Beyond Task-Level Context: Class-Conditional Context Vectors for Implicit
In-Context Learning

Jianxin Zhang!*, Yilu Hu!*, Teng Liu', Pei Guo!, Juntao Li

1,24

'School of Computer Science and Technology, Soochow University
2Key Laboratory of Data Intelligence and Advanced Computing, Soochow University
{jxzhang2020, ylhuhyl} @stu.suda.edu.cn
ljt@suda.edu.cn

Abstract

Implicit In-Context Learning compresses
demonstration examples into a single context
vector and injects it into the model’s activation
space, achieving few-shot-level performance
at near zero-shot inference cost. However, ex-
isting approaches typically aggregate demon-
strations from all classes into a shared, task-
level context vector, capturing global task infor-
mation but without explicitly preserving fine-
grained, class-conditional semantic distinctions.
In this work, we propose Class-Conditional
Context Vectors (C3V), a simple yet effec-
tive extension to implicit in-context learning
that explicitly models class-specific contextual
information by constructing separate context
vectors for each class, without relying on ex-
plicit prompts. These class-conditional context
vectors are additively injected into the model’s
residual streams in a single forward pass, en-
abling contextual contributions to be modulated
in a class-aware manner while keeping the back-
bone frozen. We evaluate C*V on multiple text
classification benchmarks across several fam-
ilies of large language models. Experimental
results demonstrate that C*V consistently out-
performs task-level context vector baselines,
and achieves higher average accuracy than con-
ventional few-shot learning on most models.

1 Introduction

In-context learning (ICL) enables large language
models (LLMs) to adapt to new tasks by condi-
tioning on a small set of labeled demonstrations
without updating model parameters (Honda and
Oka, 2025; Saglam et al., 2025; Zhang et al.,
2025b). However, explicitly concatenating demon-
strations with each query incurs non-trivial infer-
ence overhead (Qin et al., 2025), motivating recent
work on implicit in-context learning, which com-
presses demonstrations into latent context vectors
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and injects them directly into the model’s activation
space (Li et al., 2025; Todd et al., 2024; Liu et al.,
2024; Hu et al., 2025; Wang et al., 2025a; Hendel
et al., 2023; Rimsky et al., 2024). This formula-
tion achieves performance comparable to few-shot
learning while retaining near zero-shot inference
efficiency.

Among existing implicit in-context learning ap-
proaches (Hu et al., 2025; Li et al., 2025; Todd
et al., 2024; Liu et al., 2024; Wang et al., 2025a;
Hendel et al., 2023; Rimsky et al., 2024), I12CL
(Li et al., 2025) adopts a simple and effective for-
mulation that blends context vectors with query
activations via linear combination. In doing so,
I2CL constructs a task-level context vector by ag-
gregating demonstrations from all classes into a
single shared representation. This design is ef-
fective for capturing global task information and
achieves strong empirical performance across a
range of benchmarks while retaining high inference
efficiency (Li et al., 2025). However, by treating
all demonstrations uniformly, it does not explicitly
preserve class-specific structure. In classification
tasks, demonstrations from different classes often
exhibit distinct semantic characteristics, as shown
in Section 4.3 and Appendix D, raising the question
of whether a single task-level context vector is suf-
ficient to represent such heterogeneous information.
Given its simplicity and empirical success, we take
I2CL as a natural foundation and investigate how
its task-level context vectorization can be extended
to better model class-specific structure.

Motivated by this consideration, we propose a
simple class-conditional extension to implicit in-
context learning. Specifically, we group demon-
strations by class, construct a separate context
vector for each label, and jointly inject all class-
conditional context vectors into the model’s resid-
ual streams via learnable linear coefficients, which
are trained using a small labeled support set, en-
abling class-aware conditioning without multiple
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inference passes or explicit prompting during infer-
ence.

We refer to this approach as Class-Conditional
Context Vectors (C*V). C3V provides a more fine-
grained formulation than task-level context vector-
ization by retaining class-specific contextual infor-
mation in the latent space. Experiments on multiple
text classification benchmarks and 6 LLMs show
that this class-conditional formulation improves
classification accuracy over task-level context vec-
tor baselines in most cases. We further analyze the
resulting representations to better understand how
class-conditional context vectors influence latent
activation structure. Our main contributions are
summarized as follows:

* We highlight a potential limitation of task-
level context vectorization in implicit in-
context learning, which aggregates demon-
strations from different classes into a single
shared representation without explicitly mod-
eling class-specific structure.

» We propose C3V, a lightweight and general
class-conditional extension that introduces
class-conditional context vectors at the cost of
a modest increase in inference time.

» We demonstrate the effectiveness of C>V on
multiple classification benchmarks and pro-
vide representation-level analyses to better un-
derstand its behavior.

2 Related Work

In-Context Learning. In-context learning enables
LLMs to perform new tasks by conditioning on
a small set of demonstrations provided in the in-
put, without parameter updates (Honda and Oka,
2025). Prior work has studied various aspects of
ICL, including prompt design, demonstration se-
lection, and ordering (Liu et al., 2025; Sun et al.,
2025; Kothapalli et al., 2025). Despite its effective-
ness, explicit demonstration concatenation incurs
non-trivial inference overhead, motivating more
efficient alternatives (Qin et al., 2025).

Implicit In-Context Learning and Context
Vectors. To reduce inference cost, recent ap-
proaches propose implicit in-context learning meth-
ods that compress demonstration information into
latent context vectors and inject them directly
into the model’s internal activations (Zhang et al.,
2025a; Wang et al., 2025b; Nguyen et al., 2025;
Yousefpour et al., 2025; Su et al., 2025; Konen

et al., 2024; Scalena et al., 2024; Zhao et al., 2025;
Yang et al., 2025; Stolfo et al., 2025; Li et al., 2025;
Todd et al., 2024; Liu et al., 2024; Hu et al., 2025;
Wang et al., 2025a; Hendel et al., 2023; Rimsky
et al., 2024). These methods achieve strong perfor-
mance while avoiding explicit prompt-based con-
ditioning. However, most existing context-vector-
based approaches operate at the task level by aggre-
gating demonstrations into a single shared context
vector (Li et al., 2025; Todd et al., 2024; Liu et al.,
2024; Hu et al., 2025; Wang et al., 2025a; Hendel
et al., 2023; Rimsky et al., 2024). While effective
for capturing global task structure, such aggrega-
tion may obscure fine-grained, class-conditional se-
mantic information. In contrast to these approaches,
our method introduces class-conditional structure
directly into implicit context representations, with-
out requiring explicit prompts.

Class-Aware Conditioning and Representa-
tion Analysis. Prior work has shown that incorpo-
rating label or class information into model inputs
can play an important role in guiding model behav-
ior (Yao et al., 2024; Wang et al., 2023), particu-
larly in classification settings. These approaches
suggest that explicitly exposing models to class-
related cues can help align internal representations
with task-relevant semantics.

Our work builds on this insight by introducing
class-conditional structure directly into implicit
context representations. We further analyze the rep-
resentational effects of class-conditional context
vectors through intra-class and inter-class distance
measurements, complementing prior representation
analyses of implicit in-context learning.

3 Method

We propose C?V, a simple extension to implicit ICL
that captures fine-grained class-level semantics. As
illustrated in Figure 1, instead of constructing a sin-
gle task-level context vector, C*V builds separate
context vectors for each class from labeled demon-
strations and jointly injects them into the model
via linear interventions. Algorithm 1 provides the
pseudocode of the C*V algorithm.

3.1 Preliminaries: 12CL

We briefly review I2CL, which forms the basis of
our approach. Given a classification task with a
small set of labeled demonstrations

D = {(zs,y:) Y1, (1
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Figure 1: C*V overview. Demonstrations are grouped by class and encoded by a frozen model into class-conditional
latent vectors. These vectors are jointly injected with the query using learnable coefficients in a single forward pass,
which are optimized with cross-entropy while the backbone remains frozen.

For each demonstration (z;, y;), I2CL extracts
attention and MLP outputs at selected token po-
sitions (e.g., the end-of-sequence token e) across
all layers [ = 1,..., L, denoted as {ag, mfvl}lel.
These activations are averaged across all demon-
strations to obtain a task-level context vector
{af,mf}le, which is linearly injected into the
residual stream during inference to bias the model
toward task-relevant directions while preserving
near zero-shot inference efficiency.

3.2 Class-Conditional Context Vector
Construction

To capture class-specific semantics, we construct
class-conditional context vectors by grouping
demonstrations according to their labels. Let C
denote the set of class labels, and D, = {(z;,y;) €
D | y; = c} denote the demonstration subset for
class c. For each (x;, y;) € D,., we extract the same

attention and MLP activations as in I2CL:
L
di = {af,lamf,l}l:r

2

Aggregating these activations within each class

yields the class-conditional context vector
7 _e e L
de = {ai,b mi,l}l:b

3)

where

1
de = a¢
c,l |Dc| E a0

€D,
1
—e __ § : e
mc,l - ‘ ‘ mi,l'
“lieD,

3.3 Class-Conditional Context Injection

Let r! denote the residual representation at layer [
and token position t. We inject all class-conditional
context vectors into the residual stream via a linear
intervention:

t_ .t a =e a .t
r,=r_,+ Z Aeiley+ B
ceC
+ ) AT mE, + B my.
ceC

“)

Here, A%, and A7, control the contribution of
class-conditional attention and MLP components,
while 8} and 3] preserve the original residual path-
ways of the backbone model. All class-conditional
vectors are jointly injected within a single forward
pass, resulting in a superposition of class-level se-
mantic biases in the residual stream.

Rather than treating these coefficients as fixed
hyperparameters, we learn

c={\ A B B e 12

®)

via gradient-based optimization on the same few-
shot demonstrations used to construct the class-
conditional context vectors. In I2CL, A is initial-
ized to 0.1. Since our formulation injects class-
conditional context vectors additively over classes,
we scale the initialization by the number of classes
and set it to 0.1/|C| to keep the overall injection
magnitude comparable. Following I2CL, we ini-
tialize the residual scaling coefficients 5 to 1. All
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coefficients are optimized by minimizing the nega-
tive log-likelihood of the ground-truth labels:

=L

D) Y logP(y |z {d}eec,c) . (6)

(z,y)eD

while keeping the backbone model parameters
fixed.

3.4 Inference and Prediction

During inference, prediction is performed with a
single forward pass in which all class-conditional
context vectors are jointly injected into the model.
Given a query input z, the model produces a unified
hidden representation that integrates class-specific
semantic information through the learned coeffi-
cients. Class scores are computed from the pre-
dicted probabilities associated with each candidate
class label, and the predicted class is selected as

§ = arg ncnggcp(yc | 2, {dc}eec,c), (D

where 3. denotes the label token corresponding to
class c.

4 Experiments

4.1 Experimental Setup

Implementation Details. We outline the experi-
mental configuration and setup used for all exper-
iments unless otherwise specified. We construct
the class-conditional context vectors by sampling
five demonstration examples per class for each
task. Demonstration examples are sampled from
the training set and fixed across methods to ensure
fair comparison. Input sequences are constructed
using simple yet effective manually designed tem-
plates, which are summarized in Table 11 in the
Appendix H. Each task is evaluated on a test set
consisting of 500 data points, consistent with the
baseline setup. For the training process, we employ
the AdamW (Loshchilov and Hutter, 2019) opti-
mizer with a learning rate of 1 x 10~2 and weight
decay of 1 x 1073. The learning rate is adjusted
using a cosine learning rate scheduler. The training
is performed over 100 epochs with a batch size
of 2. To ensure statistical reliability, each exper-
iment is independently run five times under the
same configuration with different random seeds,
each corresponding to a different set of sampled
demonstrations. All experiments were conducted
on NVIDIA A5000 GPUs.

Datasets. We evaluate our method and baseline
approaches on nine widely used text classification
benchmarks. Following prior work (e.g., I2CL), we
adopt the same benchmark suite to ensure fair com-
parison. Specifically, the evaluated datasets include
SST-2 and SST-5 (Socher et al., 2013) for binary
and fine-grained sentiment analysis, MR (Pang and
Lee, 2005) for movie review sentiment classifica-
tion, TREC (Voorhees and Tice, 2000) for question
type classification, AGNews and DBPedia (Zhang
et al., 2015) for topic and multi-class document
classification, Subj (Pang and Lee, 2004) for subjec-
tivity detection, EmoC (Chatterjee et al., 2019) for
emotion classification, and HateSpeech18 (de Gib-
ert et al., 2018) for hate speech detection.

Models. We select three famous model families:
LLaMA, GPT and Qwen. Specifically, we choose
LLaMAZ2-7B (Touvron et al., 2023), LLaMA3-
8B (Al@Meta, 2024), LLaMA3.2-1B (AI@Meta,
2024), GPT-J-6B (Wang and Komatsuzaki, 2021),
GPT2-XL (Radford et al., 2019) and Qwen3-8B
(Team, 2025). The models were chosen based on
their alignment with the I2CL and the availability
of our computational resources. We only provide
a detailed report of the results for LLaMA2-7B,
with the results for other LL.Ms available in Ap-
pendix C.

Baselines. We compare our method against the
following baselines: (1) Label Anchor (Wang et al.,
2023), which uses anchor tokens in the input for
task adaptation without fine-tuning model parame-
ters. (2) Task Vector (Hendel et al., 2023), which
injects a task-specific vector derived from demon-
stration examples into the model’s optimal replace-
ment layer to guide task-specific behavior. (3) ICV
(Liu et al., 2024), which leverages positive and neg-
ative demonstration pairs to generate the steering
vector, mainly for open-ended generation tasks. (4)
I2CL (Li et al., 2025), which condenses demon-
stration examples into a context vector and uses
linear operations to fuse information. In addition
to these, several tuning-based approaches are also
included, such as (5) AutoCompressors (Chevalier
et al., 2023), which finetunes the model to com-
press knowledge representations. (6) ICAE (Ge
et al., 2024), which uses a LoRA-adapted encoder
to encode context into memory slots. (7) CEPE
(Yen et al., 2024), which utilizes demonstrations
from the encoder context to improve performance.
(8) Prompt-tuning (Lester et al., 2021), which adds
learnable prompt tokens to adapt the model with-
out modifying its parameters. (9) LoRA (Hu et al.,
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Method SST-2 SST-5 TREC AGNews  Subj HateS DBPedia EmoC MR Avg. # cached P.
Zero-shot 83.00 27.00 50.00 70.20 51.40 54.20 72.00 41.80 73.60 58.13 0
Few-shot 94.441444 41-723.68 77.324,41 85.682‘00 52.563,09 70-245.80 96.640,48 75.481,63 93.240,50 7637 2MDL
Label-anchor 83.325.95 27.684.21 77.483.49 83.721.04 53.002.95 64.525.09 81.40367 59.1210.60 84.40559 6829 2(M/K)DL
Task-vector 81 .444(73 25‘960,59 65.681,93 79.684(07 58.56491 67.683‘70 89.482,53 44.643,53 82.325.37 66.16 D
Icv 86.280.55 33.480.65 63.840.15 72.400.37 56.560.70 60.561.50 73.64988 49.161.24 84.041.10 64.44 DL
12CL 87.682.47 39.12569 78.565.32 85.481.16 73.84354 09.88567 90.161.86 63.721.37 87.68226 75.12 2DL
cv 87.062.01 44.64265 78.864.56 85.522.49 70.407.06 74.801.64 93.160.97 63.94:97 88.4831> 7632 2|C|DL
AutoCornp. 92.443429 25.804,80 62.529_34 86.361_03 60. 160,32 53.205,10 92.682_86 29.565,07 82.767_34 63.94 Z(M/K)DL
ICAE 91.641.60 38.801.56 50.925.38 80.482.35 50.529.17 65.487.18 62.081.86 54.04469 89.48145 64.83 2(M/K)DL
CEPE 74.283.90 36.200.56 55.483.42 78.003.49 59.12160 61.72526 87.241.20 4228331 8236161 64.08 Mdenc

Table 1: Comparison of methods on various classification benchmarks using LLaMA2-7B. The best results are
highlighted in bold. In addition to evaluating the memory consumption, we also conduct an analysis of the cached
parameters. Specifically, M, D, and L denote the number of demonstration tokens, the model hidden dimensionality,
and the number of architectural layers, respectively. Furthermore, 1/K represents the compression ratio of the
respective context-compression technique, |C| denotes the number of classes, and de,,. denotes the hidden dimension
of the auxiliary encoder (when applicable). A detailed explanation of “# cached P.” can be found in Appendix A.
Due to space constraints, the signs for the standard deviation were omitted, but it should be expressed as mean +

standard deviation.

Method ‘ # trainable ‘ SST-2 SST-5 TREC AGNews Subj HateS DBPedia EmoC MR  Avg.
params. (K)

Prompt—tuning 4.10 5624@99 242429@ 5520414 78007@0 5740495 4956@96 7440643 3508529 543217@ 54.94

LoRA (=8) 419430  |84.806.50 39.87435 75.9710.77 83.802.32 70.4710.68 75.322.85 9140554 53.6716.27 83.070.25 73.15

LoRA (r=1) 52429  [82.44¢77 38.883.47 73.08656 8332276 60.680.c8 6332283 8452414 57.882.66 87.9616s 70.23

1A3 262.14  [89.40205 4693081 7541401 8443145 56.675.0r 6254555 9391040 59.755.67 88.001s5 73.00

cv 0.064(|C| + 1) |87.062.01 44.642.65 78.86456 85.522.40 70.407.06 74.80164 93.160.07 63.94507 88.48312 76.32

Table 2: Comparison of different PEFT methods on various datasets. Due to space constraints, the signs for the
standard deviation were omitted, but it should be expressed as mean =+ standard deviation. Here, |C| denotes the

number of class labels in the corresponding dataset.

2022) and (10) IA3 (Liu et al., 2022), which are
PEFT methods from HuggingFace PEFT library!.

All baseline configurations refer to the settings in
12CL.

Evaluation Metrics. We report classification
accuracy as the primary evaluation metric. For
multi-class datasets, we report macro-averaged ac-
curacy. All results are averaged over five random
seeds. All results are reported in percentage (%).

4.2 Main Results

C3V Achieves Few-shot Level Accuracy with
Moderate Parameter Caching. Table 1 reports
results on LLaMA2-7B. C*V achieves performance
comparable to few-shot inference while requiring
only moderate additional cached parameters. It
attains 76.32% average accuracy, outperforming
the zero-shot baseline by 18.19 points. Notably, as
shown in Appendix C, C3V even surpasses few-
shot performance on average on the remaining
5 LLMs.

"https://github.com/huggingface/peft

Comparison with Methods without Explicit
Demonstrations. Label Anchor, Task Vector,
ICV, and I2CL perform inference without relying
on explicit demonstration examples. As shown in
Table 1, C3V achieves the best overall performance
among these approaches, reaching the highest aver-
age accuracy. In particular, C3V outperforms the
strongest baseline I2CL by 1.2 points on average,
with gains on challenging datasets such as SST-5,
HateS, and DBPedia. These results suggest that
explicitly modeling class-conditional contextual in-
formation can offer a more effective alternative to
task-level context representations, while avoiding
any reliance on demonstration examples during in-
ference.

Comparison with Methods for Prompt Compres-
sion during Inference. We compare C*V with
representative prompt compression methods, in-
cluding AutoCompressors (Chevalier et al., 2023),
ICAE (Ge et al., 2024), and CEPE (Yen et al.,
2024). As shown in Table 1, these approaches yield
mixed improvements over zero-shot baselines and
exhibit inconsistent performance across datasets.
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Figure 2: t-SNE visualization of class-conditional latent vectors on LLaMA-2-7B. Left: attention-based latent
vectors; right: MLP-based latent vectors. Points are colored by dataset and shaped by class label. Latent vectors

from five random seeds are included for each class.

In contrast, C3V does not rely on a pre-trained uni-
versal compression model; instead, it constructs
class-conditional context vectors and learns task-
specific injection coefficients, enabling more tar-
geted adaptation. We note that prompt compres-
sion methods primarily aim to reduce input length
for long-context inference, making them comple-
mentary to C3V, which focuses on improving task
adaptation with moderate parameter caching.

Comparison with Test-time PEFT Methods.
We compare C3V with widely used test-time PEFT
methods on LLaMA2-7B, including Prompt Tun-
ing (Lester et al., 2021), LoRA (Hu et al., 2022),
and IA3 (Liu et al., 2022). As shown in Table 2,
Prompt Tuning underperforms the zero-shot base-
line under data-scarce conditions, while LoRA and
IA3 achieve stronger performance but require sub-
stantially more trainable parameters. In contrast,
C3V attains competitive adaptation performance
with a number of learnable parameters that scales
linearly with the number of classes.

4.3 Representation Analysis

To better understand the representational effects of
class-conditional context vectors, we analyze the
structure and separability of the latent representa-
tions using both visualization and distance-based
metrics based on cosine similarity.

4.3.1 Visualization of Class-Conditional
Latent Vectors

For each dataset, we construct five sets of class-
conditional latent vectors, each obtained from a run

with a different random seed, corresponding to dif-
ferent sampled demonstrations. For visualization,
we concatenate the layer-wise attention or MLP
vectors of each class-conditional context into a sin-
gle high-dimensional representation and project
all such representations into two dimensions using
t-SNE. As shown in Figure 2, for LLaMA2-7B,
the visualization reveals a hierarchical organiza-
tion: latent vectors from different datasets form
well-separated global clusters, while vectors corre-
sponding to different class labels further organize
into distinct sub-clusters within each dataset. De-
spite this overall hierarchical structure, the visual-
ization also exhibits cases with less clear class sep-
aration. For example, in Figure 2a, the two classes
in the SST-2 dataset are relatively difficult to dis-
tinguish, while in Figure 2b, classes in the EmoC
dataset (e.g., circles and inverted triangles) show
substantial overlap. Class-conditional latent vec-
tors obtained from other models are presented
in Appendix D.

These patterns suggest that class-conditional
context vectors capture generally stable and dis-
criminative class-level semantics that are robust to
randomness in demonstration sampling.

4.3.2 Inter- and Intra-Class Distance Analysis

We further quantify representation separability by
computing inter- and intra-class distances within
each dataset. Intra-class distance measures the vari-
ation among latent vectors of the same class across
different random seeds, while inter-class distance
measures the separation between latent vectors of
different classes. All distances are computed us-
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Figure 3: Inter- and intra-class distance analysis of latent representations across datasets on LLaMA-2-7B. (a,b)
Inter- and intra-class distances for attention-based and MLP-based representations, where each panel includes
distances computed both without coefficient scaling (bars labeled with the raw- prefix in the legend) and after
multiplication by trained coefficients (bars labeled with the weight- prefix). (c,d) Corresponding inter/intra ratios for
attention and MLP representations, comparing the settings without (raw-) and with (weight-) trained coefficient

scaling.

ing cosine distance. We perform this analysis for
both attention- and MLP-based representations, be-
fore and after modulation with the learned coeffi-
cients. The detailed formulations of the distance
metric, as well as the definitions of intra-class and
inter-class distances and the inter/intra ratio, are
provided in Appendix B. As shown in Figure 3, we
report the inter- and intra-class distance analysis
for LLaMA2-7B; corresponding results for other
models are provided in Appendix E.

Across most datasets, both before and after mod-
ulation with the learned coefficients, inter-class
distances are larger than intra-class distances (Fig-
ures 3a—3b), indicating inherent class separability.
After modulation, both inter-class and intra-class
distances generally increase, indicating that, un-
der cosine distance, pairwise distances between
latent representations exhibit an overall consistent
increase. To assess relative separability, we com-
pute the inter/intra ratio (Figures 3c—3d), where
values greater than 1 indicate favorable class dis-
crimination. In most cases, the ratio remains above
1. Notably, for a small number of datasets (e.g.,
SST-2 and Subj under MLP-based modulated rep-
resentations), the ratio falls below 1, which aligns
with cases where C3V underperforms I12CL in the
main results. These analyses suggest that class-
conditional context vectors induce relatively stable
and discriminative representations, while their ef-
fectiveness varies across different datasets.

Finally, we visualize the learned layer-wise coef-
ficients to qualitatively analyze how context injec-

tion is modulated across layers (see Appendix F).

4.4 Ablation

We analyze the impact of each module in our frame-
work using LLaMAZ2-7B (unless otherwise spec-
ified), with the reported results averaged across
five random seeds and all nine datasets. Due to
space constraints, detailed ablation studies on
target modules, target layers, injection positions,
extraction positions, and context vector aggre-
gation strategies are deferred to Appendix G.

Training and Inference Efficiency. We compare
the training and inference efficiency of C*V with
relevant baselines on LLaMA3.2-1B, as summa-
rized in Table 3. While both C?V and I2CL in-
troduce learnable scaling coefficients, C3V incurs
higher training time due to the introduction of ad-
ditional parameters that scale with the number of
classes. This effect is particularly pronounced on
datasets with more classes, such as DBPedia, SST-
5, TREC, and AGNews, where modeling class-
conditional contextual information leads to a no-
ticeable increase in training cost. On average, the
training time increases from 104.60 seconds for
I2CL to 146.93 seconds for C3V. At inference time,
zero-shot and cached few-shot baselines achieve
the lowest latency, while uncached few-shot infer-
ence is substantially more expensive. Compared
to I2CL, C3V introduces moderate additional infer-
ence cost on most datasets, resulting in an average
inference time of 22.11 seconds versus 13.60 sec-
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Method SST-2 SST-5 TREC AGNews Subj HateS DBPedia EmoC MR Avg.

Training Time

12CL 5527174 146.171091 177.07194 134.32415 66.03p.99 64.47¢.85 99.935 .46 134.59953 63.592.44 104.60
v 65.49191 201.37479 265.27292 175959625 66.26310 63.13301 273.454080 146.19403 65.281.19 146.93
Inference Time

ZS 6.42 6.43 4.66 9.26 6.84 6.70 12.11 5.54 6.61 7.17

FS (Cache) 6.870.05 7.530.04 4.999.01 11.240.11 748007  7-240.06 14.920 21 6.320.05 7.210.05 8.20

FS (NO Cache) 26.093_4(5 85.462_70 64.672_53 141'986.18 45'976.48 344965_]3 131.8714_67 58.094_56 364932_30 69.56
12CL 11.96197 12.161.33 9.750.14 15.953 45 12.08p.10 11.75¢.15 24.861 g7 11.890.75 12.03p55 13.60
C3V 14.02]_10 19.691_33 19~051.63 22.609_58 11'512.66 8.580_03 86~2222_11 8~980.06 8.370,11 22.11

Table 3: Training and Inference Time (seconds) on LLaMA3.2-1B. Values are reported as mean with standard
deviation shown in subscript. Due to space constraints, the & symbol is omitted.

Direction Accuracy
Zero-shot 58.13

+ Noise Vector (Repl.) 69.73

+ Class-Conditional (No-Train, init = 60.98
0.1/1CI)

+ Class-Conditional (Train, init = 0.1) 71.94
Train, init = 0.1/|C| (Ours) 76.32

Table 4: Noise Injection, Training, and Coefficient Ini-
tialization

onds for I2CL. In particular, datasets with a larger
number of classes, such as DBPedia (14 classes),
exhibit a more pronounced increase in inference
time. These results highlight a clear trade-off be-
tween efficiency and performance: C3V requires
modestly higher training and inference time than
task-level context vector methods, but achieves
improved classification performance by explicitly
modeling class-conditional structure, while remain-
ing substantially more efficient than uncached few-
shot inference.

Scaling with the Number of Demonstrations.
We analyze how model performance scales with
the number of demonstrations per class. As shown
in Figure 4, C*V exhibits a clear and consistent
improvement as more demonstrations are provided.
Notably, across all shot settings shown in the figure,
C3V consistently achieves higher accuracy than
I2CL. In contrast, standard ICL shows limited gains
beyond a small number of demonstrations and de-
grades as the context length grows. These results
suggest that C?V scales more favorably with in-
creasing demonstration size, avoiding the degrada-
tion observed in standard ICL at larger shot counts.

Noise Injection, Training, and Coefficient Ini-
tialization. We conduct an ablation study to dis-
entangle the effects of noise-based injection, coeffi-

Scaling Trend
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Figure 4: Scaling trend of C3V.

cient training, and initialization strategies, as sum-
marized in Table 4. Replacing class-conditional
context vectors with noise yields only limited im-
provement over the zero-shot baseline, indicating
that the performance gains cannot be attributed
solely to the class-conditional context vectors them-
selves and that the trainable coefficients play an
important role. Injecting class-conditional context
with fixed (non-trainable) coefficients yields only
modest gains, suggesting that class-aware initial-
ization (0.1/|C|) can introduce class-conditional
signals into the model, but remains insufficient
without learning. Training the coefficients with
a uniform initialization (0.1) leads to substantial
performance improvements; however, it remains in-
ferior to the 0.1/|C| initialization, underscoring the
importance of appropriate initialization of the injec-
tion parameters. Our full method (Ours: combin-
ing class-conditional context vectors with trainable
coefficients and coefficient initialization of 0.1/|C|)
achieves the best performance, demonstrating that
both coefficient training and initialization are cru-
cial for fully leveraging class-conditional context
vectors in C?V.

5 Conclusion

We introduce C?V, a lightweight extension to im-
plicit ICL that explicitly models class-specific con-
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textual information via class-conditional context
injection. Experiments and representation analyses
show that C*V consistently improves classification
performance over task-level context vectors by en-
hancing class discriminability, while preserving the
efficiency of implicit ICL. Future work will explore
extending C3V to broader task settings and multi-
modal scenarios.

Limitations

While our method, C*V, demonstrates promising
results in improving ICL, there are several limita-
tions that warrant further investigation.

1. Task-Specific Applicability. Currently, C}V
is evaluated primarily on text classification
tasks. Although we show significant improve-
ments in this domain, the effectiveness of
class-conditional context vectors in more com-
plex tasks, such as open-ended generation or
multi-label classification, remains to be ex-
plored. Tasks involving long-range dependen-
cies, multi-step reasoning, or generation may
require further adaptations to the method or a
more sophisticated use of context vectors.

2. Parameter Growth with the Number of
Classes. C?V employs class-conditional con-
text vectors whose number increases with the
size of the label set. As the label space grows,
the number of class-related parameters to be
learned or stored correspondingly increases,
which may introduce additional memory and
computational overhead. While this design
facilitates modeling class-level semantic in-
formation, its scalability in settings with a
large number of classes warrants further inves-
tigation. Future work may explore parameter-
sharing mechanisms or more compact repre-
sentations to improve scalability.
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A # Cached Parameters During Inference
e M: number of demonstration (or context) tokens,
¢ D: model hidden dimension,

e L: number of transformer layers,

* 1/K: compression ratio.

denc: hidden dimension of the auxiliary encoder
(if used).

* |C|: the number of classes (if used).

Specifically, the term “2M D L” refers to the size
of the standard key-value (KV) cache used in au-
toregressive inference. In the KV caching mecha-
nism, for each of the M input tokens and across all
L Transformer layers, the model stores:

* a D-dimensional Key (K) vector, and
e a D-dimensional Value (V') vector.

This results in a total of 2 X M x D x L =
2M DL cached parameters. The KV cache is main-
tained to avoid re-computing attention over the
context at every generation step, but it directly con-
tributes to memory footprint.

Few-shot method follows standard autoregres-
sive inference. When the input prompt contains
M demonstration tokens, the model caches their
key-value representations across all L Transformer
layers, resulting in a KV cache of size 2M D L.

In contrast, the I2CL framework do not cache
the full KV states of all M demonstration tokens,
thereby avoiding the 2M D L cost. Instead, it oper-
ates as a latent ICL approach:

* During a pre-processing phase, the demonstra-
tions dy, ..., dy are passed through the frozen
LLM, and for each demonstration, we extract the
multi-head attention output af ; and MLP output
mg, at the final token position e of each layer l.

* These activations are then averaged across
demonstrations to form a compact context vector.

e The resulting context representation is
{ag, m§}E |, which contains two D-dimensional
vectors per layer (one from attention, one from
MLP), totaling 2D L parameters.

During inference, no demonstration tokens are
included in the input prompt. Instead, the pre-
computed context vector {af, m¢ L | is directly
injected into the residual stream of the query. This
eliminates the need for a large KV cache propor-
tional to M, making the method significantly more
memory-efficient—especially as the number of
demonstrations grows.

Building upon the latent ICL formulation of
I2CL, our C3V framework further refines the con-
text representation by modeling class-conditional
semantics explicitly. Instead of aggregating all
demonstrations into a single task-level context vec-
tor, C*V maintains a separate context vector for
each class.

Concretely, for a classification task with |C|
classes, demonstrations belonging to the same class
¢ € C are first processed by the frozen LLM to ex-
tract the attention and MLP activations at the final
token position of each layer. These activations are
averaged within each class, yielding a set of class-
conditional context vectors

{ag,l’mg,l}lea ceC.

As a result, C?V caches |C| such context repre-
sentations, each consisting of two D-dimensional
vectors per layer. The total number of cached pa-
rameters therefore scales as

2|C|DL,

which is linear in the number of classes but remains
independent of the number of demonstration tokens
M.

During inference, no demonstration tokens
are appended to the query. Instead, all class-
conditional context vectors are jointly injected into
the residual stream through a linear intervention,
enabling fine-grained class-aware modulation of
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the model’s internal representations. Compared
to I2CL, C3V incurs a modest increase in cached
parameters proportional to |C|, while preserving
the same zero-shot inference cost and avoiding any
KV-cache growth with respect to M.

For Label Anchor method, the demonstrations
are compressed into % context tokens, including
both label and formatting tokens. During infer-
ence, the model still performs token-level attention
over these compressed tokens. As a result, the
cached parameters correspond to the KV cache of
the compressed context, yielding a memory cost of
2x ¥ xDx L.

For Task Vector method, the demonstrations are
compressed into a single task vector #(S) € RP.
During inference, no demonstration tokens are in-
cluded in the input; instead, 6(.5) is patched into the
residual stream at an intermediate layer. Therefore,
the cached parameters consist of a single activation
vector of dimension D, independent of the number
of demonstrations.

For ICV method, demonstrations are summa-
rized into a set of layer-wise activation vectors
{Rhly | derived from the MLP outputs. During
inference, no demonstration tokens are included;
instead, one D-dimensional activation vector is
added at each layer. Therefore, the cached param-
eters scale as DL, independent of the number of
demonstrations.

ICAE uses a LoRA-fine-tuned encoder to com-
press the original long context M into a small num-
ber of “Memory Slots”. The compression ratio is
1/K, so during inference, the effective sequence
length entering the model is no longer M, but the
reduced % The KV cache parameter calculation
is 2 x % x D x L, where the number 2 represents
the Key and Value matrices.

In AutoCompressor, the context is compressed
into % summary vectors, which are used as soft
prompts and injected into the input of every layer
of the model. During inference, the Key and
Value representations of these summary tokens are
cached at each layer, forming the Compressed KV
Cache. Therefore, the size of the cached parame-
ters is: 2 X % x D x L.

Ignoring the caching overhead from the query
during inference, and considering only the cached
parameters for the additional context, CEPE stores
M - dep parameters. Specifically, it caches the last-
layer hidden representations from the small bidi-
rectional encoder M odele,., where de,e = 1024
(matching the hidden dimension of RoOBERTa-large,

as used in the paper). These dep.-dimensional vec-
tors are later up-projected to the decoder’s hid-
den dimension dge. (e.g., 4096 for LLaMA2-7b)
within the cross-attention layers at each decoder
block, enabling the decoder to attend to the en-
coded context without caching dg..-dimensional
keys and values for the additional tokens.

B Definition of Intra-Class and
Inter-Class Distances

In this appendix, we formally define the intra-class
and inter-class distance metrics used in our repre-
sentation analysis.

B.1 Distance Metric

All distances are computed in the original high-
dimensional representation space using cosine dis-
tance, defined as

XTZ

d(x,z) =1 (®)

Il 1=

Cosine distance captures the angular relationship
between representations and is widely used in rep-
resentation learning due to its ability to emphasize
semantic direction while remaining invariant to vec-
tor magnitude.

B.2 Intra-Class Distance

Let X = {x1,...,xn} denote the set of context
representations, where each representation X; is
associated with a class label y; € {1,...,C}. For
each class ¢, we define the subset of representations
belonging to that class as

Xe={xi | yi = c}, 9

with cardinality n. = |X,|. In our experiments, X,
consists of the class-conditional context vectors for
class c obtained from multiple independent runs
with different random seeds.

The intra-class distance is computed as the av-
erage cosine distance over all unordered pairs of
representations belonging to the same class, aggre-
gated across all classes:

C
20:1 Z 1<J

Xi,Xj eX,
Y (5)

This metric reflects the degree of dispersion of
representations within each class.

d(Xi, Xj)
(10)

Intra =
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B.3 Inter-Class Distance

The inter-class distance is defined as the aver-
age cosine distance between representations drawn
from different classes:

ch<02 iné){cl Zx‘jEXC2 d(xl’ X])

ch <c2 ncl nCQ

Inter =

Y
This quantity captures the overall semantic sepa-
ration between classes in the representation space.

B.4 Inter-to-Intra Distance Ratio

To summarize class separability with a single scalar
metric, we further report the inter-to-intra distance

ratio:

Inter
Ratio =

Intra’ (12)

A higher ratio indicates that inter-class distances
increase more substantially than intra-class dis-
tances, suggesting improved discriminability of the
learned representations.

We emphasize that all distances are computed
directly in the original representation space, with-
out relying on dimensionality reduction techniques
such as t-SNE, which may distort pairwise dis-
tances. Moreover, this analysis does not depend
on training an auxiliary classifier, allowing us to
assess representation geometry in a model-agnostic
manner.

C C3*V on Other Large Language Models

In this section, we evaluate the performance of
C3V on a diverse set of large language models
beyond LLaMA2-7B, including models from the
LLaMA, GPT, and Qwen families. All experiments
follow the same experimental protocol as described
in the main text, including dataset splits, demon-
stration construction, coefficient training, and eval-
uation metrics. For brevity, we focus on report-
ing the final performance results and key trends,
while detailed analyses are deferred to the main
results on LLaMA2-7B. Due to the limited context
window of GPT2-XL, the AGNews and DBPedia
datasets were not evaluated under the I2CL setting
on GPT2-XL. For the same reason, our method,
C3V, was also not evaluated on these datasets when
using GPT2-XL. As shown in Table 6-10, over-
all, C*V generally outperforms the baselines across
all evaluated models, with a single exception: on
LLaMA3.2-1B, the Soft Prompt baseline achieves
better performance than C3V. This behavior may

be related to the limited capacity of LLaMA3.2-
1B, under which prompt-tuning-based adaptation
methods such as Soft Prompt can sometimes be
more effective. It is worth noting that, compared
to C*V, Soft Prompt involves a larger number of
trainable parameters. Notably, even on the strong
Qwen3-8B model, our method achieves an average
improvement of nearly 0.8 points over the strongest
baseline across all datasets.

D Attention- and MLP-Based
Class-Conditional Latent Vector
Visualizations for Other Models

Appendix D provides additional visualizations of
class-conditional latent vectors obtained from other
language models. Following the same visualiza-
tion procedure as in Section 4.3.1, we concatenate
layer-wise attention or MLP representations for
each class-conditional context and project them
into two dimensions using t-SNE. These results
complement the main analysis and demonstrate
that the observed representational patterns gener-
alize across different models. The corresponding
visualizations are shown in Figures 5-9.

E Inter- and Intra-Class Distance
Analysis for Other Models

This appendix presents the inter- and intra-class dis-
tance analysis for additional language models be-
yond LLaMA2-7B. The analysis follows the same
experimental protocol and distance definitions as
described in Appendix B, using cosine distance for
all computations. These results complement the
main analysis and further assess the generality of
the observed representational patterns across differ-
ent models. The corresponding visualizations are
shown in Figures 10-14.

F Layer-wise Coefficients of LLaMA2-7B

We present the layer-wise coefficients of LLaMA2-
7B across all datasets for completeness and visu-
alization purposes. As shown in Figure 15, C*V
provides finer control over information injection by
learning layer-wise coefficients that are not strictly
positive. The coefficients fluctuate across layers,
implying that contextual information may be re-
duced rather than consistently amplified at different
depths.
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Name Accuracy(%) Name Accuracy(%)

Zero-shot 58.13 Zero-shot 58.13

MHA 68.90 Early 59.37

MLP 73.13 Middle 70.40

Hidden state 59.92 Late 67.54

MHA+MLP 76.32 All(ours) 76.32

(a) Target Modules (b) Target Layers
Name Accuracy(%) Name Accuracy(%)
Zero-shot 58.13 Zero-shot 58.13 Name Accuracy(%)
First 67.78 First 34.12 Zero-shot 58.13
Last 71.09 Random 69.29 PCA 75.08
All(ours) 76.32 Last (ours) 76.32 Mean(ours) 76.32
(c) Injection Pos (d) Extraction Pos (e) Post Fuse Method

Table 5: Comparison of Different Settings.

G Additional Ablation Studies

Target Module. We study different target mod-
ules for activation extraction and injection, includ-
ing MHA, MLP, hidden states, and their combi-
nation. As shown in Table 5a, intervening at ei-
ther MHA or MLP improves performance over the
baseline, with the combined MHA+MLP setting
achieving the best results. In contrast, using hidden
states provides only marginal gains, likely due to
their mixed and less targeted representations.

Target Layer. We examine where to inject con-
text by grouping model layers into early, middle,
and late stages, each containing one-third of the to-
tal layers. As shown in Table 5b, injecting context
into middle or late layers yields larger gains than
early-layer injection, while applying context across
all layers achieves the best performance. This sug-
gests that injecting contextual information across
layers helps refine representations throughout the
network.

Injection Position. By default, C*V injects con-
text across all token positions. We compare this
strategy with alternatives that inject context at a
single position, including the first token or the last
token. As shown in Table 5c, injecting at the last
token outperforms the first setting, while injecting
across all positions achieves the best results.

Extraction Position. We study the effect of ex-
tracting class-conditional context vectors from dif-
ferent token positions, including the first token, a
randomly selected token, and the last token in the
sequence. As shown in Table 5d, extracting context
vectors from the last token yields the best perfor-

mance, substantially outperforming other positions.
In contrast, using the first token leads to a signif-
icant performance drop. These findings suggest
that extracting context vectors from the last token
yields the most effective performance, while us-
ing the first token leads to a significant drop, and
random extraction performs worse than extraction
from the last token.

Context Vector Calculation. We analyze how
C3V aggregates class-conditional context vectors
across layers, comparing mean pooling and PCA-
based fusion. Mean fusion averages layer-wise con-
text vectors, whereas PCA fusion performs dimen-
sionality reduction before aggregation. As shown
in Table 5e, mean fusion outperforms PCA, indi-
cating that simple averaging better preserves class-
relevant information for effective context injection
in C3V.

H Dataset Templates and Labels

The dataset templates and label spaces used in the
classification tasks for our method and baselines
are shown in Table 11.

I C®V Algorithm Pseudocode

Algorithm 1 provides the pseudocode of the C*V
algorithm. The pseudocode summarizes the overall
training procedure, including the construction of
class-conditional context vectors, coefficient initial-
ization, and coefficient optimization.
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Method SST-2 SST-5 TREC  AGNews Subj HateS DBPedia  EmoC MR Avg.

Zero-shot 91.00 30.60 53.80 66.60 45.00 51.00 63.40 59.40 89.00 61.09
Few-shot 94.000.40 46.72137 84.96305 85.48157 50.04908 52.72318 87.20p.78 66.363.96 92.48p55 73.33
Soft Prompt ~ 50.20003 23.93p66 80.001.80 82.27g33 59.800.40 52.40096 34.80457 54.30984 51.00p49 54.30
Task-vector 94.000,35 35-442.06 57.481,27 83.444_56 45.762_05 51.560_64 69.52],62 62.280,52 87.600,33 65.23
Label-anchor 89.881.65 34.122.05 79.642,05 70.282‘82 46.9614434 52.403‘44 54.3619,58 68.123,95 87.560,74 64.81
12CL 90.362.44 35.92599 81.68369 84.00225 85.00334 72.40244 86.80303 68.04330 86.92152 76.79
cv 89.082.40 38.56421 86.80353 85.20219 82.96254 70.52373 91.40003 67.52513 86.32p60 77.60

Table 6: Classification accuracy (in %) on nine datasets using Qwen3-8B. Results are reported as accgqg, where std
denotes the standard deviation over multiple runs.

Method SST-2 SST-5 TREC  AGNews Subj HateS DBPedia EmoC MR Avg.
Zero-shot 60.60 28.00 46.80 79.80 55.60 50.80 49.20 39.20 56.20 51.80
Few-shot 64.329.69 20.560,93 71.163,19 86.001,23 50.00000 50.000.00 83.842,21 25-440,78 60.845.31 56.91

Soft Prompt 58.604_66 34.601_59 65.846_75 83.043_71 58.324_21 59.644_07 82.601_78 504288.61 67.167_90 62.23
Task-vector 69.88983 24.52992 65.76163 86.08250 51.36074 49.28496 75.323790 48.08p.90 66.00337 59.59
Label-anchor 58.921 57 28.8047¢ 51.761.40 76.3635014 50.72045 50.00013 62.00504 25.84050 58.64197 51.45
12CL 54.96280 26.20973 50.00357 81.52396 63.04393 54.48747 66.52473 45.36292 70.48421 56.95
cv 57.806.86 26.56250 63.88961 83.60269 60.32813 55.48797 87.12933 50.64417 69.08574 61.61

Table 7: Classification accuracy (in %) on nine datasets using LLaMA3.2-1B. Results are reported as accyg, where
std denotes the standard deviation over multiple runs.

Method SST-2 SST-5 TREC AGNews Subj HateS  DBPedia EmoC MR Avg.
Zero-shot 55.60 31.40 66.40 73.60 51.00 50.40 56.20 41.00 55.60 53.47
Few-shot 93.000.62 39.40321 78.20594 84.80130 62471244 64.93265 8233364 52.20392 92.73050 72.23

Noise vector 68.486‘60 38.603‘03 66.889‘34 82.16278 69.965_73 56.045_09 80.444‘29 43.847‘59 77.76&82 64.91
Soft Prompt 58.9612_03 29.567.61 74-2410.38 85.64;},77 69.009_78 62.685_03 86.400.00 54-3211.88 60.3211,85 64.57
Task-vector 69.288'96 35-202.83 64.801}50 84.003474 50‘400.00 55‘603.41 73.281}27 41.640'99 66.284‘70 60.05
Label-anchor 52-321,84 29.004‘99 43.400‘54 74.64[)‘35 50‘200.70 66‘248,73 72.042‘00 56.203‘01 58.283(27 55.81
12CL 91.40296 32.60125 80.27258 82.56157 64.673520 75.80102 85.00033 52.925908 84.27207 72.17
cv 89.16233 43.60385 78.24395 85.04257 64.96584 62.72480 91.56137 64.80464 88.52373 74.29

Table 8: Classification accuracy (in %) on nine datasets using LLaMA3-8B. Results are reported as accgqg, where std
denotes the standard deviation over multiple runs.

Method SST-2 SST-5 TREC  AGNews Subj HateS DBPedia  EmoC MR Avg.
Zero-shot 77.76 25.60 68.20 71.60 62.40 59.92 65.56 44.68 76.88  61.40
Few-shot 89.44960 39.65457 67.76211 83.18203 50.20022 53.44684 93.301.19 47.62362 88.661023 68.14

Soft Prompt 68.3211,99 37.682.91 68.243.83 82.286,22 63.727450 63.485,93 86.242,50 49-247.64 73.849423 65.89
Task-vector 59.804‘47 31.202'32 67.320'32 80.122.23 66.322‘31 70.122‘22 77.644.53 45.004.20 81.363‘58 64.32
Label-anchor 86.12395 27.44491 51.68487 77.52153 52.64299 54.32797 90.16113 42.1619.04 87.561.38 63.29
12CL 85.48118 37.32311 63.84758 81.563.13 65.56833 62.32576 81.84450 50.32468 84.40945 68.07
cv 84.72418 38.20202 68.44768 82.083483 66.24787 63.88450 90.36167 5H7.16374 83.64317 70.52

Table 9: Classification accuracy (in %) on nine datasets using GPT-J-6B. Results are reported as accyq, where std
denotes the standard deviation over multiple runs.

Method SST-2 SST-5 TREC Subj HateS EmoC MR Avg.

Zero-shot 74.60 31.40 35.40 64.40 71.80 38.60 70.40 55.23
Few-shot 73-448.97 35.922_41 60.645_00 64.2810,89 51.763.06 38.647_46 75.769_49 57.21
Soft Prompt 59.245,12 23.482_16 46-048.46 52.763_74 62.727.50 36.083_28 55.846.06 48.02
Task-vector 81.084,87 28.521_37 41.405_35 71~801.86 62.482.83 37.602_48 78.402_36 57.33
Label-anchor 62.368,35 24.282_10 68.607_99 55.368_09 52.564.20 36.204_00 61.729_30 51.58
12CL 80.16398 33.84260 51.48526 65.96483 68.32476 47.92184 83.20399 61.55
cv 83.60155 37.24480 58.40809 69.32762 65.24583 55.95479 82.16489 64.56

Table 10: Classification accuracy (in %) on seven datasets using GPT-XL. Results are reported as accgqy, where std
denotes the standard deviation over multiple runs.
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Figure 5: t-SNE visualization of class-conditional latent vectors on Qwen3-8B. Left: attention-based latent vectors;
right: MLP-based latent vectors. Points are colored by dataset and shaped by class label. Latent vectors from five
random seeds are included for each class.
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Figure 6: t-SNE visualization of class-conditional latent vectors on LLaMA3.2-1B. Left: attention-based latent
vectors; right: MLP-based latent vectors. Points are colored by dataset and shaped by class label. Latent vectors
from five random seeds are included for each class.
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Figure 7: t-SNE visualization of class-conditional latent vectors on LLaMA3-8B. Left: attention-based latent
vectors; right: MLP-based latent vectors. Points are colored by dataset and shaped by class label. Latent vectors
from five random seeds are included for each class.
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Figure 8: t-SNE visualization of class-conditional latent vectors on GPT-J-6B. Left: attention-based latent vectors;
right: MLP-based latent vectors. Points are colored by dataset and shaped by class label. Latent vectors from five
random seeds are included for each class.
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Figure 9: t-SNE visualization of class-conditional latent vectors on GPT2-XL. Left: attention-based latent vectors;
right: MLP-based latent vectors. Points are colored by dataset and shaped by class label. Latent vectors from five
random seeds are included for each class.
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Figure 10: Inter- and intra-class distance analysis of latent representations across datasets on Qwen3-8b. (a,b) Inter-
and intra-class distances for attention-based and MLP-based representations, where each panel includes distances
computed both without coefficient scaling and after multiplication by trained coefficients. (c,d) Corresponding
inter/intra ratios for attention and MLP representations, comparing the settings without and with trained coefficient
scaling.
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Figure 11: Inter- and intra-class distance analysis of latent representations across datasets on LLaMA3.2-1b. (a,b)
Inter- and intra-class distances for attention-based and MLP-based representations, where each panel includes
distances computed both without coefficient scaling and after multiplication by trained coefficients. (c,d) Corre-
sponding inter/intra ratios for attention and MLP representations, comparing the settings without and with trained

coefficient scaling.
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Figure 12: Inter- and intra-class distance analysis of latent representations across datasets on LLaMA3-8b. (a,b) Inter-
and intra-class distances for attention-based and MLP-based representations, where each panel includes distances
computed both without coefficient scaling and after multiplication by trained coefficients. (c,d) Corresponding
inter/intra ratios for attention and MLP representations, comparing the settings without and with trained coefficient

scaling.
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Figure 13: Inter- and intra-class distance analysis of latent representations across datasets on GPT-J-6B. (a,b) Inter-
and intra-class distances for attention-based and MLP-based representations, where each panel includes distances
computed both without coefficient scaling and after multiplication by trained coefficients. (c,d) Corresponding
inter/intra ratios for attention and MLP representations, comparing the settings without and with trained coefficient

scaling.
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Figure 14: Inter- and intra-class distance analysis of latent representations across datasets on GPT2-XL. (a,b) Inter-
and intra-class distances for attention-based and MLP-based representations, where each panel includes distances
computed both without coefficient scaling and after multiplication by trained coefficients. (c,d) Corresponding
inter/intra ratios for attention and MLP representations, comparing the settings without and with trained coefficient

scaling.
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Figure 15: Layer-wise learned injection coefficients on LLaMA2-7B. Each row corresponds to a dataset; the left
plot shows MLP coefficients, and the right plot shows attention coefficients. For each plot, the x-axis denotes the
layer index, and the y-axis represents the learned coefficient values.
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Figure 15: (continued)
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Dataset Template Label Space

SST-2 Review: {Sentence} negative / positive
Sentiment: {Label}

SST-5 Sentence: {Sentence} terrible / negative / neutral / positive / great
Sentiment: {Label}

MR Review: {Sentence} negative / positive
Sentiment: {Label}

Subj Sentence: {Sentence} objective / subjective
Label: {Label}

DBPedia Input: {Sentence} company / school / artist / athlete / politics / trans-
Label: {Label} portation / building / nature / village / animal /

plant / album / film / book

AGNews News: {Sentence} World / Sports / Business / Technology
Type: {Label}

TREC Question: {Sentence} Abbreviation / Entity / Person / Location / Num-
Answer Type: {Label} ber / Description

HateSpeech18 Text: {Sentence} neutral / hate
Label: {Label}

EmoC Dialogue: {Sentence} others / happy / sad / angry

Emotion: {Label}

Table 11: Dataset templates and label spaces used in classification tasks.
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Algorithm 1: Class-Conditional Context Vectors (C3V)

Input: Frozen LM fj with L layers; demonstrations D = { (=, y;) })\;; class set C; token position
for extraction e; training steps 7'S’; learning rate 7
Output: Class-conditional context vectors {d.}.cc and learned coefficients c

Stage 1: Build class-conditional context vectors

foreach c € C do

De « {(i,yi) € D | yi = c};

foreach (z;,y;) € D. do

Run fp on (z;,y;) and extract activations at position e;

B {af,lvmf,l}lel?
for =1to L do

g ﬁ > (weyi)eDe QL
| M ﬁ > (@i )eDe M i

B de = {ag;, mé oy

Stage 2: Initialize learnable coefficients
Initialize A2}, A7} < 0.1/|C|;

Initialize 3}, 5" < 1;

C < {AZJ, Ao B B cLec,Z:19

Stage 3: Learn coefficients on demonstrations (backbone frozen)
forts=1to TS do

Sample mini-batch B C D;

L+ 0;

foreach (z,y) € Bdo

Run a single forward pass with class-conditional injection;
for! =1to L do

L foreach token position t in the sequence do

| rl iy Yoee M, + Blaf + Yoee M, + B mi;
Compute P(y | z, {d.}, c) from the resulting logits;
L L« L—log Py | z,{dc},c);

L+ L/|B];
| Update coefficients: ¢ <— ¢ — nVcL;

Stage 4: Inference B
Given query z, run one injected forward pass using {d.} and c; B
Compute class probabilities from label-token logits and output § = arg max.cc P(y. | x, {d.}, c);
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