output examples without explicit parameter
updates (Brown et al., 2020a). Theoretical frame-
works suggest that ICL implicitly implements op-
timization algorithms like gradient descent (Dai
et al., 2023; Bai et al., 2023) or serves as seman-
tic anchors from an information flow perspective
(Wang et al., 2023a). Hendel et al. (2023) interprets
the internal mechanism of ICL through identifying
rule task vectors, while our work directly aims at
constructing and steering decoding-based task vec-
tors to improve task-specific performance.

Decoding Strategies for LLMs. The decoding
space serves as a direct and flexible interface for
steering model behaviors. Contrastive decoding
(Li et al., 2023) manipulates this space to mitigate
degenerative behaviors by contrasting expert and
amateur logits. Subsequent research extended this
paradigm to suppress hallucinations (Chuang et al.,
2024) or noise (Zhou et al., 2025). More recently,
efforts have shifted towards modeling downstream
task semantics rather than just quality control.
Proxy-tuning (Liu et al., 2024a) and distribution-
aligned decoding (Hu et al., 2025) adjust output dis-

tributions to approximate fine-tuned models. Simi-
larly, Peng et al. (2025) enhanced input-label map-
pings via contrastive measures. These methods of-
ten rely on auxiliary models, gradients, or complex
contrastive setups. In contrast, our approach ex-
tracts task vectors purely from the decoding space
of a frozen model via ICL, offering a lightweight
and non-invasive alternative.

We summarize the main related works and com-
pare them with ours in Table 1.

3 Method

We first formalize the problem setting and the con-
struction of task-specific contexts (§3.1). Then,
we derive the definition of the task vector in the
decoding space by contrasting the distributions of
few-shot and zero-shot settings (§3.2). Finally, we
present the steering mechanism to guide the pro-
cess of decoding for downstream tasks (§3.3).

3.1 Formalization of Tasks and Contexts

Tasks. Considering a task T with input-output
training pairs DT = {(xi, yi)}, we use a task-
specific instruction template (or prompt schema)
IT (·) as the input for the LLM Mθ parameterized
by θ. Given a query input xi ∈ DT , the goal is to
generate the target sequence yi = (y1i , y

2
i , . . . , y

L
i ).
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At each time step t, the model Mθ maps the context
to a probability distribution over the vocabulary V
via a softmax function applied to the output logits
by model function fθ(·) ∈ R|V|.
Contexts. To leverage contexts for building task
vector, we consider two distinct contextual repre-
sentations of the same task T :

1) Zero-Shot Context (Task-Agnostic State). We
construct the zero-shot input Czs by wrapping the
query x solely with the task instruction without ex-
plicit task demonstrations, representing the model’s
intrinsic instruction-following capability:

Czs = IT (∅, x), (1)

where ∅ indicates an empty set of demonstrations.
2) Few-Shot ICL-based Context (Task-Aware

State). To activate the model’s emergent ability
for task T through ICL, we employ a demonstra-
tion sampler S to retrieve a set of k exemplars Ek
from dataset DT conditioned on the query input x:

Ek = S(x,DT , k), (2)

where S represents a generic sampling strategy,
which can range from random selection to dis-
tinct retrieval methods such as KATE (Zhang et al.,
2023) or BM25 (Robertson and Zaragoza, 2009).
The few-shot ICL-based Cicl is then constructed
by organizing these demonstrations alongside the
query within the task template:

Cicl = IT (Ek, x), (3)

where Cicl contains input-label mappings and se-
mantic patterns of task T , which are absent in Czs.
Two Types of ICL Contexts. By applying a spe-
cific sample strategy S, we construct Cicl in two
scenarios. We first sample the base context during
decoding, denoted as Cdecode

icl in the following Eq. 7,
serving as a few-shot baseline. Then we sample the
context from training pairs DT for the task vectors
used in steering, which we denote as Csteer

icl and is
used in the following Eq. 5.

3.2 Building Task Vector in Decoding Space
As illustrated in the top row of Figure 2, unlike
prior methods that extract task vectors from model
weights (i) or internal activations (ii), we propose to
construct the task vector directly within the decod-
ing space (iii). We hypothesize that the difference
between the logits generated in the few-shot ICL-
based context Csteer

icl and the zero-shot context Czs

encodes the distilled task-level features that can
help construct the task vector vT .

Given the prefix y1:t at decoding step t, we com-
pute the logit vector zt ∈ R|V| using zero-shot con-
text and sampled ICL-based context, respectively:

ztzs = fθ(Czs, y1:t), (4)

zticl = fθ(Csteer
icl , y1:t). (5)

Given the above two logits at generation step t,
we define the decoding-space in-context learning
guided task vector (i.e., our DECOVEC) vt

T as the
difference of the two:

vt
T = zticl − ztzs. (6)

This operation is depicted in Figure 2(b).

3.3 Decoding with Task Oriented Logits

We employ our DECOVEC vt
T to directly steer

the generation trajectory of the model. The core
intuition is to inject the distilled task-specific signal
into the inference process.

During decoding, the steering operates token-by-
token online. We first compute the intermediate
logit ztde according to the base context Cdecode

icl . Be-
cause both ztde and the task vector vt

T condition on
the identical generated prefix y1:t, their vocabulary
distributions remain strictly aligned at each step,
inherently avoiding sequence-length mismatches
across different contexts. We then compute the fi-
nal task-oriented logits z̃t by injecting DECOVEC

vt
T :

ztde = fθ(Cdecode
icl , y1:t), (7)

z̃t = ztde + λ · vt
T , (8)

where the scaling factor λ > 0 controls the task
signal injected into the decoding process. This
steering operation, which is the core mechanism of
our method, is illustrated in Figure 2(b).

This formulation allows us to explicitly control
the impact of the extracted task information. The
base logits ztde serve as a semantic anchor, ensuring
that the generation remains grounded in the logic
of the current input while benefiting from the di-
rectional steering provided by vt

T . Increasing λ
directly amplifies the task-specific signals derived
from the difference between contexts, thereby en-
couraging the model to adhere more strictly to the
intended task behaviors. We analyze the impact of
scaling factor λ in Section 5.2.
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Methods
TruthfulQA

Avg. ∆
Math-500 AQUA-RAT

Avg. ∆
MC1 MC2 MC3 Acc. Acc.

Q
w

en
2-

0.
5B

Zero-Shot 25.18 40.78 19.55 - 1.17 20.87 -

Few-Shot (Rand. Std.) 32.35 (↑1.97) 47.54 (↑2.51) 23.46 (↑1.38) ↑1.95 8.59 (↓0.39) 23.23 (↑5.12) ↑2.37
Few-Shot (Rand. Ext.) 32.21 (↑0.70) 48.01 (↑2.55) 23.73 (↑1.42) ↑1.56 7.03 (↑0.78) 21.65 (↑3.55) ↑2.17
Few-Shot (KATE) 34.60 (↑0.42) 50.43 (↑2.12) 24.98 (↑1.57) ↑1.37 8.59 (↑3.52) 18.11 (↑5.91) ↑4.72
Few-Shot (BM25) 32.35 (↑0.28) 47.83 (↑2.64) 23.09 (↑1.36) ↑1.43 10.55 (↓0.39) 20.87 (↑1.96) ↑0.79

Q
w

en
2-

1.
5B

Zero-Shot 26.30 44.70 20.78 - 0.78 8.66 -

Few-Shot (Rand. Std.) 33.47 (↑0.99) 49.91 (↑0.48) 25.02 (↑0.46) ↑0.64 17.58 (↑0.78) 24.80 (↑4.33) ↑2.56
Few-Shot (Rand. Ext.) 42.76 (↑1.12) 60.33 (↑2.27) 32.24 (↑2.03) ↑1.81 17.97 (↑0.39) 29.13 (↑1.58) ↑0.99
Few-Shot (KATE) 37.41 (↑0.99) 53.89 (↑0.62) 27.47 (↑0.84) ↑0.82 19.92 (↑3.52) 27.95 (↑7.48) ↑5.50
Few-Shot (BM25) 36.71 (↑0.84) 53.84 (↑1.57) 26.72 (↑2.13) ↑1.51 20.70 (↑5.08) 27.56 (↑4.72) ↑4.90

Q
w

en
2-

7B

Zero-Shot 32.49 50.13 26.25 - 21.09 35.83 -

Few-Shot (Rand. Std.) 38.54 (↑1.69) 56.39 (↑1.99) 29.94 (↑2.26) ↑1.98 41.02 (↑0.78) 55.51 (↑1.97) ↑1.38
Few-Shot (Rand. Ext.) 42.33 (↑0.99) 59.43 (↑1.69) 31.62 (↑1.61) ↑1.43 36.33 (↑2.73) 53.15 (↑1.57) ↑2.15
Few-Shot (KATE) 43.32 (↑0.28) 60.56 (↑2.18) 32.69 (↑1.58) ↑1.35 43.36 (↑6.64) 49.21 (↑4.33) ↑5.49
Few-Shot (BM25) 42.48 (↑0.42) 59.34 (↑1.39) 31.30 (↑1.48) ↑1.10 48.83 (↑0.78) 53.54 (↑0.40) ↑0.59

Y
i-6

B

Zero-Shot 25.46 44.64 21.50 - 3.52 12.99 -

Few-Shot (Rand. Std.) 34.18 (↑1.26) 52.01 (↑2.20) 26.67 (↑1.32) ↑1.59 5.47 (↑0.00) 32.28 (↓0.78) ↓0.39
Few-Shot (Rand. Ext.) 38.82 (↑2.81) 55.14 (↑2.74) 28.51 (↑2.36) ↑2.64 5.08 (↑0.17) 32.28 (↑4.73) ↑2.45
Few-Shot (KATE) 38.68 (↑3.09) 55.66 (↑2.57) 28.68 (↑2.71) ↑2.79 17.19 (↑1.56) 27.56 (↑5.51) ↑3.54
Few-Shot (BM25) 38.68 (↑2.53) 54.43 (↑2.86) 27.85 (↑2.51) ↑2.63 17.58 (↑3.12) 31.89 (↑0.79) ↑1.96

L
la

m
a-

2-
7B

Zero-Shot 26.58 44.94 21.76 - 0.00 7.48 -

Few-Shot (Rand. Std.) 36.01 (↑1.54) 54.97 (↑2.33) 27.92 (↑2.28) ↑2.05 1.95 (↑1.57) 19.69 (↑1.57) ↑1.57
Few-Shot (Rand. Ext.) 39.66 (↑2.25) 57.36 (↑1.76) 29.32 (↑2.57) ↑2.19 2.73 (↑2.35) 19.69 (↑0.78) ↑1.57
Few-Shot (KATE) 39.94 (↑1.97) 57.06 (↑2.25) 29.16 (↑2.92) ↑2.38 9.77 (↑6.64) 16.93 (↑1.18) ↑3.91
Few-Shot (BM25) 39.38 (↑2.53) 57.12 (↑2.65) 28.66 (↑2.66) ↑2.61 12.50 (↑3.91) 17.72 (↑1.57) ↑2.74

L
la

m
a-

3-
8B

Zero-Shot 37.83 58.06 30.69 - 0.00 28.74 -

Few-Shot (Rand. Std.) 44.87 (↑2.81) 65.76 (↑1.32) 36.87 (↑1.76) ↑1.96 18.75 (↑2.73) 41.34 (↑2.36) ↑2.55
Few-Shot (Rand. Ext.) 49.93 (↑0.84) 68.25 (↑1.47) 39.86 (↑1.18) ↑1.16 21.88 (↑0.39) 42.13 (↑3.93) ↑2.16
Few-Shot (KATE) 48.10 (↑1.83) 67.53 (↑1.32) 38.89 (↑1.88) ↑1.68 37.11 (↓0.78) 46.06 (↑6.69) ↑2.96
Few-Shot (BM25) 48.52 (↑1.13) 67.10 (↑0.59) 38.61 (↑0.75) ↑0.82 33.20 (↑1.57) 44.09 (↑0.79) ↑1.18

G
em

m
a-

2-
9B

Zero-Shot 27.00 45.06 22.08 - 5.47 6.69 -

Few-Shot (Rand. Std.) 39.24 (↑1.69) 56.11 (↑1.93) 28.55 (↑2.02) ↑1.88 21.09 (↑5.47) 44.88 (↑5.51) ↑5.49
Few-Shot (Rand. Ext.) 45.43 (↑0.84) 63.04 (↑0.69) 33.64 (↑0.81) ↑0.78 26.56 (↑1.17) 46.85 (↑1.58) ↑1.38
Few-Shot (KATE) 46.55 (↑1.55) 63.28 (↑0.63) 34.17 (↑1.00) ↑1.06 35.94 (↑1.95) 47.24 (↑2.76) ↑2.36
Few-Shot (BM25) 43.32 (↑1.12) 60.93 (↑1.25) 32.00 (↑1.08) ↑1.15 37.89 (↑4.30) 46.85 (↑0.39) ↑2.35

Table 2: Main Results. Performance on TruthfulQA, Math-500, and AQUA-RAT across seven LLMs. Values are
formatted as: Baseline (↑Gain or ↓Loss compared to baseline with our DECOVEC during decoding).

The refined task-enhanced decoding logit z̃t =
{z̃t[1], z̃t[2], ..., z̃t[|V|]} is used to replace the original
logits for generating the token in step t + 1 from
vocabulary V = {v[1], v[2], ..., v[|V|]}:

idx = argmaxk z̃t[k], k = 1, 2, ..., |V|, (9)

ỹt+1 = v[idx] ∈ V. (10)

This steering effectively aligns generation with dis-
tilled task semantics, yielding the correct prediction
shown in Figure 2(c).

4 Experiments

4.1 Settings

Datasets. We use TruthfulQA (Lin et al., 2022) to
evaluate the model’s propensity to generate truthful
answers. We also include two reasoning bench-
marks: MATH-500 (Lightman et al., 2023), a rep-
resentative subset of the challenging MATH dataset,
and AQUA-RAT (Ling et al., 2017), a dataset con-
sisting of algebra word problems with rationales.
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Contexts for ICL. To simulate a data-efficient sce-
nario, we restrict the size of the available demon-
strations during ICL. For each dataset, we ran-
domly sample only 100 examples to form a can-
didate pool used for both exemplar retrieval (for
baselines and ours) and hyperparameter selection.

For TruthfulQA, we use 100 candidates and the
remaining 690 samples for evaluation. For MATH-
500, we use 100 candidates and 256 samples from
the remaining 400 for evaluation. For AQUA-RAT,
we use 100 candidates from validation set and 254
samples from test set for evaluation.
Models. We select advanced open-source LLMs
ranging from 0.5B to 9B parameters to thoroughly
verify scalability and generalization, including
Qwen2 family (0.5B, 1.5B, 7B; Qwen Team, 2024),
Yi-6B (Young et al., 2024), Llama-2-7B (Touvron
et al., 2023), Llama-3-8B (Grattafiori et al., 2024),
and Gemma-2-9B (Gemma Team, 2024).
Demonstrations. We apply three demonstration
selection strategies that do not require additional
training. Random Selection samples in-context
examples uniformly from the candidate pool for
each query. KATE (Zhang et al., 2023) retrieves
semantically similar exemplars based on the cosine
similarity of demonstration embeddings, utilizing
the all-MiniLM-L6-v2 model (Wang et al., 2021).
BM25 (Robertson and Zaragoza, 2009) performs
sparse retrieval to select exemplars based on lexical
overlap and keyword matching.

In the few-shot setting, we set standard (std.)
and extended (ext.) number of demonstration k.
For TruthfulQA, we set k = 20 for standard and
k = 50 for extended settings. For MATH-500 and
AQUA-RAT that require long reasoning chains, we
set k = 2 for standard and k = 10 for extended
settings due to context window constraints.
Implementation Details. We use greedy decoding
for all tasks. Steering intensity is fixed at λ = 1.0
for TruthfulQA. For Math-500 and AQUA-RAT,
we select λ ∈ {0.2, 0.4, . . . , 1.0} on the candidate
pool, which serves as a validation set, and apply
the chosen λ at test time. All experiments run on
NVIDIA RTX 5090×8 GPUs. More details are
shown in Appendix A.

4.2 Main Results
We present the comprehensive performance com-
parison in Table 2. Consistent with established find-
ings, few-shot baselines significantly outperform
zero-shot settings across all models (e.g., Qwen2-
0.5B gains over 7% on TruthfulQA). This confirms

that the provided contexts successfully activate la-
tent task capabilities, serving as the necessary foun-
dation for our subsequent vector extraction. We
highlight further in-depth observations below:

DECOVEC demonstrates universal compatibil-
ity and scale-agnostic effectiveness. Our pro-
posed DECOVEC exhibits robust adaptability
across diverse settings. By steering the decoding
process with the extracted task vector, DECOVEC

achieves performance gains in almost all evaluated
scenarios, with the average improvement (∆) rang-
ing from 0.59 to 5.50. While we observe a slight
performance dip for Yi-6B on reasoning tasks, DE-
COVEC delivers substantial gains in the majority
of cases, particularly achieving a remarkable 5.50
average increase on Qwen2-1.5B. Notably, this ben-
efit is not strictly proportional to model size; small
models benefit just as significantly as larger ones.
Calculating the average ∆ across all four baselines
on TruthfulQA, the tiny Qwen2-0.5B achieves an
average gain of 1.58, which is comparable to (and
even slightly exceeds) the 1.47 gain of the much
larger Qwen2-7B. A similar trend holds on reason-
ing tasks (2.51 vs. 2.40). This consistency suggests
that DECOVEC effectively extracts and amplifies
the task representations inherent to the model’s spe-
cific capacity, regardless of the parameter count.

DECOVEC performance is sensitive to retrieval
but decoupled from baseline metrics. We ob-
serve that the optimal demonstration selection strat-
egy varies by domain: TruthfulQA favors semantic
retrieval (KATE), while reasoning datasets benefit
more from lexical overlap (BM25). Crucially, we
find that the improvement provided by DECOVEC

is not strictly tied to the performance gap be-
tween few-shot and zero-shot, nor to the abso-
lute few-shot accuracy. Instead, the gain reflects
a complex interplay between the extraction of task
semantics and the inherent difficulty of the remain-
ing errors. On one hand, richer semantic contexts
facilitate better and more stable vector extraction;
for instance, on Yi-6B (TruthfulQA), while BM25
and KATE yield the exact same baseline (38.68),
the semantically richer KATE context enables a
larger DECOVEC boost (3.09) compared to BM25
(2.53). On the other hand, a lower initial baseline
does not preclude superior final performance. On
Yi-6B (AQUA-RAT), the KATE baseline (27.56)
significantly lags behind BM25 (31.89). However,
DECOVEC extracts a more potent direction from
the semantically-rich KATE context, not only pro-
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Methods TruthfulQA Math-500 AQUA-RAT
Avg. MC Acc. Acc.

Sequential Order
KATE 45.52 43.36 49.21
w/ DECOVEC 46.87↑1.35 50.00↑6.64 53.54↑4.33
BM25 44.37 48.83 53.54
w/ DECOVEC 45.47↑1.10 49.61↑0.78 53.94↑0.40

Reverse Order
KATE 45.38 49.22 48.82
w/ DECOVEC 46.69↑1.31 48.83↓0.39 52.36↑3.54
BM25 44.21 50.78 54.72
w/ DECOVEC 45.70↑1.49 52.73↑1.95 55.12↑0.40

Random Order
KATE 45.48 45.31 49.08
w/ DECOVEC 46.63↑1.15 49.61↑4.30 53.15↑4.07
BM25 44.73 49.48 53.93
w/ DECOVEC 45.56↑0.83 50.65↑1.17 54.33↑0.40

Table 3: Results with different order of examples.
DECOVEC provides consistent gains across most order-
ing strategies and datasets.

viding a massive gain but ultimately propelling the
final accuracy (33.07) above that of the BM25-
steered model (32.68).

DECOVEC amplifies high-quality retrieval and
mitigates noise in extended contexts. For Truth-
fulQA, increasing the number of shots generally
improves stability. However, retrieval-based meth-
ods (KATE) often achieve superior performance
with fewer shots (k = 20) compared to random
extended shots (k = 50). DECOVEC further ampli-
fies this advantage, yielding the best results when
combined with high-quality retrieval. For Math-
500 and AQUA-RAT, the trend is less clear. Simply
adding more random shots (Rand. Std. → Rand.
Ext.) does not guarantee improvement and often
degrades performance (e.g., Qwen2-7B drops from
41.02 to 36.33 on Math-500), likely due to noise
introduced in the extended context. In these noise-
sensitive scenarios, DECOVEC shows strong ro-
bustness, effectively recovering performance (e.g.,
lifting Qwen2-7B back to 39.06) by distilling es-
sential task direction from noisy input.

5 Analysis

We discuss key factors for building our DECOVEC

as well as error distribution and token efficiency.

5.1 Impact of Demonstrations in ICL
Sensitivity to the Order of Examples. ICL per-
formance often suffers from recency bias due to
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Figure 3: Impact of demonstration settings on Truth-
fulQA. Solid lines: DECOVEC; dashed lines: few-shot
baselines. Left: Sensitivity to candidate pool size. Right:
Scalability with respect to the number of shots.

demonstration ordering (Zhao et al., 2021). We
evaluate DECOVEC on Qwen2-7B with sequential,
reverse, and random orders (Table 3). While base-
lines fluctuate (e.g., KATE ranges from 43.36% to
49.22% on Math-500), DECOVEC consistently im-
proves performance—by up to 6.64% in the worst
case—showing robustness to input arrangement via
invariant task semantics distillation.

Impact of Candidate Pool Size. The candidate
pool size directly impacts context quality, as shown
in Figure 3 (left). Applying demonstration selec-
tion strategies KATE and BM25 scales positively
with pool size, benefiting from a richer selection
of relevant exemplars. Conversely, random base-
lines degrade due to low relevance, as larger pools
increase the risk of sampling irrelevant noise. Over-
all, DECOVEC yields consistent gains across all
settings, demonstrating its robustness in extract-
ing valid task directions even from noisy contexts.
This decoupling from strict retrieval quality is par-
ticularly valuable in resource-constrained scenarios
where building a high-precision retrieval index is
not feasible. DECOVEC acts as a denoising filter,
amplifying the useful task signal even when the
retrieved context is suboptimal.

Impact of Shot Quantity. We further investigate
the impact of the number of demonstrations k. As
shown in Figure 3 (right), increasing k from 10 to
60 generally improves the baseline performance
(dashlines) before plateauing. Overall, DECOVEC

(solid lines) maintains a consistent and significant
performance lead across all shot settings for both
Qwen-2-7B and Llama-3-8B.

5.2 Impact of λ

The hyperparameter λ in Eq. 8 governs the inten-
sity of the task vector injection. As illustrated in
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Methods LR DG CA CM Total Err.

KATE 35.4% 9.4% 6.5% 5.3% 56.6%
w/ DECOVEC 27.0% 7.3% 8.8% 6.9% 50.0%
∆ ↓8.4% ↓2.1% ↑2.3% ↑1.6% ↓6.6%

Table 4: Distribution on different error types.
LR: logical and reasoning flaws. DG: degeneration.
CA: calculation. CM: concept and formula misuse.

Figure 4, the distinct behaviors of different tasks
validate our experimental configurations.

For TruthfulQA (Figure 4a), performance im-
proves rapidly and remains stable even at higher
values (λ ≥ 1.0). This indicates that the “truth-
fulness” direction is robust and broad, allowing
for strong steering without degradation. In con-
trast, Mathematical Reasoning Tasks (Math-500 in
Figure 4b and AQUA-RAT in Figure 4c) exhibit
marked sensitivity to λ. Unlike open-ended gener-
ation, reasoning relies on rigorous logic chains and
precise numerical calculations, which are easily
disrupted by excessive intervention.

5.3 Error Distribution

To investigate whether DECOVEC effectively cap-
tures and encodes task-level information as hypoth-
esized, we conducted a fine-grained error analysis
on the Qwen2-7B model outputs using Math-500
dataset. Following Lightman et al. (2023), we em-
ployed an LLM-based evaluator to categorize in-
correct solutions into four types: logical/reasoning
flaws (LR), degeneration (DG), calculation errors
(CA), and concept/formula misuse (CM).

As shown in Table 4, applying DECOVEC re-
sults in a distinct shift in the error distribution:
logical flaws and degeneration decrease signifi-
cantly, whereas calculation errors and concept mis-
use rise slightly. This trade-off provides compelling

Methods Rand. Std. Rand. Ext. KATE BM25

Few-Shot ICL 354.8 344.2 326.1 324.6
w/ DECOVEC 314.5 333.6 312.3 300.1
∆ ↓40.3 ↓10.6 ↓13.8 ↓24.5

Table 5: Comparison of average output tokens. DE-
COVEC reduces the generation length across all settings.

evidence for our hypothesis: DECOVEC primar-
ily extracts task-level semantics, representing the
high-level understanding of the task and problem-
solving strategies, rather than fine-grained numer-
ical control. In other words, the vector steers the
model to “think” more logically and coherently,
even if this semantic steering comes at a minor cost
to the precision of local calculations.

5.4 Inference Cost
We compare the average number of output tokens
generated by the baseline and our approach on
Math-500 using Qwen2-7B, as shown in Table 5.
We find that traditional in-context learning methods
tend to produce irrelevant and repetitive content,
whereas our method can reduce the generated to-
kens by 10∼40 across various settings. Overall,
although our decoding-based method introduces ad-
ditional lightweight computational overhead, it can
alleviate the extra inference cost by substantially
reducing the output length. Detailed end-to-end
latency measurements showing an empirical over-
head of 1.6× to 1.7× are provided in Appendix F.

6 Conclusion

We introduced DECOVEC, a novel framework for
constructing task vectors within the decoding space.
By contrasting the logit distributions of few-shot
and zero-shot contexts, DECOVEC distills task-
specific capabilities into a lightweight vector that
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steers model behavior during decoding. As a non-
invasive and training-free approach, it avoids the
computational overhead of parameter tuning and
the complexity of internal activation manipulation.
Our extensive experiments demonstrate that DE-
COVEC effectively enhances performance across
diverse tasks and models, offering a flexible and ef-
ficient method for steering large language models.

Limitations

Despite the effectiveness of DECOVEC, three limi-
tations remain for future exploration.

First, the scaling factor λ is currently tuned at the
dataset level, which overlooks the varying sensitiv-
ity of different input instances to steering. Future
work aims to develop adaptive mechanisms to dy-
namically calibrate the steering intensity based on
instance-level uncertainty or prediction entropy, en-
suring an optimal trade-off between task enhance-
ment and generation quality.

Second, the applicability of DECOVEC to
reasoning-specialized models with long thought
processes remains to be verified. These models rely
heavily on the coherence of internal states across
multiple reasoning steps, so it is crucial to inves-
tigate whether decoding-space interventions pre-
serve chain-of-thought stability or require tailored
adjustment strategies for sequential reasoning.

Third, the compositional arithmetic properties of
decoding-space vectors remain underexplored com-
pared to their weight-space counterparts. Future
work could investigate merging distinct DECOVEC

vectors, such as combining reasoning and safety
attributes, to simultaneously steer models toward
multiple downstream objectives.
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Math-500 AQUA-RAT

Model Rand. Std. Rand. Ext. KATE BM25 Rand. Std. Rand. Ext. KATE BM25

Qwen2-0.5B 1.0 0.8 1.0 0.8 1.0 1.0 1.0 0.4
Qwen2-1.5B 0.8 0.8 0.6 0.8 0.2 1.0 0.8 1.0
Qwen2-7B 1.0 0.2 0.6 0.4 0.2 0.2 0.2 1.0
Yi-6B 0.2 0.2 0.2 0.2 0.6 1.0 0.6 0.2
Llama-2-7B 1.0 0.8 0.4 0.4 0.6 1.0 0.4 0.8
Llama-3-8B 0.2 0.4 0.2 0.2 0.2 0.2 0.2 0.2
Gemma-2-9B 0.8 0.4 0.2 0.2 0.2 0.2 0.2 0.8

Table 6: Calibrated values of the steering intensity λ on Math-500 and AQUA-RAT. The values are determined
based on the performance on the candidate pool (validation set).

Error Classification Prompt

Task Type: error_classification
Instruction: You are an expert in identifying errors in mathematical problem-solving. Your task is to classify the kind
of error present in a given solution by comparing it with the correct solution. For each problem, you will be provided
with: (1) the question, (2) the correct solution with correct reasoning, (3) an error solution with incorrect reasoning.
Your task is to identify the ONE error type that is present in the error solution. Do not provide any other information.
Error Types:

• Calculation Errors (CA): Numerical or algebraic computation mistakes.

• Concept/Formula Misuse (CM): Incorrect application of mathematical rules, theorems, or formulas.

• Logical/Reasoning Flaws (LR): Flawed deductions, invalid assumptions, or broken argument chains.

• Degeneration (DG): Excessive repetition or non-progressive verbiage without advancing the solution.

Input Template:
Q: {question}
Correct Solution: {correct_solution}
Error Solution: {error_solution}
Classification:

Figure 5: The specific prompt used for automated error classification using an LLM evaluator.
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A Additional Details

Calibration of Steering Intensity λ. We cali-
brated λ using a “leave-one-out” strategy on the
candidate pool to ensure strict separation between
calibration and testing data. Specifically, for each
query in the pool, we retrieved demonstrations from
the remaining examples to determine the optimal
λ. The resulting values applied in our main experi-
ments are listed in Table 6.

Details on Candidate Pool Size Ablation. We
partitioned the TruthfulQA dataset into a source
candidate pool (500 samples) and a held-out
test set (290 samples). To study the scaling ef-
fect, we randomly sampled subsets of size N ∈
{100, 200, 500} from the source pool to serve as
the retrieval corpus. All reported results are aver-
aged over three runs with different random seeds.

B Error Analysis Methodology

We automated the fine-grained error classification
using Qwen3-235B-A22B-Instruct-2507 (tem-
perature=0). The model categorized incorrect solu-
tions into four types. The specific prompt template
utilized for this evaluation is presented in Figure 5.

C Adaptation to Self-Consistency

We integrated DECOVEC with Self-Consistency
(SC; Wang et al., 2023b) to verify compatibility
with multi-path decoding. As illustrated in Fig-
ure 6, DECOVEC (solid lines) consistently outper-
forms the greedy baseline across varying numbers
of sampled paths. This confirms that our decoding-
space steering is orthogonal to and effective within
ensemble-based decoding strategies.
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Figure 6: Adaptation to Self-Consistency on Math500.

D Prompt Templates for Generation

We provide the detailed prompt templates used for
constructing the zero-shot contexts (Czs) and few-
shot ICL contexts (Cicl).

TruthfulQA Prompt Template

Instruction: Interpret each question literally, and as
a question about the real world; carefully research
each answer, without falling prey to any common
myths; and reply “I have no comment” unless you
are completely certain of the answer.
Templates:

• Zero-shot:
Question: "{question}"\nAnswer:

• ICL Demo:
Question: "{question}"\n
Answer: "{answer}"

Figure 7: Prompt templates used for TruthfulQA dataset
experiments.

Math-500 Prompt Template

Instruction: Think step by step to answer the fol-
lowing question. Return the answer at the end of the
response after a separator ####.
Templates:

• Zero-shot:
Question: {question}\nAnswer:

• ICL Demo:
Question: {question}\n
Answer: {solution}\n
#### {final_answer}

Figure 8: Prompt templates used for Math-500 dataset
experiments.

AQUA-RAT Prompt Template

Instruction: Think step by step to answer the follow-
ing multiple-choice math problem. Return the answer
at the end of the response after a separator ####, fol-
lowed by the letter (A–E) of the correct option.
Templates:

• Zero-shot:
Question: {question}\n
Choices:\n{choices}\nAnswer:

• ICL Demo:
Question: {question}\n
Choices:\n{choices}\n
Answer: {answer}

Figure 9: Prompt templates used for AQUA-RAT
dataset experiments.
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E Case Studies

To qualitatively understand the steering effect of
DECOVEC, we visualize and analyze represen-
tative cases from the Math500 dataset using the
Qwen2-7B model. We compare the detailed gen-
eration outputs across three key inference settings:
(1) Zero-shot; (2) Few-shot with KATE; and (3)
our proposed method (KATE + DECOVEC).

Question

Solve for x: 441+2(21)(19)+361 = x.

Figure 10: A representative question from the Math500
dataset requiring algebraic simplification using binomial
expansion.

Binomial Expansion: Algebraic Simplification.
Figure 10 presents a problem requiring algebraic
simplification. As shown in Figure 11 and Fig-
ure 12, baseline methods typically fail due to nu-
merical instability when attempting brute-force cal-
culations or miss the underlying algebraic structure.
In contrast, Figure 13 demonstrates that DECOVEC

successfully steers the model to recognize the pat-
tern (i.e., (a+ b)2), simplifying the calculation via
symbolic reasoning.

Solution 1

441+2(21)(19)+361=x
441+798+361=x
1590=x
#### 1590

Analysis: [CM] Misses the binomial formula,
reverting to error-prone brute-force arithmetic
(1600 → 1590).

Figure 11: Generation output of the Qwen2-7B model
on the Math500 algebraic simplification problem under
the Zero-shot setting.

Solution 2

441+2(21)(19)+361=x
441+816+361=x
1618=x
#### 1618

Analysis: [CM] Misapplies the algebraic structure.
Direct multiplication leads to errors (798 → 816).

Figure 12: Generation output of the Qwen2-7B model
on the same algebraic problem under the Few-shot
(KATE) setting.

Solution 3

441 and 361 are both perfect squares. 441 = 212

and 361 = 192. Let’s substitute these values into the
expression:

441 + 2(21)(19) + 361 = x

212 + 2(21)(19) + 192 = x

(21 + 19)2 = x

402 = x

1600 = x

So, x = 1600 . #### 1600

Analysis: Avoids [CM]. Recognizes the algebraic
structure, simplifying via symbolic reasoning.

Figure 13: Generation output of the Qwen2-7B model
steered by DECOVEC on the algebraic problem, show-
ing the correct symbolic reasoning and an analysis of
how it avoids previous errors.
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Question

Linda, Sherry, June, and Connie walked
around their neighborhoods selling girl
scout cookies. Linda earned $27.47, Sherry
earned $35.23, June earned $37.37, and
Connie earned $26.52. After the sale, they
pooled their money together and went to the
bank to convert the coins into dollars. How
much money, in cents, was left after they
converted as many of the coins into bills as
they could?

Figure 14: A representative question from the Math500
dataset involving modular arithmetic embedded in a
real-world money conversion context.

Coin Conversion: Modular Arithmetic. Fig-
ure 14 displays a modular arithmetic problem em-
bedded in a real-world money conversion context.
The Zero-shot baseline (Figure 15) fundamentally
misinterprets the problem context, confusing mod-
ulo operations with division. While the few-shot
KATE baseline (Figure 16) correctly identifies the
units, it fails to execute the specific modular reason-
ing. As shown in Figure 17, our DECOVEC method
correctly navigates the full reasoning chain, adopt-
ing an integer-based approach to avoid precision
errors.

Solution 1

1. Add up the total amount of money earned by Linda,
Sherry, June, and Connie: $27.47 + $35.23 + $37.37
+ $26.52 = $126.69.
2. Convert the total amount of money into cents:
126.69× 100 = 12669 cents.
3. Determine the number of coins that can be con-
verted into bills... 4. The largest denomination that
can be used to convert the coins into bills is 25 cents.
5. Divide the total amount of money in cents by 25
to find the number of 25-cent bills that can be made:
12669÷ 25 = 506.76.
... 9. Therefore, there are 19 cents left after they con-
verted as many of the coins into bills as they could.
#### 19

Analysis: [CM] Misinterprets “converting coins”
as coin-change (dividing by 25) rather than finding
the modulo 100 remainder.

Figure 15: Generation output of the Qwen2-7B model
on the Math500 coin conversion problem under the
Zero-shot setting.

Solution 2

27.47 + 35.23 + 37.37 + 26.52 = 126.69 dollars
126.69 * 100 = 12669 cents
12669 / 100 = 126 dollars and 69 cents
126 dollars and 69 cents is the answer.
#### 69

Analysis: [CM] Uses floating-point arithmetic for
discrete values, causing precision loss in the final
remainder.

Figure 16: Generation output of the Qwen2-7B model
on the same modular arithmetic problem under the Few-
shot (KATE) setting.

Solution 3

27.47 = 2747 cents
35.23 = 3523 cents
37.37 = 3737 cents
26.52 = 2652 cents
2747 + 3523 + 3737 + 2652 = 12659 cents
12659 / 100 = 126.59
126.59 - 126 = 0.59
0.59 * 100 = 59 cents
#### 59

Analysis: Avoids [CM]. Converts to integer cents
before summing, eliminating floating-point errors.

Figure 17: Generation output of the Qwen2-7B model
steered by DECOVEC on the modular arithmetic prob-
lem, showing the adoption of an integer-based strategy
and an analysis of the successful reasoning.

19110



F Inference Overhead Analysis

While our decoding-based method introduces ad-
ditional computational overhead compared to stan-
dard generation, it avoids the complexity of train-
ing and does not require extra input tokens. In the
default setting used in our main experiments, the
decoding base context is identical to the steering
context (Cdecode

icl = Csteer
icl ). Consequently, at each

decoding step, the model only requires two forward
passes (one for the few-shot ICL context and one
for the zero-shot context) rather than three.

Empirically, the wall-clock overhead is bounded
well below a 2× factor due to KV-cache reuse
across the shared generated prefixes. Table 7
reports the end-to-end latency measured on the
Llama-3-8B model using a single NVIDIA RTX
5090 GPU. The practical time overhead is approxi-
mately 1.6× to 1.7×, which is a standard and ac-
ceptable trade-off for decoding-time optimization
methods. Furthermore, as discussed in Section 5.4,
DECOVEC substantially reduces the average num-
ber of generated tokens, which partially offsets the
per-token inference cost.

Dataset Rand. Std. DECOVEC (Ours) Overhead

AQUA-RAT 4.03s 6.70s ∼1.6×
MATH-500 8.39s 14.54s ∼1.7×

Table 7: Measured end-to-end latency. Evaluations
were conducted using a single RTX 5090 GPU, averaged
over 3 runs.
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