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Abstract
In-context learning (ICL) allows large language
models (LLMs) to adapt to new tasks through
demonstrations, yet it suffers from escalating in-
ference costs as context length increases. While
task vectors (TVs) offer a promising alternative by
compressing demonstrations into compact hidden-
state representations, the field lacks principled cri-
teria for evaluating the quality of TV, hindering
the development of more effective methods. In
this paper, we posit that probabilistic alignment
with ICL is a key desideratum for effective TVs.
To quantify this, we introduce dNTP, a novel met-
ric that measures the discrepancy in next-token
probabilities between TV-based and ICL-based
inference. Our empirical analysis reveals that
dNTP serves as a reliable performance proxy, ex-
hibiting a strong negative correlation with down-
stream accuracy. Motivated by this, we develop
Linear Task Vector (LTV), a method designed to
minimize dNTP via a closed-form linear mapping
that estimates demonstration effects through re-
gression. Across eight classification benchmarks,
LTV consistently outperforms existing training-
free baselines – improving average accuracy by up
to 9.2% – while achieving the lowest discrepancy
on our proposed metric and significantly reducing
inference latency.

1. Introduction
In-Context Learning (ICL) has emerged as a powerful
paradigm for adapting large language models (LLMs) to
new tasks by simply prepending labeled demonstrations
before the query (Brown et al., 2020; Wei et al., 2022).
ICL has been shown to achieve impressive performance
gain across various tasks without requiring any model pa-
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rameter updates, with performance typically improving as
more demonstrations are provided (Agarwal et al., 2024;
Dong et al., 2024). However, this improvement comes at a
cost: longer demonstrations either increase inference-time
computation as the input length grows, or incur memory
overhead when caching the activations (Mu et al., 2023; Li
et al., 2025c; Gao et al., 2025; Golchin et al., 2025). These
computational and memory limitations hinder the practical
utility of ICL under resource constraints.

To address these limitations, recent work has proposed task
vectors in ICL as a training-free approach that enables task
adaptation without directly using demonstrations at infer-
ence time (Hendel et al., 2023; Todd et al., 2024; Liu et al.,
2024; Li et al., 2024). In this approach, a task vector (TV)
refers to a condensed vector extracted from the internal ac-
tivations of an LLM when performing ICL, encapsulating
the task information that the LLM implicitly infers from
demonstrations (Han et al., 2025; Yang et al., 2025b; Dong
et al., 2025). By applying this vector to zero-shot inference,
where no demonstrations are provided, the model achieves
substantial performance gains on the task (Hendel et al.,
2023). While various TV extraction methods have been pro-
posed in the past years, the downstream task performance
remains the only established criterion for comparing them,
offering limited insight into why one method outperforms
another and how to improve the existing extraction methods.

In this paper, we posit that probabilistic alignment with ICL
is a key desideratum for effective TV extraction methods.
This perspective is motivated by the following idea: since
the role of a task vector is to condense the effect of demon-
strations, TV-based inference should naturally produce a
predictive distribution that closely aligns with that of ICL.
From this perspective, we make the following contributions:

• We propose dNTP, a metric that quantifies the quality of
TV methods, by measuring the discrepancy between the
predictive distribution under TV-based inference and that
under ICL-based inference, in terms of next-token proba-
bility (NTP). We empirically show that dNTP has a strong
negative correlation with the downstream performance,
serving as a reliable indicator of the quality of TV.

• We develop the Linear Task Vector (LTV ) method, which
is designed to reduce dNTP. Specifically, LTV employs a
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linear mapping that estimates the effect of demonstrations,
and uses the closed-form solution of a regression problem
to extract task vectors.

• Through experiments across eight classification bench-
marks and five LLMs, we demonstrate that LTV consis-
tently outperforms existing training-free TV extraction
methods by up to 9.2% on average, while achieving the
lowest dNTP and inference latency.

2. Related Work
Task Vectors. A pioneering work Ilharco et al. (2023)
introduces the concept of task vectors, defined as the differ-
ence in parameter space between a pre-trained model and
the model fine-tuned for a specific task. The core idea is that
shifting the weights of a model in the task vector direction
improves performance on that task without additional fine-
tuning (Ortiz-Jimenez et al., 2023; Zhang et al., 2024; Li
et al., 2025a). Recent studies have shown that task vectors
can also be extracted from other representation spaces, such
as activation spaces (Hendel et al., 2023; Yang et al., 2025b)
or soft prompt spaces (Belanec et al., 2025).

In-Context Learning (ICL). ICL enables LLMs to adapt
to new tasks by simply prepending query-label pairs as
demonstrations to the model input (Brown et al., 2020).
Despite its simplicity, ICL yields significant performance
gains, making it a compelling paradigm for task adapta-
tion without parameter updates (Dong et al., 2024). The
success of ICL has motivated various theoretical interpre-
tations (Zhou et al., 2024), including perspectives based
on gradient descent (Von Oswald et al., 2023; Ahn et al.,
2023), mechanistic interpretability (Olsson et al., 2022; Yin
& Steinhardt, 2025), and algorithmic learning (Akyürek
et al., 2022; Li et al., 2023). Among these, a notable line of
research interprets ICL as implicit Bayesian inference (Xie
et al., 2021; Panwar et al., 2023; Zhang et al., 2023): as the
model processes demonstrations, it implicitly infers a latent
task concept from demonstrations and conditions its pre-
dictions on the resulting posterior. This view provides the
theoretical foundation for task vectors in ICL, approaches
that seek to explicitly extract this latent concept as a vector
and apply it during zero-shot inference (Mittal et al., 2025).

Task Vectors in ICL. A key limitation of ICL is that it
incurs substantial inference-time computation and memory
overhead as the input length increases (Li et al., 2025c;
Agarwal et al., 2024). To reduce these overheads, recent
works aim to internalize the task adaptation induced by
ICL, by adjusting the model parameters or activations so
that the effects of demonstrations are encoded within the
model itself. One line of work achieves this through few-
shot parameter-efficient fine-tuning (PEFT) (Li et al., 2025c;
Jukić & Šnajder, 2024; Gao et al., 2025; Li et al., 2025b), but

these methods require additional training. In contrast, task
vectors in ICL offer a training-free alternative that enables
task adaptation without increasing the input length.

Numerous methods have been proposed for extracting task
vectors in ICL, demonstrating performance gains over zero-
shot inference (Hendel et al., 2023; Todd et al., 2024; Liu
et al., 2024; Li et al., 2024; 2025c). As the model activa-
tions span multiple modules, existing methods vary widely
in both where task vectors are extracted – such as from at-
tention modules (Todd et al., 2024; Li et al., 2024; 2025c)
or decoder layers (Hendel et al., 2023; Liu et al., 2024) –
and how they are extracted, even within the same module.
To the best of our knowledge, no existing metric directly
measures the quality of task vectors in a way that serves as
a guideline for principled extraction.

Several prior studies have proposed metrics that measure
the separability between task vectors corresponding to dif-
ferent tasks (Han et al., 2025; Jiang et al., 2025). However,
these metrics describe observed phenomena in ICL rather
than guide how to improve extraction. Other lines of work
aim to improve task vector performance through different
means. ATV (Kang et al., 2025) relies on a small auxil-
iary LLM to generate query-dependent task vectors, while
ELICIT (Wang et al., 2025) pre-constructs a pool of task
vectors and retrieves the most suitable one at inference time.
In contrast, we focus on improving how task vectors are ex-
tracted from ICL. Specifically, we propose an interpretable
and optimizable metric for evaluating task vector quality,
and introduce a method that explicitly reduces this metric.

3. Backgrounds
In this section, we first review relevant concepts and no-
tations used in our paper. Sec. 3.1 describes how LLMs
predict the next token, Sec. 3.2 defines our target classifica-
tion task, and Sec. 3.3 introduces three inference modes for
LLMs – zero-shot, ICL, and using task vectors.

3.1. Model: Large Language Models (LLMs)

We consider pre-trained auto-regressive LLMs which pre-
dict the next token u given an input prompt p, a sequence of
tokens. The model consists of three components:

• the embedding layer that converts each token in the
prompt p into an embedding vector,

• the transformer (Vaswani et al., 2017) (TF) decoder con-
sisting of L layers, which transforms the sequence of
embedding vectors into a sequence of hidden states,

• the language modeling (LM) head that predicts the prob-
ability of the next token u based on the output of TF.

Let [h1(p),h2(p), . . . ,hl(p)] denote the hidden states at the
final layer of the TF decoder, where l is the sequence length
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and hl(p) ∈ Rd is a d-dimensional vector. The LM head
predicts the next token u ∈ U by applying a linear projection
to the last hidden state hl(p), where U = {1, 2, . . . , NU} is
the vocabulary set; each token is represented by its index.
To be specific, the probability of the next token is computed
as:

P (u | p) = σ(Wlmhl(p))[u], u ∈ U , (1)

where Wlm ∈ RNU×d denotes the weight matrix of the LM
head, and σ(·) denotes the softmax function.

For notational simplicity, we hereafter write h(p) for hl(p),
as we only use the hidden state of the last token. We also
write TF(p) to denote the hidden state h(p) obtained by
embedding the prompt p and passing it through TF.

3.2. Task: Classification

While large language models (LLMs) can be applied to a
wide range of downstream tasks, prior work on task vectors
in ICL (Hendel et al., 2023; Li et al., 2025c; Saglam et al.,
2025) has primarily focused on classification settings. Fol-
lowing this line of work, we also restrict our attention to
classification tasks.

We define a classification task by a distribution D over
query–label pairs (x, y), where the query x is a text se-
quence and the label y belongs to a task-specific label set
C ⊆ V which contains |C| = K classes. Given a query x,
the goal is to predict its corresponding label y. We consider
the next-token distribution restricted to the label set C:

P (c | p; C) = P (c | p)∑
c′∈C P (c′ | p)

, c ∈ C. (2)

For notational simplicity, we hereafter write P (c | p) to
denote this label-restricted distribution. In greedy decoding,
the predicted label ŷ is determined by selecting the class
with the highest probability:

ŷ = argmaxc∈C P (c | p). (3)

3.3. Methods: Inference Modes for LLMs

We introduce three inference modes for LLMs: zero-shot in-
ference in Sec. 3.3.1, in-context learning (ICL) in Sec. 3.3.2,
and task vectors in Sec. 3.3.3.

3.3.1. ZERO-SHOT INFERENCE MODE

In the zero-shot inference mode, the LLM predicts ytest
for the test query xtest, without being provided any labeled
examples (x, y) for the target task. The leftmost part of
Fig. 1 shows the detailed process. First, the test query xtest
is passed through the TF to obtain the hidden state hzs =
TF(xtest). Then, the LM head computes the probability
P (c | xtest) for each class c from hzs. Finally, the predicted

Zero-Shot Task VectorIn-Context Learning
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TF
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...
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Figure 1. Comparison of three inference modes. In zero-shot infer-
ence mode (left), the model predicts the next token ŷzs solely based
on the test query xtest. In the In-Context Learning mode (middle),
the model predicts the next token ŷicl based on the concatenation
of demonstrations Z and the query xtest. In the task vector mode
(right), the model predicts the next token ŷtv based on not only
the query xtest, but also an injected task vector v = f(Z), which
is added to the model activation. Here, the task vector v is con-
structed by a function f using the demonstrations Z.

label is selected via greedy decoding:

ŷzs = argmaxc∈C P (c | xtest). (4)

Throughout the paper, we use the subscript ‘zs’ to note that
the quantity is for the zero-shot inference mode.

3.3.2. IN-CONTEXT LEARNING (ICL) MODE

Suppose we are given k demonstrations Z = {(xi, yi)}ki=1

sampled from the task distribution D. As shown in
the middle of Fig. 1, ICL prepends Z to the test query
xtest and passes them through the model, which outputs
hicl = TF([Z||xtest]), where || represents the concatena-
tion operator. The LM head then computes the probability
P (c | [Z||xtest]) for each class c from hicl. We denote this
probability by Picl(c | xtest, Z) to indicate the ICL inference
mode. Lastly, the predicted label is then obtained as

ŷicl = argmaxc∈CPicl(c | xtest, Z). (5)

3.3.3. TASK VECTOR (TV) MODE

Inference using task vectors is a variant of ICL. This mode
is motivated by the implicit Bayesian view (Xie et al., 2021),
which posits that during ICL, the LLM predicts the label y
conditioned on a latent task concept v inferred from demon-
strations Z. Under this view, the predictive distribution
computed by the LLM under the ICL can be expressed as

P (y | x, Z) =

∫
v

P (y | x,v)P (v | Z) dv. (6)

where P (v | Z) denotes the posterior over the latent
task concept v inferred from the demonstrations Z, and
P (y | x,v) denotes the predictive distribution of the label y
conditioned on the inferred task concept v.

TV mode explicitly makes use of the decomposition of the
predictive distribution as in the right-hand side of equation 6.
In other words, the task vector mode is composed of two
stages: (1) the extraction stage, which extracts a task vector
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v from the model activation induced by the demonstrations
Z, and (2) the inference stage, which applies the extracted
vector v to the model activation, in the zero-shot inference.
Below we formally describe each stage, which is illustrated
in the rightmost column of Fig 1.

Extraction of task vector. Let f denote a task vector
extraction function that takes demonstrations Z and query x
as input, and outputs a task vector v. Formally, we represent
the task vector v as

v = f(x, Z). (7)

Inference using task vector. Recall that in the zero-shot
inference mode (specified in Sec. 3.3.1), TF outputs the
hidden state of the last token hzs, when the input is set to the
test query xtest. In the TV mode, the task vector v extracted
in equation 7 is used to update1 the hidden state from hzs to
task-conditioned hidden state htv = hzs+v. For a given htv,
the LM head computes the probability P (c | xtest,v) for
each class c; we denote this probability by Ptv(c | xtest,v)
to indicate that this inference mode uses task vectors. The
predicted label is then determined as

ŷtv = argmaxc∈CPtv(c | xtest,v). (8)

4. Measuring the Quality of Task Vector
We propose a metric that measures the quality of the task
vector extracted by f . We first provide the motivation of
our approach in Sec. 4.1, and then propose our metric in
Sec. 4.2. Finally, we show that our metric serves as a reliable
indicator of task vector quality in Sec. 4.3.

4.1. Motivation

Recall that the goal of using task vectors is to condense the
task information inferred during ICL into a compact vector
v, enabling predictions similar to ICL without the overhead
of processing demonstrations. However, prior work has
relied solely on downstream task accuracy to evaluate the
quality of the task vector. This evaluation practice offers
limited insight into why one method outperforms another,
and provides little guidance on how to design better task
vector methods.

To address this, we propose a metric grounded in the goal
of using task vectors: enabling predictions similar to ICL.
If the task vector successfully captures the task information
inferred during ICL, its inference should yield a predic-
tive distribution aligned with that of ICL. We thus suggest
to measure the discrepancy between the two distributions,
formally defined as below.

1While our method additively updates the output of TF, there
exist other task vector-based methods that combine a model acti-
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Figure 2. Overview of the proposed metric dNTP(f ;Z) in equa-
tion 9, which measures the quality of the task vector extraction
method f . In the ICL mode, the model gets demonstrations Z
and test query xtest together to estimate the probability distribution
Picl for the next token (left). In the TV mode, the task vector v
is injected in the hidden layer (instead of putting demonstrations
Z in the input layer) to get the distribution Ptv for the next token
(right). Our proposed metric measures the expected Kullback-
Leibler (KL) divergence between these two distributions (Picl and
Ptv), thus checking whether the effect of using v = f(Z) in the
hidden layer is equivalent to the effect of using Z in the input layer.

4.2. Proposed Metric

Recall that Picl and Ptv are the probabilities of the next
token computed by the model, for the ICL mode and the TV
mode, respectively. Given demonstrations Z, we measure
the quality of the task vector extraction method f as the
discrepancy of the ICL mode and the TV mode in terms of
the next token probability (NTP), denoted by

dNTP(f ;Z) = Ex∼D

[
KL

(
Picl(· | x, Z) ∥ Ptv(· | x, f(Z))

)]
,

(9)
where KL represents the Kullback-Leibler (KL) diver-
gence (Kullback & Leibler, 1951) operator. Here, Picl serves
as the reference distribution, and the metric quantifies how
far Ptv deviates from the reference. See Fig. 2 for the illus-
tration on our proposed metric.

A lower dNTP indicates that Ptv is more closely aligned with
Picl. Thus, the task vector extraction method f with lower
dNTP(f) is considered a more desirable method. Notably,
our proposed metric evaluates the quality of task vector
extraction methods without requiring labels for the test set.

4.3. Correlation of Proposed Metric With Test Accuracy

Now, a valid question is, whether our proposed metric
dNTP(f) in equation 9 is a good indicator for the quality
of the task vector extraction method f , in the practical sense.
In this section, we empirically validate that dNTP(f) strongly
correlates with the test accuracy when task vector v = f(Z)
is used, across diverse classification benchmarks.

Experimental Setup. We evaluate on four classification
benchmarks – AGNews, DBPedia (Zhang et al., 2015),
MR (Pang & Lee, 2004), SST-2 (Socher et al., 2013). We

vation and v in different ways. We focus on this additive case for
notational simplicity.
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Figure 3. Correlation between the proposed discrepancy metric dNTP(f ;Z) and the test accuracy, measured on various task vector
extraction methods f and the demonstrations Z. We test on four variants of f : Function Vector (Todd et al., 2024), Task Vector (Hendel
et al., 2023), State Vector (Li et al., 2024) and I2CL (Li et al., 2025c), each of which is shown in different colors. Here, each point
corresponds to the result for different demonstrations Z. Pearson correlation coefficients (ρ) are reported for each method f . Across four
classification benchmarks (columns) and two models (rows), lower dNTP(f ;Z) consistently correlates with higher accuracy, validating our
metric as a principled criterion for the quality of the task vector.

compute the metric dNTP(f) and the test accuracy for four
task vector extraction methods f – Function Vector (Todd
et al., 2024), Task Vector (Hendel et al., 2023), State Vec-
tor (Li et al., 2024), and I2CL (Li et al., 2025c). We test
on LLaMA-3.1-8B (Dubey et al., 2024) and Qwen-2.5-
7B (Qwen et al., 2024) models using 30 demonstrations Z,
across 20 independent runs with randomly sampled demon-
strations Z. Further details are provided in Appendix A.2.

Results. Fig. 3 presents scatter plots of dNTP(f) versus
accuracy Acc(f), where each point corresponds to each
result obtained with different demonstrations Z. Across
all tasks and models, lower dNTP(f) consistently correlates
with higher accuracy, with most Pearson correlation coeffi-
cients exceeding 0.6 in magnitude. This strong correlation
demonstrates that lower dNTP(f) indicates superior task vec-
tor quality. This result motivates developing a task vector
extraction method aimed at reducing dNTP(f), as proposed
in the next section.

5. Proposed Method: Linear Task Vector
In Sec. 4, we empirically observed that in the TV mode,
the test accuracy negatively correlates with the discrepancy
dNTP(f) measured for the task vector extraction method f .
This motivates us to devise a task vector extraction method
that achieves a small dNTP(f), which is expected to improve
test accuracy when the task vector is used.

Based on this motivation, we propose Linear Task Vector
(LTV ), which leverages a linear mapping to compute task
vectors that enable TV mode inference to closely resemble
that of ICL. We first present the rationale behind our ap-

proach in Sec. 5.1, then formally describe LTV in Sec. 5.2.

5.1. Rationale Behind the Proposed Method

The proposed LTV method is designed to achieve the fol-
lowing two goals simultaneously. First, we aim to design a
method f that achieves a small dNTP(f), meaning that the
next token probability Ptv under TV mode closely replicates
Picl under ICL mode. Second, we seek to preserve the key
advantage of ICL, which does not require updating param-
eters of a model. These goals lead us to formulate a proxy
optimization problem which satisfies two conditions: (1) the
proxy objective is provably related to the original objective
dNTP, and (2) the proxy problem has a closed-form solution.

Formulation of the proxy optimization problem. Given
demonstrations Z, our goal is to find the optimal f that
minimizes the discrepancy dNTP(f) between Picl and Ptv. As
depicted in Fig. 2, the predictive distributions Picl and Ptv are
obtained by applying the LM head to the respective hidden
states hicl and htv. Thus, the metric dNTP(f) in equation 9
can be expressed as:

dNTP(f) = E
[
KL

(
σ(Wlmhicl) ∥ σ(Wlm(hzs + f(Z)))

)]
,

where htv = hzs+v = hzs+f(Z) is the hidden state of TV
mode. Thus, minimizing dNTP(f) with respect to f leads to
the following optimization problem:

min
f

E
[
KL

(
σ(Wlmhicl) ∥ σ(Wlm(hzs + f(Z)))

)]
. (10)

However, solving equation 10 requires iteratively updating
the task vector extraction model f , as no closed-form solu-
tion exists. In order to preserve the key advantage of ICL
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Figure 4. Overview of the proposed Linear Task Vector (LTV ) method. Our method employs a linear mapping W that estimates the effect
of demonstrations in the hidden space (hicl − hzs) from the hidden state hzs of the zero-shot inference mode via ridge regression. In the
extraction phase (left), we use N unlabeled training queries {xj}Nj=1 to define (1) the regression target matrix Y as the concatenation
of N column vectors {hicl(xj)− hzs(xj)}Nj=1 and (2) the variable matrix H as the concatenation of N column vectors {hzs(xj)}Nj=1.
Subsequently, a closed-form solution for the optimal linear mapping W ⋆ from H to Y is obtained. In the inference phase (right), we use
the optimal linear mapping W ⋆ to inject the task vector v = W ⋆hzs(xtest) in the hidden state, for a given test query xtest.

(which does not require any model updates), we instead
introduce a proxy objective in a way that the corresponding
minimization problem has a closed-form solution on f . To
this end, we define the proxy objective as the mean squared
error (MSE) between the hidden states hicl and htv:

LMSE(f) = E
[∥∥hicl −htv

∥∥2
2

]
= E

[∥∥hicl −hzs −f(Z)
∥∥2
2

]
.

(11)
Recall that dNTP in equation 9 is defined as the expectation
over query x. With explicit dependence on x and demon-
strations Z, the proxy optimization problem becomes:

min
f

Ex∼D

[∥∥hicl(x, Z)− hzs(x)− f(x, Z)
∥∥2
2

]
. (12)

A natural question is how this proxy objective LMSE is re-
lated with the original objective dNTP. The following propo-
sition answers this question:

Proposition 5.1 (Relationship between dNTP and LMSE).
Assume the language modeling head Wlm has a bounded
spectral norm ∥Wlm∥2 ≤ C1 and the log-softmax function
is C2-Lipschitz in the ℓ2-norm. Then, for any function f ,
the metric dNTP(f) is upper-bounded by the square root of
LMSE(f):

dNTP(f) ≤ C1C2

√
LMSE(f). (13)

We defer the proof of Prop. 5.1 to Appendix A.1. This
proposition indicates that we can reduce dNTP(f) by finding
f which has small LMSE(f).

Using a linear mapping to solve the proxy problem. We
now focus on solving the proxy problem in equation 12,
i.e., finding f which outputs the task vector v = f(x,Z)
that resembles hicl − hzs. In other words, the purpose of
task vector v is to compensate the effect of demonstrations
in the ICL mode (compared with the zero-shot inference
mode which does not use demonstrations) in the hidden
state. Thus, a natural approach to solve this problem is to
find a mapping from hzs (the hidden state for the zero-shot
inference mode) to the target hicl − hzs. In order to get
a closed-form solution for the optimization problem, we

consider the simplest case2 of using a linear mapping W ,
which results in the following formulation:

f(x,Z) = W (Z)hzs(x).

This leads to the following optimization problem:

min
W

Ex∼D

[∥∥hicl(x, Z)− hzs(x)−Whzs(x)
∥∥2
2

]
. (14)

This reformulated problem in equation 14 has a closed-form
solution, the details of which are given below.

5.2. Formal Description of Proposed Method

We now formalize Linear Task Vector (LTV ), a task vec-
tor extraction method f which estimates a linear mapping
W ⋆ that minimizes equation 14. Specifically, in the extrac-
tion stage, LTV estimates W ⋆ via ridge regression (Hoerl
& Kennard, 1970). In the inference stage, the estimated
optimal mapping W ⋆ is applied to compute the task vector.

Extraction Stage. Given demonstrations Z, we estimate
W ∈ Rd×d by solving a regression problem mapping hzs
to (hicl −hzs), where d is the dimension of the hidden state.
As shown in the leftmost column of Fig. 4, we first sample
N unlabeled queries {xj}Nj=1 from the training set, and use
them to compute the hidden states h. Let H ∈ Rd×N be the
matrix whose j-th column is hzs(xj), and let Y ∈ Rd×N

be the matrix whose j-th column is (hicl(xj)−hzs(xj)). To
prevent ill-conditioning of HH⊤ when d is large relative
to N , we employ the ridge regression

W ⋆ = argmin
W

(
∥Y −WH∥2F + λ∥W ∥2F

)
, (15)

where λ is the regularization parameter, and ∥ · ∥F denotes
the Frobenius norm. This yields a closed-form solution,
computed by solving a linear system

(HH⊤ + λI)W ⋆⊤ = HY ⊤, (16)

where I denotes the identity matrix.

2In Appendix A.4, we empirically validate that this simple
choice is both practical and effective compared to alternatives.

6



Distributional Alignment as a Principle for Designing Task Vectors in In-Context Learning

Table 1. Comparison of classification accuracy (%) between LTV and four baseline task vector methods, tested on eight benchmarks.
Here, we also compare with two additional inference modes (zero-shot and ICL) for reference. The LTV method consistently achieves the
highest average accuracy (Avg.) across all five models.

Models Methods AGNews DBPedia HateSpeech18 MR SST-2 SST-5 Subj TREC Avg.

Qwen-2.5-7B
(Qwen et al., 2024)

Zero-shot 73.80 74.80 58.40 68.00 54.80 20.20 48.80 66.40 58.15
ICL 85.40 (±1.6) 97.32 (±0.3) 81.76 (±1.3) 93.44 (±0.5) 94.40 (±0.3) 48.56 (±2.2) 89.68 (±1.9) 87.32 (±2.6) 84.74
Function Vector (Todd et al., 2024) 73.24 (±0.4) 75.56 (±0.5) 58.64 (±0.5) 58.96 (±1.2) 58.48 (±1.8) 20.20 (±0.0) 58.32 (±3.5) 68.08 (±0.7) 58.94
Task Vector (Hendel et al., 2023) 74.76 (±2.1) 78.52 (±1.8) 63.92 (±3.3) 87.28 (±2.9) 93.76 (±1.2) 23.52 (±4.7) 54.96 (±6.9) 74.12 (±3.2) 68.86
State Vector (Li et al., 2024) 78.52 (±0.3) 76.88 (±0.6) 57.84 (±1.3) 85.84 (±2.5) 86.64 (±3.6) 30.60 (±0.2) 70.12 (±2.7) 71.64 (±6.8) 69.76
I2CL (Li et al., 2025c) 75.60 (±2.3) 75.68 (±0.4) 62.80 (±0.7) 79.24 (±0.4) 87.36 (±0.3) 22.96 (±0.3) 42.72 (±0.3) 56.68 (±1.8) 62.88
LTV (Ours) 77.32 (±6.7) 90.68 (±2.2) 75.24 (±1.2) 90.56 (±1.3) 91.76 (±1.7) 31.32 (±4.2) 80.68 (±5.6) 83.40 (±6.2) 77.62

Qwen-3-8B
(Yang et al., 2025a)

Zero-shot 57.40 74.60 71.60 92.40 92.20 34.80 66.40 68.20 69.70
ICL 86.56 (±2.3) 97.31 (±0.6) 83.44 (±1.0) 93.28 (±0.5) 94.48 (±0.5) 53.08 (±2.3) 93.36 (±0.7) 85.24 (±4.8) 85.84
Function Vector (Todd et al., 2024) 61.68 (±0.8) 77.74 (±0.3) 71.56 (±0.4) 90.24 (±1.0) 91.36 (±0.2) 34.88 (±0.1) 67.20 (±2.2) 75.56 (±0.7) 71.28
Task Vector (Hendel et al., 2023) 79.24 (±7.0) 81.49 (±1.4) 74.20 (±0.9) 92.36 (±0.2) 93.16 (±0.6) 34.08 (±0.4) 76.00 (±2.5) 73.56 (±7.9) 75.51
State Vector (Li et al., 2024) 81.24 (±4.2) 84.40 (±0.9) 69.92 (±2.0) 92.44 (±0.1) 92.24 (±0.4) 33.92 (±1.1) 75.56 (±6.8) 78.32 (±2.6) 76.01
I2CL (Li et al., 2025c) 62.92 (±0.2) 74.51 (±0.3) 70.12 (±0.6) 92.40 (±0.1) 93.24 (±0.2) 34.92 (±0.1) 59.76 (±0.3) 78.36 (±0.9) 70.78
LTV (Ours) 77.80 (±2.1) 94.20 (±1.7) 76.04 (±3.4) 86.72 (±6.3) 90.40 (±2.2) 39.40 (±7.1) 90.00 (±2.2) 81.96 (±4.6) 79.57

LLaMA-2-7B
(Touvron et al., 2023)

Zero-shot 72.40 73.60 54.00 73.00 80.40 28.40 51.60 50.00 60.43
ICL 84.48 (±5.1) 94.44 (±2.7) 64.60 (±9.0) 93.72 (±0.6) 93.52 (±1.2) 42.88 (±3.3) 54.48 (±6.5) 79.36 (±4.0) 75.94
Function Vector (Todd et al., 2024) 71.64 (±0.7) 73.88 (±1.2) 55.80 (±0.6) 74.72 (±0.9) 78.60 (±0.1) 27.84 (±0.8) 50.04 (±0.2) 59.28 (±4.2) 61.48
Task Vector (Hendel et al., 2023) 76.68 (±2.6) 78.68 (±0.6) 71.28 (±2.8) 78.64 (±6.8) 81.60 (±5.6) 32.24 (±3.6) 48.72 (±2.6) 58.84 (±6.8) 65.84
State Vector (Li et al., 2024) 74.36 (±8.4) 90.36 (±1.0) 64.12 (±3.7) 88.48 (±3.8) 82.56 (±7.2) 33.68 (±8.4) 50.20 (±3.7) 62.20 (±7.5) 68.25
I2CL (Li et al., 2025c) 72.96 (±1.1) 76.00 (±0.1) 51.48 (±0.4) 74.16 (±1.0) 80.16 (±0.1) 34.72 (±0.6) 51.16 (±0.1) 60.24 (±0.5) 62.61
LTV (Ours) 83.96 (±4.4) 88.84 (±1.6) 55.72 (±5.2) 91.20 (±2.5) 90.12 (±0.9) 38.68 (±2.0) 50.32 (±0.3) 70.68 (±5.4) 71.19

LLaMA-2-13B
(Touvron et al., 2023)

Zero-shot 73.80 76.20 55.20 61.20 66.60 20.80 49.80 69.60 59.15
ICL 88.04 (±1.7) 96.88 (±1.1) 77.40 (±2.2) 94.44 (±0.5) 94.80 (±0.7) 46.52 (±2.7) 82.28 (±7.1) 83.36 (±5.2) 82.97
Function Vector (Todd et al., 2024) 74.00 (±1.2) 76.40 (±7.5) 54.08 (±0.4) 61.84 (±3.4) 72.44 (±6.0) 21.40 (±1.2) 50.00 (±0.0) 69.96 (±1.1) 60.02
Task Vector (Hendel et al., 2023) 79.84 (±2.9) 80.72 (±1.9) 71.48 (±6.7) 83.16 (±0.8) 82.80 (±4.2) 33.64 (±2.1) 49.72 (±0.1) 73.84 (±5.3) 69.40
State Vector (Li et al., 2024) 84.64 (±4.0) 89.48 (±4.9) 58.80 (±8.8) 89.20 (±2.8) 87.20 (±3.6) 36.08 (±3.0) 49.40 (±0.6) 66.96 (±1.0) 70.22
I2CL (Li et al., 2025c) 78.88 (±0.3) 79.00 (±0.5) 54.48 (±0.1) 60.68 (±0.3) 64.80 (±0.4) 25.96 (±0.1) 50.00 (±0.0) 69.12 (±0.4) 60.37
LTV (Ours) 86.68 (±1.7) 93.20 (±0.5) 72.08 (±2.2) 90.20 (±2.0) 88.96 (±2.1) 41.88 (±2.2) 78.76 (±2.7) 83.92 (±6.3) 79.46

LLaMA-3.1-8B
(Dubey et al., 2024)

Zero-shot 75.00 69.00 60.60 82.20 86.80 25.60 59.20 49.40 63.48
ICL 87.16 (±1.2) 97.68 (±0.8) 74.32 (±8.1) 94.52 (±0.4) 94.20 (±1.1) 48.32 (±1.1) 85.96 (±5.3) 79.08 (±7.3) 82.66
Function Vector (Todd et al., 2024) 76.16 (±0.1) 69.44 (±1.0) 63.00 (±0.2) 83.24 (±0.3) 87.32 (±0.6) 26.20 (±1.3) 59.52 (±0.2) 69.12 (±0.6) 66.75
Task Vector (Hendel et al., 2023) 81.36 (±3.7) 83.24 (±1.5) 67.64 (±2.0) 83.48 (±3.5) 87.88 (±0.3) 34.76 (±1.9) 61.12 (±1.4) 66.48 (±1.0) 70.75
State Vector (Li et al., 2024) 80.28 (±4.3) 80.80 (±1.5) 65.40 (±1.3) 85.96 (±4.9) 84.12 (±0.6) 36.60 (±1.6) 62.52 (±3.5) 67.28 (±1.9) 70.37
I2CL (Li et al., 2025c) 76.76 (±0.4) 72.56 (±0.4) 62.24 (±0.5) 85.24 (±0.3) 90.80 (±0.2) 32.48 (±0.4) 62.28 (±0.1) 49.00 (±0.5) 66.42
LTV (Ours) 82.84 (±2.5) 93.36 (±1.4) 70.44 (±6.0) 88.68 (±1.0) 90.08 (±1.2) 38.20 (±3.4) 67.16 (±11.4) 72.88 (±7.2) 75.46

Inference Stage. As shown in the rightmost column of
Fig. 4, we compute the task vector for a test query xtest as
v = W ⋆hzs(xtest). The task-conditioned hidden state is
then obtained as htv = hzs + v, from which the LM head
computes the predictive distribution Ptv.

6. Experiments
In this section, we empirically validate the proposed LTV
method. Sec. 6.1 describes the evaluation setup, and Sec. 6.2
presents the experimental results. Codes are available at this
GitHub repository.

6.1. Experimental Setup

Evaluation. Following prior work (Li et al., 2025c; Gao
et al., 2025), we evaluate LTV on a diverse set of text classifi-
cation benchmarks. We consider eight widely used datasets,
organized by task type – sentiment analysis: SST-2, SST-
5 (Socher et al., 2013), MR (Pang & Lee, 2005); topic clas-
sification: AGNews, DBPedia (Zhang et al., 2015); question
classification: TREC (Voorhees & Tice, 2000); subjectivity
classification: SUBJ (Pang & Lee, 2004); and hate speech
detection: HateSpeech18 (De Gibert et al., 2018). We re-
port the average accuracy over five independent runs, each

using a different set of demonstrations with k = 30. For
LTV , we report results using N = 256 train queries and
a regularization parameter λ = 5 selected via grid search.
Further details on evaluation are provided in Appendix A.2.

Models. We conduct experiments on five widely used
LLMs: LLaMA-2-7B (Touvron et al., 2023), LLaMA-2-
13B (Touvron et al., 2023), LLaMA-3.1-8B (Dubey et al.,
2024), Qwen-2.5-7B (Qwen et al., 2024), and Qwen-3-
8B (Yang et al., 2025a).

Baselines. We compare LTV with existing task vector
methods which can be categorized into three groups, based
on the module from which task vectors are extracted. First,
we compare with Task Vector (Hendel et al., 2023), which
extracts the task vector from the outputs of a single decoder
layer. Second, we compare with methods that extract the
task vector from a subset of attention heads. Function
Vector (Todd et al., 2024) extracts from the final token of the
input, whereas State Vector (Li et al., 2024) extracts from
the last token of each demonstration and averages them.
For all baselines above, the layer index or set of attention
heads is selected using a held-out validation set. Third, we
compare with I2CL (Li et al., 2025c), which extracts task
vectors from both attention heads and MLP modules. In

7

https://anonymous.4open.science/r/LTV-58C1/README.md
https://anonymous.4open.science/r/LTV-58C1/README.md


Distributional Alignment as a Principle for Designing Task Vectors in In-Context Learning

(Log scale)

Figure 5. Comparison of dNTP across LTV and four baselines on eight benchmarks, tested on LLaMA-3.1-8B. LTV consistently achieves
the lowest dNTP across all benchmarks, confirming that minimizing the proxy objective LMSE using linear mapping effective reduces dNTP.

Table 2. Comparison of the inference time per test sample (in
seconds) and performance, evaluated on LLaMA-3.1-8B.

Method Time (s)↓ Avg. Acc. (%)↑

Zero-shot 0.0220 63.48
Few-shot (ICL) 0.2238 82.66

Function Vector (Todd et al., 2024) 0.0614 66.75
State Vector (Li et al., 2024) 0.0292 70.37
I2CL (Li et al., 2025c) 0.0246 66.42
Task Vector (Hendel et al., 2023) 0.0236 70.75
LTV (Ours) 0.0226 75.46

I2CL, the task vector is injected after scaling, where the
scaling coefficient is trained using a validation set with true
label. For fair comparison in a training-free setting, we use
the default coefficient selected in (Li et al., 2025c), instead
of training the coefficient. We also compare with standard
zero-shot and ICL baselines. Details on each method are
provided in Appendix A.3.

6.2. Results

LTV outperforms baselines. Table 1 reports classifica-
tion accuracy of LTV and baseline task vector methods
across eight benchmarks and five LLMs. As shown in the
rightmost column, LTV achieves the highest average ac-
curacy on all five models. Notably, LTV outperforms the
best baseline – State Vector – on LLaMA-2-13B by 9.2%,
achieving a score of 79.46% compared to 70.22%. More-
over, LTV ranks first on the majority of individual tasks
across all models; specifically, our method achieves the best
performance on 31 out of 40 cases measured on 8 bench-
marks and 5 models. This strong performance highlights
that, among TV methods, LTV most effectively extracts
task vectors that capture the effect of demonstrations.

LTV effectively reduces the proposed metric. Recall
that LTV is designed to achieve a small dNTP. Given its
strong performance over baselines, a natural follow-up is
whether LTV indeed attains lower dNTP. Fig. 5 compares
dNTP across five methods on eight benchmarks experimented
with LLaMA-3.1-8B model. Compared to other baselines,
LTV achieves the lowest dNTP on all benchmarks. This
confirms that LTV works as intended, successfully reducing
the discrepancy between TV and ICL modes.

LTV incurs the lowest inference overhead. We verify
that the strong performance of LTV does not come at the

Table 3. Effect of hyperparameters (the number of unlabeled
queries N and the regularization parameter λ) on the performance
of LTV and dNTP. Experiments are conducted on LLaMA-3.1-8B,
with gray rows indicating default settings.

N Avg. Acc. (%) ↑ dNTP ↓ λ Avg. Acc. (%) ↑ dNTP ↓
32 69.9 0.266 0.1 54.5 1.035
64 72.2 0.229 1.0 75.2 0.149
128 74.7 0.178 5.0 75.2 0.147
256 75.2 0.155 10.0 75.2 0.145

expense of inference speed. Table 2 compares the aver-
age inference time per test example across methods. LTV
achieves the shortest inference time among all task vector
baselines (0.0226s per sample), comparable to zero-shot
inference (0.0220s per sample). This efficiency is natural,
as LTV intervenes only at the final-layer via a single matrix-
vector multiplication.

LTV is robust to hyperparameter choices. One might
wonder whether the performance of LTV relies on careful
hyperparameter tuning. We examine the effect of the num-
ber of queries N and the ridge regularization parameter λ on
both accuracy and dNTP. Table 3 reports results obtained by
varying one hyperparameter at a time. Halving N from the
default value of 256 to 128 decreases accuracy by only 0.5%
with a slight increase in dNTP. Similarly, varying λ from
the default value of 5.0 to 1.0 or 10.0 maintains comparable
accuracy and dNTP. These results confirm that LTV is robust
to hyperparameter choices.

7. Conclusion
In this paper, we investigated the mechanics of task vectors
(TVs) as a means of compressing In-Context Learning (ICL)
demonstrations into the hidden states of LLMs. We intro-
duced dNTP, a novel metric that quantifies the discrepancy in
next-token probability between TV-based and standard ICL-
based inference. Our analysis reveals that dNTP serves as a
reliable proxy for downstream performance, enabling the
evaluation of TV methods without the need for exhaustive
task-specific testing. Leveraging these insights, we devel-
oped Linear Task Vector (LTV), a method that employs a
closed-form linear mapping to minimize dNTP. Experimen-
tal results across multiple benchmarks and architectures
demonstrate that LTV outperforms existing training-free
TV methods. By achieving superior accuracy with reduced
inference latency, LTV offers a more efficient and effective
framework for task compression in LLMs.
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Impact Statement
This paper presents work aimed at advancing the field of
machine learning. While our method can be used to improve
task vector methods in in-context learning, we do not foresee
any specific negative societal or ethical impacts beyond
those commonly associated with LLMs.
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A. Appendix
A.1. Proof of Proposition 5.1

We provide detailed proof for the proposition 5.1 presented in Sec. 5.

Proof. Recall that, throughout the paper, P denotes the next-token distribution restricted to the label set C as defined
in equation 2. Accordingly, the Picl and Ptv in the KL divergence in dNTP(f) in equation 9 are also computed over C.

Given demonstrations Z and a query x, recall that

hicl := hicl(x, Z), htv := htv(x,v)

denote the hidden states of the last token in the final-layer under ICL and TV inference, respectively.

Restricted logits. For the LM head Wlm, define WC ∈ RK×d as the submatrix of Wlm formed by selecting the rows
indexed by the label set C (where K = |C|). Then

∥WC∥2 ≤ ∥Wlm∥2 ≤ C1,

since removing rows cannot increase the spectral norm.

Define the restricted logits
z := WC hicl, z̃ := WC htv,

and the corresponding restricted predictive distributions

p := softmax(z), q := softmax(z̃).

Then the discrepancy for each query x appearing in dNTP(f) in equation 9 is equal to DKL(p∥q).

Step 1: Bounding the restricted logit distance. By sub-multiplicativity and the spectral-norm bound,

∥z − z̃∥2 = ∥WC(hicl − htv)∥2 ≤ ∥WC∥2 ∥hicl − htv∥2 ≤ C1 ∥hicl − htv∥2. (17)

Step 2: Bounding the restricted KL divergence via Lipschitz log-softmax. Let ϕ(·) := log softmax(·) denote the
log-softmax map on RK . By assumption, ϕ is C2-Lipschitz in ℓ2:

∥ϕ(z)− ϕ(z̃)∥2 ≤ C2∥z − z̃∥2. (18)

For any coordinate i ∈ {1, . . . ,K},

| logpi − log qi| = |ϕ(z)i − ϕ(z̃)i| ≤ ∥ϕ(z)− ϕ(z̃)∥2 ≤ C2∥z − z̃∥2.

Therefore,

DKL(p∥q) =
K∑
i=1

pi(log pi − log qi) ≤
K∑
i=1

pi | logpi − log qi|

≤
K∑
i=1

pi (C2∥z − z̃∥2) = C2∥z − z̃∥2. (19)

Step 3: Combining and taking expectation. Combining equation 17 and equation 19 yields

DKL(p∥q) ≤ C1C2 ∥hicl − htv∥2.

Taking expectation over x ∼ D, we have

dNTP(f) = Ex∼D
[
DKL(p∥q)

]
≤ C1C2 Ex∼D

[
∥hicl − htv∥2

]
≤ C1C2

√
Ex∼D

[
∥hicl − htv∥22

]
= C1C2

√
LMSE(f).

This completes the proof.
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Table 4. Overview of the benchmark datasets used in our experiments, including their prompting templates and label sets. {Sentence} and
{Label} are placeholders for input query x and label y, respectively.

Dataset Prompt Template Labels

AGNews News: {Sentence}
Type: {Label}

World / Sports / Business / Technology

DBPedia Input: {Sentence}
Label: {Label}

company / school / artist / athlete / politics /
transportation / building / nature / village / ani-
mal / plant / album / film / book

HateSpeech18 Text: {Sentence}
Label: {Label}

neutral / hate

MR Review: {Sentence}
Sentiment: {Label}

negative / positive

SST-2 Review: {Sentence}
Sentiment: {Label}

negative / positive

SST-5 Sentence: {Sentence}
Sentiment: {Label}

terrible / negative / neutral / positive / great

SUBJ Sentence: {Sentence}
Label: {Label}

objective / subjective

TREC Question: {Sentence}
Answer Type: {Label}

Abbreviation / Entity / Person / Location / Num-
ber

A.2. Details on Evaluation

We provide detailed information about our evaluation setup. Following experiments conducted in Li et al. (2025c), we
employ the same prompt templates and label sets, as summarized in Table 4. However, EmoC (Chatterjee et al., 2019) is
excluded as it is no longer publicly available. For labels consisting of multiple tokens, we use the probability of the first
token when computing equation 2, following Hendel et al. (2023); Todd et al. (2024); Li et al. (2025c). All experiments
were conducted using a single NVIDIA RTX A6000 GPU.

All experiments are conducted with k = 30 demonstrations Z, sampled from the training dataset. Note that for classification
tasks, the label set C contains |C| = K labels. For both task vector extraction and ICL inference, we ensure that each label is
represented by an equal number of examples in Z. Specifically, we include the maximum number of examples per label
such that all labels are equally represented while staying within the limit of k demonstrations. For example, in the case of
AGNews where the number of classes K is 4, we include 7 examples per label under the k = 30 setting, resulting in a total
of 28 demonstrations. This uniform label distribution is maintained across all experiments involving demonstrations.

A.3. Details on Baselines

In this section, we provide the details of each baseline along with our implementation. For each baseline, we describe (1)
the extraction phase, (2) the inference phase, and (3) the implementation details.

• Task Vector (Hendel et al., 2023). In the extraction phase, task vectors are extracted from hidden states at the last token
position. In the inference phase, the original hidden state of the model at a specific layer is replaced with the extracted
vector (i.e., htv = v). Following the original study, we select the optimal layer independently for each task using a
validation set with 32 labeled examples.

• Function Vector (Todd et al., 2024). In the extraction phase, task vectors are extracted from the activations of attention
heads that are selected based on their causal influence on increasing the probability of the correct label. In the inference
phase, the task vector is added to the hidden state at a chosen injection layer. In our implementation, we follow the original
paper and identify the top-10 attention heads based on their causal influence. We average their representations over 20
independent trials and select the optimal layer using a validation set with 32 labeled examples. Detailed implementation
refers to the official repository at https://github.com/ericwtodd/function_vectors.

• State Vector (Li et al., 2024). In the extraction phase, task vectors are formed by collecting attention activations at the
separator tokens of each demonstration. The activations are gathered across the initial layers. In the inference phase, these
stored activations are added to the model activations. We employ the inner optimization strategy from the original paper,
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Table 5. Comparison of design choices for the task vector f(x, Z) that maps hzs(x) to the estimated hidden state difference hicl − hzs.
We compare three ways of designing such mapping: the constant mapping uses a fixed vector f(x, Z) = c, the linear mapping which
uses a linear transformation f(x, Z) = Whzs(x), and the 2-layer MLP based mapping which uses a ReLU network f(x, Z) =
W2σReLU(W1hzs(x)). Note that the linear mapping is used in our proposed LTV method in Sec. 5. We report the accuracy averaged over
8 classification benchmarks used in Sec. 6, our proposed dNTP metric and LMSE. Experiments are conducted on LLaMA-3.1-8B (Dubey
et al., 2024).

Design Choices f(x,Z) Avg. Acc. ↑ dNTP ↓ LMSE ↓
Constant Mapping c 55.72 0.694 2.84
Linear Mapping (Ours) Whzs(x) 75.21 0.146 1.22
2-layer MLP based Mapping W2σReLU(W1hzs(x)) 77.74 0.132 0.64

which averages activations extracted from multiple demonstration examples. The optimal depth of the initial layers is
selected for each task via a validation set with 32 labeled examples. The method is implemented using the official code at
https://github.com/HITsz-TMG/ICL-State-Vector.

• I2CL (Li et al., 2025c). In the extraction phase, task vectors are extracted from the output activations of both attention
and MLP modules at the last token position. These activations are averaged over each demonstration example. At
inference time, a linear combination of these attention and MLP task vectors is additively injected into the residual
stream at every layer. In our experiments, we use the initial coefficient values (λ = 0.1, β = 1) for the linear
combination as suggested in the original paper. Code and detailed implementation instructions are available at https:
//github.com/LzVv123456/I2CL.

A.4. Additional Experiments

In Sec. 5.1 of the main paper, we propose to solve the proxy problem in equation 14 by minimizing LMSE in equation 11.
We interpret the proxy problem as finding a task vector v = f(x, Z) that compensates for the effect of demonstrations in the
hidden state. Specifically, the goal of using task vectors is to approximate the hidden state difference hicl −hzs between ICL
and zero-shot inference:

min
f

Ex∼D

[∥∥hicl(x, Z)− hzs(x)− f(x, Z)
∥∥2
2

]
.

In the main paper, we consider f as a mapping from hzs to the target hicl − hzs and adopt a linear mapping f(x,Z) =
Whzs(x) for its closed-form solution:

min
W

Ex∼D

[∥∥hicl(x, Z)− hzs(x)−Whzs(x)
∥∥2
2

]
.

Here, we compare this choice against alternative designs and validate its effectiveness.

Design choices for the task vector. Given the strong performance of our proposed LTV method as shown in Sec. 6.2, the
choice of employing a linear mapping naturally raises two questions: (1) Is it necessary to model f as a mapping, the output
of which is dependent on the input hzs(x), or does modeling f as a simple constant vector suffice? (2) How effective is our
linear mapping compared to a more expressive alternative trained via gradient descent? To answer these two questions, we
compare our linear mapping approach against a constant mapping baseline and a more expressive alternative (2-layer MLP
based mapping):

• Constant Mapping: Modeling the output of f as a fixed vector c ∈ Rd independent of the query x, i.e., f(x,Z) = c.
The optimal solution is given by the empirical mean of hicl − hzs, represented as

c∗ =
1

N

N∑
i=1

(
hicl(xi, Z)− hzs(xi)

)
where N unlabeled train queries {xi}Ni=1 are used.

• Linear Mapping (Ours): Mapping from hzs to the target hicl−hzs using a linear transformation, i.e., f(x,Z) = Whzs(x),
where W ∈ Rd×d. This has a closed-form solution when we formulate it as a ridge regression problem; see Section 5.2.

• 2-layer MLP based Mapping: Mapping from hzs to the target hicl − hzs using a 2-layer ReLU (Agarap, 2018) network:
f(x,Z) = W2 σReLU(W1hzs(x)), where W1,W2 ∈ Rd×d are learnable parameter and σReLU denotes ReLU activation
function. This is more expressive than the linear mapping, but requires iterative optimization. We train this network by
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minimizing the LMSE loss using AdamW (Loshchilov & Hutter, 2017) with learning rate 10−3, cosine scheduler with
warmup ratio 0.1, batch size 8, and 20 epochs over N = 256 unlabeled train queries with k = 30 demonstrations Z.

As shown in Table 5, the constant mapping achieves only 55.72% accuracy with LMSE = 2.84, performing significantly
worse than our proposed linear mapping (75.21% accuracy, LMSE = 1.22) by a margin of 19.49% in accuracy and 1.62 in
MSE. This confirms that a fixed hidden state vector is not sufficient for approximating the effect of demonstrations. While
2-layer MLP based mapping achieves the lowest LMSE of 0.64 due to its expressiveness, our proposed linear mapping attains
competitive accuracy (75.21% vs 77.74%) and dNTP (0.146 vs 0.132) without requiring iterative optimization. These results
demonstrate that linear mapping is a viable choice, balancing both effectiveness and computational efficiency.
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