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Abstract

In-context learning has become a standard
learning paradigm for language models. How-
ever, current prompt engineering methods,
which function within the token space, may
restrict their effectiveness. We propose to ex-
plore the potential of activation space through
Iterative Context Vectors (ICVs), a technique
aimed at improving task performance with-
out backpropagation. ICVs are employed by
first extracting and iteratively refining activa-
tions within a language model, then applying
them during inference with minimal compu-
tational and memory overhead. We evaluate
ICVs across a range of tasks using various mod-
els and observe significant improvements. Our
findings suggest that activation steering can
serve as a promising direction for in-context
learning, thereby opening new avenues for fu-
ture research.

1 Introduction

Few-shot learning has long been a prominent re-
search focus. Recently, language models (LMs)
have shown the capability to execute few-shot learn-
ing through in-context learning (ICL) (Brown et al.,
2020). In this approach, learning a new task in-
volves conditioning on a few support examples and
predicting the most suitable tokens to complete a
query input, all without the need for any parameter
updates. This method is appealing because it relies
solely on inference, allowing for quick adaptation
to various downstream tasks.

However, it has been noted that despite its poten-
tial, the predictions of LMs can be highly volatile
when conditioned on prompts. The outcomes de-
pend significantly on the templates, demonstrations,
their permutations, and can even ignore or violate
the instructions of the prompt (Webson and Pavlick,
2022; Min et al., 2022b).

In this paper, we introduce Iterative Context Vec-
tors (ICVs) to offer a new perspective. As illus-
trated in Figure 1, rather than remaining in the
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Figure 1: Iterative Context Vectors improve ICL perfor-
mance by modifying model activations.

discrete prompt space, ICVs delve into the exten-
sive activation space of the model. This exploration
reveals a largely uncharted area for developing new
methods, with our pioneering efforts to demon-
strate how ICL can be enhanced from the represen-
tations within the model.

ICV contrasts with existing prompt tuning meth-
ods (Li and Liang, 2021; Lester et al., 2021), which
operates in a continuous parameter space but still
as part of the prompt and requires training via back-
propagation. Again, unlike Parameter-Efficient
Fine-Tuning (PEFT) methods, e.g. LoRA (Hu et al.,
2021), ICV does not seek to tune the parameters of
the model but rather modifies the activations during
inference.

The essential traits of ICV, which will be elabo-
rated upon in the rest of the paper, are highlighted
as follows:

1. ICV has an intuitive theoretical support.

2. ICV is independent of instruction, prompt, la-

bel and permutation choices.

3. ICV does not require backpropagation.

To the best of our knowledge, we are the first to
investigate the application of activation vectors on
diverse real-world in-context learning tasks and to
demonstrate their potential with in-context exam-



ples during inference.

2 Method

We begin by establishing the evaluation framework.

2.1 Activation Vector Evaluation

We adhere to standard few-shot benchmarking pro-
tocols (Vinyals et al., 2016; Finn et al., 2017; Snell
et al., 2017) to define the activation vector evalua-
tion setting. For a given split of an n-way k-shot
classification task 7 = {Tiain, Tval, Trest}>» Which
includes textual query-answer pairs (z, y), an ICL
episode is sampled as:

E = [('Tla yl)a ey (xnxkaynxk)7 (fL‘q, yq)] . (1)

Here, (z4,y,) represents the query and its label,
preceded by the n x k support examples. To avoid
the impact of unbalanced samples during extrac-
tion, we uniformly sample k examples from each
of the n classes and shuffle them to mitigate any
bias arising from sample permutation.

The episode must first be converted into a pure
text sequence before the language model LM(-)
can process it. This conversion is handled by a ver-
balizer, which uses a predefined prompt template
to instantiate the samples. The template contains
two key components: the input-output separator
that links a question with its answer, and the exam-
ple separator that joins the given support set. To
preserve the simplicity of the template, we have
chosen to use one newline (\n) for the input-output
separator and three newlines for the example sepa-
rator, as adopted in Min et al. (2022a). In the sub-
sequent text, the verbalizer will be considered an
integral component of the Language Model (LM)
and will not be explicitly referenced for the sake of
conciseness.

When the language model LM(-) is given an
episode F, it executes autoregressive inference on
each of its tokens. The input-output tokens are
particularly noteworthy because they are responsi-
ble for producing the answers. The prediction of
the LM can be obtained by applying the softmax
function to the logits of the possible labels.

gclean = LM(E) (2)

In contrast, an “edited” run utilizes an activation
vector editor feqi, represented as

Tedit = LM(E}; feqit(v,p)), 3)

which relies on the extracted vectors v from an ac-
tivation vector extractor fexy With hyperparameters
p:

V= fext(lﬁrain;p) 4

The extractor retrieves its target vectors v from
Tirain and identifies the optimal hyperparameters p*
from 7y, by maximizing the metric M:

*

p* = argmax Mg, (Jedit; Yq) &)
P

v = fext(lﬁrain;p*) (6)

For single-token classification tasks, macro-F1,
micro-F1, and weighted-F1 scores can serve as
the metrics. The vectors v* and the optimal hyper-
parameters p* are then applied to the test set Tieq
to evaluate the final results Mg 7., (Yedit, ¥q)-

Having outlined the evaluation framework, we
will now move on to the theoretical grounds of our
method.

2.2 Theoretical Foundation

Given the significance of ICL, many theories have
been suggested to explain its mechanism, e.g. Xie
et al. (2022); Chan et al. (2022); Ye et al. (2023);
Oswald et al. (2023). Drawing inspiration from Irie
et al. (2022), we construct our ICV based on the
empirical evidence provided by Dai et al. (2023).

Irie et al. (2022) revisited the dual form of the
perceptron and applied it in the modern context
of deep NNs. They demonstrated that the forward
operation of any linear layer in neural networks
trained via gradient descent can be viewed as a key-
value-query attention mechanism (Vaswani et al.,
2017). In this framework, the training data points
act as the keys, the corresponding gradients serve
as the values, and the test input generates the query.
A more detailed introduction to the dual form is
provided in Appendix B.

With the help of the dual form, Dai et al. (2023)
showed that ICL can be interpreted as a meta-
optimization process. This was achieved by revers-
ing the direction of the equivalence and breaking
down the attention key and value terms for the ICL
query token into its zero-shot and demonstration
components. Under the relaxed normalization set-
ting, the pretrained LM acts as a meta-optimizer.
Through forward computation, the LM generates
meta-gradients from the demonstration examples,
which are then applied to the original language
model via attention, culminating in the formation
of the ICL inference capability. Their experiments
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Figure 2: Illustration of the extraction and application phases of ICV. For clarity, contrastive subtraction and iterative

updates have been omitted.

verified that ICL behaves similarly to explicit fine-
tuning from multiple perspectives.

2.3 Iterative Context Vectors

We have determined that attention layers signifi-
cantly influence ICL, with demonstrations acting
as meta-gradients to help the model adapt to the
task during inference. This explanation provides
an intuitive understanding of how the LM uses in-
context examples, but it also highlights why ICL
performance can be unstable. Specifically, meta-
gradients derived from limited in-context examples
may not fully capture the task and may not fit well
with the initial parameters. For this reason, we pro-
pose to extract the meta-gradients from the LM’s
inference process to improve their accuracy and
robustness. This would allow us to apply these
meta-gradients directly in future inference tasks,
eliminating the need to compute them afresh with
ICL each time a query is evaluated.

To define ICV, we first specify the extractor fex:.
To simulate the gradients, we generate two versions
of a given n-way k-shot episode FE in a contrastive
manner, where £ > 1 is a hyperparameter. The
positive sequence is the standard shuffled verbal-
ization, serving as the target for the gradients. The
negative sequence can have various design choices;
we choose to use a zero-shot query, which provides
no information about the task.

The extractor then identifies the activations for
all n x k input-output tokens of the support set
(if one exists) and the final input-output token for
the query in each attention layer of the LM. When
k > 1, we initially average the activations for each
class. Subsequently, we subtract the negative ac-
tivations from the positive activations, thereby ob-
taining the gradients for a single episode. Given

that there is no support set in the negative sequence,
all activations from the positive support set share a
common subtrahend of the negative query. By av-
eraging over the training set, a preliminary version
of the vectors can be calculated, as illustrated in
Figure 2.

Next, to better utilize the forward pass computa-
tion, we propose to apply the vectors during the ex-
traction phase, thus introducing the concept of Iter-
ative Context Vectors. Specifically, we implement
a batch-like update strategy, simulating standard
batched gradient, which has been generally adopted
to reduce the instability of single-step gradients.
After every b extraction episodes, the vectors ex-
tracted from all previous episodes are averaged and
used as the ICVs during subsequent extractions,
leading us to the definition of the editor fegj.

For the [-th attention layer Attn;(-), we have the
corresponding extracted ICV v;. During inference,
the editing is executed following Eq. 10

EditAttn(z) := Attny(z) + a x vy, (7)
where two additional hyperparameters are intro-
duced: the extraction strength «; and the inference
strength a9, adopted during the extraction and in-
ference phrases, respectively. In summary, the hy-
perparameters for the ICVs are p = {k, b, a1, aa}.

3 Experiments

We apply our ICVs to three popular models across
12 tasks. The results are shown in Table 1. Details
of the datasets can be found in Appendix C.
During the few-shot testing process, the model
cannot ascertain the true class distribution of the
test set, which is often imbalanced. Therefore, we
adhere to the one-shot testing design, which sup-



Model Task | agnews emot. hate irony offe. sent. abor. athe. clim. femi. hill trec | Avg.
gpt-j-6b Clean | 53.53 24.07 4938 5593 5198 3694 3296 2538 27.11 31.80 35.74 44.83 | 39.14
FV 3795 1072 3636 37.80 4191 2192 27.07 2821 2820 28.03 24.86 11.26|27.86
TV 6246  26.12 50.17 5553 5205 38.72 31.56 25.57 2945 31.67 35.83 51.94 | 40.92
Icv 62.63 2026 51.19 63.27 52.54 3455 3774 33.09 3646 38.66 38.65 40.66 | 42.48
llama-2-7b  Clean | 61.94 5445 5327 58.65 51.86 3896 27.52 22.13 28.60 29.27 29.42 56.56 |42.72
FV 23.68 16.67 50.76 38.70 21.76 12.60 23.26 1033 27.05 27.30 20.08 592 |23.18
TV 7093 59.68 5244 5048 54.05 43.67 2790 21.83 32.04 2931 3299 56.61 | 4433
Icv 67.15 38.19 57.36 66.03 58.39 4556 31.00 22.66 32.70 29.16 30.09 61.80 | 45.00
llama-2-13b Clean | 7623 61.89 53.83 55.17 6034 3877 3496 27.11 2096 37.13 4553 61.10 | 47.75
FV 51.54  10.15 3635 54.79 21.76 2397 9.16 748 2821 898 13.65 13.11 | 23.26
TV 76.03 63.74 54.47 5536 60.55 38.38 35.12 30.08 2833 37.15 44.66 65.69 | 49.13
Icv 8348 65.51 5443 53.66 62.01 44.03 3498 26.11 36.63 47.08 54.69 72.67 | 52.94

Table 1: Main experiment results with macro-F1 as the metric. "Clean" denotes a standard one-shot ICL result. The
models are GPT-J-6B (Wang and Komatsuzaki, 2021) and Llama 2 (Touvron et al., 2023).

plies the model with minimal yet sufficient infor-
mation through a uniformly distributed support set.
We evaluate over 200 episodes for both extraction
and hyperparameter search, with a fixed iterative
batch size b = 10 for all tasks. For other hyperpa-
rameters of ICVs, we search for the extraction shot
k € {1,2,3,4}, the extraction strength and the in-
ference strength a1, o € {0.1,0.3,0.5,0.7,0.9}.
The final testing results are averaged over 10,000
randomly sampled episodes.

As further proof of concept and baselines for
comparison, we also include two recent activation
vector proposals: Function Vectors (Todd et al.,
2023) and Task Vectors (Hendel et al., 2023). Al-
though these methods were not originally designed
to operate under the ICL evaluation setting, we
adapted them to utilize the training set by averag-
ing the activations. We search over their respective
hyperparameters as well as the extraction shot &
to ensure a fair comparison. Please refer to Ap-
pendix A for a discussion of their designs.

The results demonstrate that ICVs generally en-
hance ICL performance, surpassing the baselines
in most tasks as well as in the overall average. De-
spite its simpler design, Task Vectors prove to be
surprisingly competitive and can serve as a robust
baseline. Conversely, Function Vectors hardly con-
tribute to performance enhancement. Due to FVs’
high search time stemming from their design, they
may necessitate substantially more effort for opti-
mization in real ICL applications.

To achieve a more comprehensive understanding
of ICVs, we compare their performance against the
standard ICL using additional shots, as illustrated
in Table 2. Firstly, it is observed that ICVs not
only surpass the majority of 1-shot performances
but also often match or exceed performances with

Task ‘ agnews hate irony offe. sent. abor.
O-shot | 51.14 4599 59.25 47.60 32.83 26.51
I-shot | 62.89 49.71 44.65 52.85 4127 27.25
2-shot | 76.30 57.74 53.11 57.03 4501 22098
3-shot | 80.05 60.10 5831 5945 45.83 18.90
4-shot | 81.44 6147 5445 58.10 4839 18.20
Icv ‘ 67.15 5736 66.03 5839 4556 31.00

Table 2: Comparison between ICV and standard ICL on
Llama-2-7b with macro-F1 as the metric. See Table 6
for complete results.

higher numbers of shots. Secondly, the data indi-
cates that the performance of standard ICL does
not always improve with an increased number of
demonstration examples. This suggests potential
limitations of solely relying on prompt engineering
to enhance performance. Thirdly, it is crucial to
note that the temporal cost of standard ICL theo-
retically scales with O(n?). Although it is feasible
to cache keys and values in practice, these caches
cannot be reused when a new set of examples is
introduced, which is likely to occur due to the inher-
ent difficulty in identifying and ensuring a single
set of examples that are effective for all inputs.

Finally, an ablation study examining the iterative
batch size b has been conducted and is presented in
Appendix D.

4 Conclusion

In our study, we have derived the Iterative Context
Vectors (ICVs) from an intuitive theoretical frame-
work, defined the evaluation protocols and subse-
quently conducted a series of experiments. Despite
ICVs’ simplicity, the results obtained are highly en-
couraging, indicating that activation vectors show
significant potential for further exploration.



Limitations

This study examines the application of Iterative
Context Vectors in the context of one-shot exam-
ples as a compromise between inference time and
in-context information. Although applying ICVs to
zero-shot inference would be more efficient, a com-
putational sequence of insufficient length might
hinder the model’s ability to effectively solve the
given task. (Feng et al., 2023)

We have opted for classification tasks wherein
a single output token is sufficient to distinguish
between the classes. The development and appli-
cation of activation vectors in more complex tasks,
as well as in generative tasks, represent areas for
future investigation. Nevertheless, it is worth not-
ing that the concept of ICVs and the associated
evaluation protocol can potentially be expanded to
encompass these more advanced applications.
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A Related Work

A.1 Activation Vectors

Some preliminary works have recently explored
steering LMs in the representation space. Task Vec-
tors (Hendel et al., 2023) are extracted from one
layer of the model during ICL inference and then
applied to a zero-shot query to determine whether
they can preserve task-relevant information. Func-
tion Vectors (Todd et al., 2023), on the other hand,
select activations from the top attention heads based
on their causal effect in promoting the correct an-
swer, average these activations, and add them to a
specific layer.

Although these vectors are designed with in-
tentions similar to ours, they are tested primarily
on simple synthetic tasks like antonym, country-
capital, and singular-plural pairs. In contrast, we
target a practical setting by evaluating on real-
world datasets, providing a more comprehensive
assessment ground.

A.2 Generative Steering

Another research direction focuses on modifying
LMs’ activations for generation and transfer pur-
poses. Latent Steering Vectors (Subramani et al.,
2022) aim at sentence recovery and sentiment trans-
fer. Inference-Time Intervention (Li et al., 2023) in-
volves probing each attention head and guiding the
model with the probe vector to enhance the truthful-
ness of the generated text. Studies by Turner et al.
(2023) and Liu et al. (2023) address style and senti-
ment transfer by employing positive and negative
sentence pairs to extract contrastive guidance.

Despite their similarities, these methods either
require training with backpropagation or are specif-
ically tailored for generative or transfer tasks be-
tween sentence pairs. Consequently, they cannot
be directly integrated into our approach.

B The Dual Form of Attention Layers

Formally, assume a linear layer trained via gradient
descent utilizing 7' training inputs (x1,...,x7)
and their corresponding (backpropagated) error sig-
nals (ey,...,er), where z; € R%» and e; €
Reut  If standard gradient descent is applied, a
loss function £ produces the error signal e; =
—n¢(VyL)s, where 1y € R is the learning rate, and
y;, = W, is the output of the linear layer. Its
weight matrix is given by

T
W:W0+Z€t®$t, ()
t=1

where W € R%ut*din represents the initial value
of the weights. This linear layer transforms an
input & € R% into an output Sy (x) € Riout;

Si(x) = We. 9)

Next, consider a composite layer S that stores
T key-value pairs, represented by a key matrix
X = (x1,...,27) € R% T and a value matrix
E = (ey,...,er) € ReoutxT "along with a weight
matrix W € Rut*din _This layer transforms an
input € R%» into an output So(x) € Rut by

So(x) = Wox + Attn(X, E, x), (10)

where the parameters of the unnormalized attention
operator Attn(-) are, in order, the key, value, and
query.

It can be shown that .51 and S» are equivalent by
expanding the attention operation as

T
Attn(X,E,z) = EX "z = (Z e Qx| .
t=1
(11)
C Dataset and Tasks

All datasets utilized in this research are obtained
from Huggingface (Lhoest et al., 2021). A full list
of these datasets, along with their corresponding
access labels, is detailed in Table 3.

AG News (Zhang et al., 2015) is a subdataset of
AG’s corpus of news articles constructed by assem-
bling titles and description fields of articles from
the 4 largest classes (“World”, “Sports”, “Busi-
ness”, “Sci/Tech”) of AG’s Corpus.

TweetEval (Barbieri et al., 2020) introduces an
evaluation framework consisting of a series of
Twitter-specific classification tasks. We selected all
single-token classification tasks from the dataset.

Text Retrieval Conference Question Answering
(TrecQA) (Wang et al., 2007) is a dataset created
from the TREC-8 (1999) to TREC-13 (2004) Ques-
tion Answering tracks.

Our few-shot evaluation methodology employs
episodic sampling to regulate the duration of both
extraction and inference processes, rather than re-
lying solely on the absolute number of samples.



Name Abbr.  Huggingface Label

AG News agnews ag_news

Emotion emot. tweet_eval/emotion

Hate hate tweet_eval/hate

Irony irony tweet_eval/irony

Offensive  offe. tweet_eval/offensive
Sentiment  sent. tweet_eval/sentiment
Abortion  abor. tweet_eval/stance_abortion
Atheism athe. tweet_eval/stance_atheism
Climate clim. tweet_eval/stance_climate
Feminist femi. tweet_eval/stance_feminist

Hillary hill. tweet_eval/stance_hillary
TREC trec trec

Table 3: The datasets and tasks employed, along with
their corresponding abbreviations used in the result ta-
bles, and their respective labels as hosted on Hugging
Face.

Consequently, not all available samples are utilized
during the experimental procedures. This aspect
underscores an additional dimension of efficiency
inherent in activation vectors.

We utilize the default labels provided with the
datasets to emphasize the independence of prompt
formatting. It is noteworthy that, for the TREC
dataset, the observed low zero-shot performance
can be attributed to the default labels, which
are capitalized abbreviations such as "ABBR",
"ENTY", and "LOC". This particular dataset func-
tions as a special case within our experiments,
aimed at investigating whether ICVs can adapt to
labels that are less semantically meaningful.

D Additional Results

More metrics of the main experiment. We
present the results on the other two metrics, namely
micro-F1 and weighted-F1, derived from our main
experiment, in Table 4 and Table 5, respectively.
Under these evaluation criteria, ICVs demonstrate
performance on par with, and often surpassing, that
of FV and TV across the majority of tasks.

All experiments were conducted utilizing a pre-
determined random seed (42) to mitigate selection
bias. To ensure a robust representation of result dis-
tributions, the tests from the main experiments were
averaged over a substantial number of episodes,
specifically 10,000.

Notably, the exception lies in the GPT-J-6B
& micro-F1 setting, where FV exhibits superior
performance. Given the pronounced underperfor-
mance of FVs across other cases, we hypothesize

that this anomalous result may indicate a strong
bias of FVs towards the majority classes and the
specific model. This bias results in an elevated
micro-F1 score, while simultaneously failing to
perform effectively under other evaluation settings.

Ablation on the extraction batch size. Addi-
tionally, we make an experiment that ablate on the
extraction batch size b. The results are shown in
Figure 3. It is evident that without our iterative
batching strategy, whether when b = 1 or b is ex-
cessively large, the extracted ICVs demonstrate
suboptimal performance.

As stated in Section 3, we consistently employ
b = 10 across all models and tasks in other exper-
iments, concentrating our search efforts on other
hyperparameters. This approach is intended to limit
the search time and to prioritize the identification
and optimization of the more significant parame-
ters.

Furthermore, the results suggest that there exists
substantial potential for optimization within the
design and hyperparameter space of ICVs. This
potential will be reserved for future research en-
deavors aimed at refining and advancing more so-
phisticated methodologies.

E Code and Reproducibility

The core code defining the ICVs as well as the
evaluation protocol is provided within the supple-
mentary material. We will release the complete
code repository necessary for reproducing all of
our experiments to promote transparency and facil-
itate future research endeavors.



Model Task | agnews emot. hate irony offe. sent. abor. athe. clim. femi. hill. trec | Avg.

gpt-j-6b Clean | 5797 3191 4939 59.86 63.22 38.73 39.17 3049 3092 37.70 40.33 54.01 | 44.48
FV 4145 2730 5713 60.76 7216 4898 68.37 7335 7331 6494 59.47 18.04 | 55.44
TV 66.85 33.23 5020 59.69 60.83 40.01 37.87 31.27 37.15 37.52 40.80 61.51 | 46.41
Icv 63.37 3155 5129 64.64 60.97 38.89 5597 4776 53.12 43.62 54.14 53.46 | 51.57
llama-2-7b  Clean | 63.40 5731 53.64 6222 53.67 40.02 28.69 2490 3488 3025 30.05 60.77 | 44.98
FV 3446 39.73 57.11 61.01 27.82 1994 2471 14.02 3348 64.97 2582 18.88 |35.16
TV 71.72 6294 5292 5626 56.48 43.10 29.29 24.63 65.82 30.29 33.86 60.81 | 49.01
ICV 69.72 36.41 57.38 66.58 64.78 48.22 37.44 26.12 54.66 33.60 3749 59.02 | 49.28
llama-2-13b  Clean | 77.96 65.42 54.00 55.19 63.56 41.41 5257 4278 2036 5594 56.83 67.02 | 54.42
FV 5842 2540 57.10 54.85 27.82 4883 1592 12.64 7337 1557 2574 28.43 | 37.01
TV 77.89 6790 5459 5540 63.70 4031 53.25 4448 42.68 5595 56.61 70.52 | 56.94
Icv 83.77 69.07 5472 5423 73.52 4351 5101 4495 49.01 57.68 62.80 75.20 | 59.96

Table 4: Main experiment results with micro-F1 as the metric. "Clean" denotes a standard one-shot ICL result.

Model Task | agnews emot. hate irony offe. sent. abor. athe. clim. femi. hill. trec | Avg.

gpt-j-6b Clean | 53.69 2248 49.46 58.64 6247 33.50 42.61 34.82 3483 4034 42.14 51.52 | 43.88
FV 37.89 1171 41.54 4593 6049 3221 5553 62.07 62.02 51.96 4436 11.08 | 43.07
TV 62.63 2397 5034 5833 6126 3546 4146 3553 4227 40.15 42.56 57.36 | 45.94
ICV 62.74 23.08 51.50 64.78 61.40 2880 5525 51.70 56.21 46.26 50.60 48.26 | 50.05
llama-2-7b  Clean | 76.36 6573 53.46 5499 6544 3347 5180 4557 19.77 53.00 5525 68.46 | 53.61
FV 51.57 1032 4151 5443 1211 32.04 437 284 6210 420 1054 1584 | 25.16
TV 76.18 68.12 54.15 5511 6554 32.67 5224 4836 4548 5299 5478 70.22 | 56.32
Icv 83.56 69.51 5391 5256 71.28 4213 5152 47.12 52.56 59.37 61.99 7531 | 60.07
llama-2-13b  Clean | 62.03 57.45 53.83 61.15 56.07 3533 3058 27.50 38.72 31.75 27.79 64.49 | 45.56
FvV 2385 2329 5294 4674 1211 891 2487 418 3490 51.57 1349 6.60 | 25.29
TV 71.05 63.17 53.09 53.30 58.79 41.54 3137 2749 61.51 31.87 3248 64.41 | 49.17
ICV 67.27 3823 5749 6695 65.62 40.49 4043 30.16 5575 3457 36.80 56.14 | 49.16

Table 5: Main experiment results with weighted-F1 as the metric. "Clean" denotes a standard one-shot ICL result.

Task ‘agnews emot. hate irony offe. sent. abor. athe. clim. femi. hill. trec ‘Avg.

O-shot | 51.14 30.02 4599 5925 47.60 32.83 2651 2358 13.22 2475 31.18 059 | 3222
1-shot | 62.89 44.57 49.71 44.65 52.85 4127 2725 2339 28.55 29.65 29.24 56.17 | 40.85
2-shot | 76.30 53.86 57.74 53.11 57.03 45.01 2298 2143 30.88 2257 31.67 68.62 | 45.10
3-shot | 80.05 58.76 60.10 5831 59.45 4583 1890 17.50 32.09 19.92 30.27 69.71 | 4591
4-shot | 81.44 59.04 6147 5445 58.10 4839 1820 14.12 27.67 21.03 27.35 71.33 | 4522

ICv ‘ 67.15 3819 5736 66.03 58.39 4556 31.00 22.66 3270 29.16 30.09 61.80 | 45.01

Table 6: Full comparison between ICV and standard ICL on Llama-2-7b with macro-F1 as the metric. The clean
results shown here are averaged over 1,000 episodes.
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Figure 3: Ablation study on the extraction batch size b. Eight different values of b were evaluated using Llama-2-7b
on the AG News dataset. The experiments were conducted under the conditions of 200 one-shot extraction episodes
and 1,000 testing episodes. The white color in the heatmaps indicates the corresponding clean one-shot macro-F1
score (62.89, as presented in Table 2).
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