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Abstract

In this work, we introduce a novel paradigm for
generalized In-Context Learning (ICL), termed
Indirect In-Context Learning. In Indirect ICL,
we explore demonstration selection strategies
tailored for two distinct real-world scenarios:
Mixture of Tasks and Noisy Demonstrations.
We systematically evaluate the effectiveness of
Influence Functions (IFs) as a selection tool
for these settings, highlighting the potential
of IFs to better capture the informativeness
of examples within the demonstration pool.
For the Mixture of Tasks setting, demonstra-
tions are drawn from 28 diverse tasks, includ-
ing MMLU, BigBench, StrategyQA, and Com-
monsenseQA. We demonstrate that combining
BertScore-Recall (BSR) with an IF surrogate
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model can further improve performance, lead-
ing to average absolute accuracy gains of 0.37%
and 1.45% for 3-shot and 5-shot setups when
compared to traditional ICL metrics. In the
Noisy Demonstrations setting, we examine sce-
narios where demonstrations might be misla-
beled. Our experiments show that reweighting
traditional ICL selectors (BSR and Cosine Sim-
ilarity) with IF-based selectors boosts accuracy
by an average of 2.90% for Cosine Similarity
and 2.94% for BSR on noisy GLUE bench-
marks. In sum, we propose a robust framework
for demonstration selection that generalizes be-
yond traditional ICL, offering valuable insights
into the role of IFs for Indirect ICL.

1 Introduction

In-Context Learning (ICL) has emerged as a pow-
erful method for utilizing large language models
(LLMs) to handle novel tasks at inference (Mann
et al., 2020; Min et al., 2022). Unlike traditional ap-
proaches that require task-specific fine-tuning, ICL
allows a single model to adapt to different tasks
without additional training, relying solely on the
demonstrations provided in the context. This flex-
ibility not only reduces the cost of task adaptation
but also offers a transparent and easily customiz-
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Figure 1: Example showcasing demonstration selec-
tion for Indirect ICL using Influence Functions (IFs).
Consider web corpora with many tasks (different from
the end-task) and noisy data— Indirect ICL can be for-
malized as: Mixture of Tasks (Section 3.1) and Noisy
(Section 3.2) ICL, respectively. In MoT, for a given
target task (e.g. Medical Genetics), we first filter from
this (indirect) pool of candidate demonstrations using
BertScore and Cosine Similarity, then re-rank with IFs
to select suitable demonstrations (e.g. High-School Bi-
ology). For Noisy ICL, we leverage IFs to filter out the
Noisy demonstrations before conducting ICL with the
remaining clean demonstrations.

able way of guiding the model’s behavior (Liu et al.,
2021a; Wei et al., 2022). By leveraging the context
provided in prompts, ICL has been shown to im-
prove both generalization across diverse tasks and
reasoning abilities (Anil et al., 2022; Drozdov et al.,
2022). Despite its advantages, the success of ICL is
closely tied to the choice of demonstrations used in
the prompt. Even slight variations in these demon-
strations can significantly influence the model’s
performance, as shown in numerous studies (Zhao
et al., 2021; Liu et al., 2021a; Lu et al., 2022).
Traditional ICL makes numerous assumptions



that restrict its applicability to real-world problem
domains. For instance, traditional ICL (Min et al.,
2021; Conneau, 2019; Halder et al., 2020) assumes
that demonstrations to be selected are directly and
accurately annotated for the end-task. However,
this is not always the case — for low-resource,
sparse, or specialized domains, end-task infor-
mation and labeled demonstrations might not be
available.! Similarly, when LLMs are deployed
as services, the user query or the end task itself
could be unknown beforehand, let alone providing
direct demonstrations at inference.? Thus, in this
paper, we explore a more generalized setting for
ICL, which we refer to as Indirect ICL.

In Indirect ICL, we aim to provide indirect (or
incidental) supervision (Yin et al., 2023; Li et al.,
2024) by selecting demonstrations from a pool of
examples where the majority are not directly suited
to the end task due to severe distribution/covariate
shifts. This includes selecting demonstrations
from a pool that predominantly consists of
demonstrations belonging to other tasks, with
few demonstrations from the end task possibly
included. Additionally, the demonstration set may
be mislabeled by humans (Yan et al., 2014; Zhu
et al., 2022) or LLMs (Wu et al., 2023). Since the
effectiveness of ICL heavily relies on the quality
of demonstrations selected (Kossen et al., 2024,
Wu et al., 2022; Wang et al., 2024), selecting the
most helpful indirect demonstrations becomes
imperative in these situations.

Despite these potential issues with the demon-
stration set, we wish to pave the way for extract-
ing maximal benefit from any type of annotated
dataset, irrespective of label purity or task related-
ness. Thus, in order to combat the aforementioned
issues with sub-optimal datasets for ICL, we lever-
age Influence Functions (IFs) (Hampel, 1974; Cook
and Weisberg, 1980). IFs offer a formal method for
assessing how individual training data points affect
model predictions. They have proven effective in
a range of downstream machine learning tasks, in-
cluding mislabeled data detection (Koh and Liang,
2017; Pruthi et al., 2020), optimal subset selection
(Feldman and Zhang, 2020; Guo et al., 2020; Xia
et al., 2024), model interpretation (Han et al., 2020;

!Consider the cases where we need to utilize ICL for diag-
nosing rare medical conditions, niche programming languages
or indigenous spoken languages.

2Qur proposed method can improve performance by se-
lecting relevant demonstrations from a task agnostic pool of
labeled data at test time.

Grosse et al., 2023; Chhabra et al., 2024b), data
attribution (Bae et al., 2024), data valuation (Choe
et al., 2024) and analyzing model biases (Wang
et al., 2019; Kong et al., 2021).

Traditional (direct) ICL methods that use metrics
such as BertScore-Recall (BSR; Gupta et al. 2023a)
and cosine similarity (Reimers, 2019) inherently
rely on the semantic similarity between demonstra-
tions and test samples. In this paper, we posit that
IFs can be a reasonable measure of affinity between
the end task and any (indirect) demonstrations. We
show that it is practical to use IFs to identify candi-
date demonstrations that represent a close inductive
bias with the end-task, and utilize this information
for highly accurate demonstration selection in the
challenging Indirect ICL setting. As our experi-
ments and results will demonstrate, this is indeed
the case, and we find that IFs can aid in improved
performance when simple semantic similarity is
insufficient for demonstration selection. We pro-
vide additional examples of practical applications
of Indirect ICL in Appendix A.

In sum, our work advances ICL demonstra-
tion selection and makes the following key
contributions and findings:

* We formalize a new and general paradigm
for ICL, namely Indirect In-Context Learning,
where we benchmark demonstration selection
for two distinct and real-world settings: (a) Mix-
ture of Tasks and (b) Noisy Demonstrations.
This novel paradigm with two settings is ubig-
uitous in the real world, and has yet been over-
looked by existing research in ICL that assumes
the availability of direct supervision.

* We propose utilizing Influence Functions (IFs)
as an effective approach for demonstration se-
lection in generalized ICL settings, leveraging
their capacity to exploit the task inductive bias
of models to enhance selection quality. We
also examine multiple influence functions for
Indirect ICL and conduct an extensive analysis
on their benefits in this setting.

e For Mixture of Tasks, combining an IF
Surrogate model with BertScore-Recall (BSR)
can lead to a 0.37% and 1.45% average
absolute increase in performance for £k = 3 and
k = 5 shots compared to the best performing
traditional ICL metric.

* For Noisy Demonstrations, we observe that
undertaking a weighted average selection using



traditional ICL selectors (BSR and Cosine
Similarity) and IF based selectors increases
the absolute accuracy on average by 2.90% for
Cosine and 2.94% for BSR.

2 Preliminaries
We hereby introduce preliminaries of ICL and IF.

2.1 Traditional In-Context Learning

Before we define the more generalized problem of
Indirect ICL, we first define traditional ICL.

In-Context Learning. ICL allows LLMs to solve
test inputs from novel tasks by presenting a few ex-
amples of the task in the prompt. Formally, given
a set of input x and output y pairs {(z;,y;)}¥_,,
prompt template 7', and the test input X, ICL
using an LL.M involves prompting it to condition-
ally generate the test output ¥t according to the
following distribution:
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Demonstration Selection. In this work we study
the problem of selecting k£ in-context examples
from a pool of N > k labeled candidates. This
is often necessary due to context length limits and
cost considerations (Rubin et al., 2021; Gupta et al.,
2023a). Formally, the goal is to select a subset
S C {(xs, yi)}i]\il of size k that maximizes the
probability of generating the desired yest When the
LLM is conditioned on xg and S. It is noteworthy
that prior studies mainly consider a task-dependent
ICL scenario and assume that candidate demonstra-
tions all directly match the end task (Min et al.,
2021; Conneau, 2019; Halder et al., 2020).

2.2 Indirect In-Context Learning

Now, we describe two scenarios of Indirect ICL,
one where the candidate pool comprises of demon-
strations from various tasks and the other where
the demonstrations may have noisy labels.

Mixture of Tasks. Unlike traditional ICL, where
candidate demonstrations match the end task at
inference, we consider the more generalized Indi-
rect ICL setting where the demonstration pool is
task-agnostic. In practice, this setting would allow
for pooling annotated demonstrations from various
accessible tasks. Formally, given a set of input x
and output y pairs { (7, y;)}¥_,, where the pairs
(z;,y;) may originate from different tasks than the
test input T, the model is prompted to maximize
performance across test tasks.

Noisy Demonstrations. To further generalize the
problem of Indirect ICL, we also consider noisy
supervision that is likely existing in the pool of
demonstrations. Formally, let D = {(z;,v;)}1-,
represent the training dataset, where z; € X is the
input and y; € Y is the corresponding binary label.
We randomly select a percentage of the data points
from D and flip their labels. Once the noisy dataset
is generated, we use it for ICL. Formally, given the
noisy set of input-output pairs {(z;,y;)}¥_, and a
test input xeq, the goal is to conditionally generate
the test output Y5 based on the noisy training data.

2.3 Influence Functions

Here we formally define how we will use IFs to
perform Generalized Indirect ICL.

Let the input space be X and the label
space be Y. The training dataset is denoted as
D = {(xs,yi)}}—,, where z; € X and y; € Y are
the input and label of the i-th data point. Given
a loss function ¢ and a parameter space O, the
empirical risk minimization problem is defined as:
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where fp : X — Y is the model parameterized by
0 € ©. The gradient of the loss for the i-th data
point with respect to a vector 7 is denoted as:

Vinls = Vol(ys, fo(z:)).

The IF evaluates the effect of individual training
data points on the estimation of model parameters
(Hampel, 1974; Cook and Weisberg, 1980; Martin
and Yohai, 1986). It measures the rate at which
parameter estimates change when a specific data
point is up-weighted.

Specifically, for k& € [n] and € € R, we consider
the following e-weighted empirical risk minimiza-
tion problem:

o) = ang i D s Jow) + el o)

Here, the loss function £(y, fg(x)) is assumed
to be twice-differentiable and strongly convex in
0 for all (z,y) € X x Y, the empirical risk mini-
mizer (model weights) 0* is well-defined, and the
influence of the k-th data point (zy,yx) € D on
the empirical risk minimizer (model weights) 6* is
defined as the derivative of (%) (¢) at € = 0:

4o
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where H(0) = V3 (1 30,
Hessian of the empmcal loss.

The IF Iy« (zk,yx) on the empirical risk mini-
mizer 6* is generalized to assess its effect on pre-
diction loss (Koh and Liang, 2017) Given a vali-
dation dataset DY := {(x},yY)} ,, the influence
of (xg, yx) on the validation loss is defined as:

T
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The IF I(xy,yx) provides insight into how a
single data point impacts the validation loss. Essen-
tially, it indicates whether (2, yy ) contributes posi-
tively or negatively to the prediction loss. The more
positive the influence value, the more it contributes
to the loss decreasing, hence it is a beneficial data
point to train the model.

Remark. As discussed above, IFs assume convex-
ity of the loss function, which does not hold for
LLMs and deep neural networks. Even though the
IF formulations we employ in this paper (Kwon
et al., 2023; Koh and Liang, 2017) make this under-
lying assumption, we find through empirical obser-
vations that for indirect ICL, they can work well.
Circumventing the convexity assumption in IF is
an ongoing area of research (Grosse et al., 2023;
Chhabra et al., 2024a) and our framework is flexi-
ble enough to accommodate any future IF variants.

3 Proposed Approach

In this section, we describe our approach to select
demonstrations in both sub tasks.

3.1 Selecting within Mixture of Tasks

In this scenario, we develop influence-based meth-
ods for demonstration selection. Specifically, for
each validation example, we compute influence val-
ues to identify the most impactful examples from a
pool of training examples containing a mixture of
tasks. Two approaches are employed to calculate
these influence scores:

* A surrogate-model based method, where a
lightweight surrogate model such as RoBERTa

(Liu, 2019) is fine-tuned on the candidate
demonstrations to compute influence.

* A pretrained-gradient based method where the
samples are passed through the LLM itself. We
then compute IFs using the extracted gradients.

Formally, for each validation example
(Zval, Yval)» We compute the influence of each
training example (z;, y;) € Dirain, Where Dy is
the set of the training examples. The influence
score I((x;, yi), (Tval, Yval)) quantifies the effect of
(x4,y;) on the loss function evaluated at (2,1, Yyal)-
Using these computed influence values, we select
the top k most influential demonstrations.

We compare two versions of computing the IF
after extracting the gradient, Datalnf (Kwon et al.,
2023) and TracIn (Pruthi et al., 2020). Datalnf
uses an easy-to-compute closed-form expression,
leading to better computational and memory com-
plexities than other IF methods. Tracln traces how
the loss on the test point changes during the training
process simply using an inner product of training
and validation set gradients. Since it does not com-
pute the Hessian matrix, it is faster than Datalnf,
but at the cost of lower estimation performance.

Additionally, we compare the influence-only
methods with well-performing ICL approaches
BertScore-Recall (BSR; Gupta et al. 2023a) and
Cosine Similarity (Reimers, 2019).> These meth-
ods excel at capturing semantic similarity between
validation and training examples. We also com-
pare with a performant sparse information retrieval
baseline algorithm, BM25 (Jones et al., 2000).

Lastly, we combine the previously described ap-
proaches by implementing a two-stage selection
process. First, we perform an initial pruning of
the demonstration pool using either BSR or Co-
sine Similarity. Specifically, for a given number of
desired demonstrations k, we prune the dataset to
select 2k candidates from the original set of labeled
examples {(z;,y:) }¥,.

We then apply the IF-based methods to re-rank
these remaining examples based on their influence
on the validation loss. The final selection of k in-
context demonstrations is performed by selecting
the top k examples from the re-ranked subset.

3.2 Selecting Noisy Demonstrations

In this setting, we utilize IFs to identify noisy
samples within the dataset. Formally, let

3We use the implementation from Gupta et al. (2023a,b).



D = {(x,y:)}¥, represent the training dataset.
First, we employ IFs to prune the dataset by
detecting and removing noisy examples, following
which the top k in-context demonstrations are
selected using either BSR or Cosine Similarity.*

Additionally, we construct approaches that com-
bine the influence values with the BSR or Cosine
Similarity scores. To do so, both the influence
values and similarity scores are min-max normal-
ized, resulting in scores scaled between 0 and 1.
We then reweigh the scores using a linear com-
bination of the normalized values. Let o and 3
represent the weights assigned to the influence val-
ues and the similarity scores, respectively, where
a+p =1 and 0 < a,f < 1, the final com-
bined score for each training example is:

Score(xs, y:) = a - I((xi, yi), (Tvat, Y1) + B+ S(zi, yi),

where I((x;,¥i), (Tval, Yva)) 1is the influence
value and S(z;,y;) represents either the
BertScore (Zhang et al., 2019) or Cosine
Similarity for the training example (z;,y;). The
top k examples with the highest combined scores
are selected as demonstrations.’

In this setting, we compute influence values us-
ing our surrogate model approach. In addition to us-
ing Datalnf, we also conduct influence experiments
using the LiSSA IF method which is a second-order
method to compute the inverse Hessian vector prod-
uct (Agarwal et al., 2017; Koh and Liang, 2017).
Although LiSSA is generally computationally ex-
pensive (Kwon et al., 2023), we prioritize it over
Tracln owing to its greater performance in detect-
ing mislabeled samples, as the computational over-
head is incurred only once in this setting.

4 Experiments

Here, we expand upon our experimental setup to
conduct the experiments and analyze the results.

4.1 Experimental Setup

‘We discuss our, dataset details and model used to
conduct the experiments.

Evaluation Data. For Mixture of Tasks, we collect
a generalized pool of examples from different
tasks such that the input x and output y pairs
{(xi, i)}, do not necessarily correspond to the
same task as the test input zs. The evaluation task

*We will refer to this approach as IF Pruning.
SWe will refer to this approach as IF Averaging.

pool contains three samples each from 28 different
tasks from MMLU (Hendrycks et al., 2020),
BigBench (Srivastava et al., 2022), StrategyQA
(Geva et al., 2021) and CommonsenseQA (Talmor
et al., 2018). We evaluate the ICL accuracy, using
this train set, on 12 different tasks from MMLU
and BigBench.

For Noisy Demonstrations, we employ the noisy
dataset framework from Kwon et al. (2023). In
their work, the four binary classification GLUE
datasets (Wang, 2018) MRPC, QQP, QNLI, and
SST?2 are utilized. To simulate a scenario where
a portion of the data samples are noisy, 20% of
the training data samples are randomly selected
and their labels are flipped. We use these noisy
datasets as the candidate pool in our experiments
and evaluate the ICL accuracy.

Base LLM. In Mixture of Tasks, for k¥ = 3 shots,
we conduct ICL experiments on Llama-2-13b-chat
(Touvron et al., 2023), Mistral-7b-v0.3 (Jiang et al.,
2023) and Zephyr-7b-beta (Tunstall et al., 2023).
For k = 5 shots we conduct experiments on Llama-
2-13b-chat. We extend on the framework designed
by Gupta et al. (2023a,b). The temperature is set
to O for inference. For Noisy ICL, we conduct ex-
periments on Llama-2-13b-chat. All of our exper-
iments run on 8 X NVIDIA RTX 6000 Ada GPUs.

4.2 Method and Baseline Configurations

Here we expand on the methods and baselines we
use for our experiments in both settings.

Mixture of Tasks. We construct 4 IF-only meth-
ods. 2 based on the Surrogate Model based ap-
proach, SUR and 2 based on the Pretrained LLM
weights based approach, PRE. We test Data-Inf and
Tracln based versions of these approaches, namely,
Surrogate Model-Datalnf SURp, Surrogate Model-
TracIn SURT, Pretrained Model-Datalnf PREp and
Pretrained Model-TracIn PREt. As mentioned be-
fore, SURp and SURT use RoBERTa as the surro-
gate model, whereas PREp and PRET use Llama?2-
13b-chat as the pretrained LLM.

Additionally, we test traditional semantic ap-
proaches, such as BSR and Cosine Similarity
(CoS), as well as retrieval based approaches, such
as BM25, as baselines. Finally, we test the com-
bination of the aforementioned traditional and IF
methods as well.®

6Speciﬁcally, MODEL f sg1), Where MODEL €
{SUR, PRE}, IF € {D, T}, and SEL € {Co0s, BSR}.
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Figure 2: Average performance of different demonstra-
tion selection methods across 3 LLMs for & = 3 shots.

Noisy Demonstrations. As elaborated in Sec-
tion 3.2, we explore two approaches, IF Pruning
and IF Averaging, for the task of selecting the best
demonstrations. We only use the surrogate model-
based IF method in this setting, and we employ an
additional method of computing IFs, LiSSA (Koh
and Liang, 2017). We experiment with different
levels of pruning and IF weights («v) as hyperparam-
eters, namely 10% pruning and 0.5«. Furthermore,
we also create a random pruning baseline for BSR
and Cosine Similarity as well.”

For baselines, we again compare our IF based ap-
proaches with BSR, Cosine Similarity and BM25.

4.3 Results on Mixture of Tasks

We present the results on Mixture of Tasks in Fig-
ure 2. Additional results for varying the number
of shots (k) and multiple LLMs are provided in
Appendix B.1. Further, results for the alternative
Tracln IF method are provided in Appendix B.2.
Results for Pretrained Gradients combined with
BertScore and Cosine Similarity are presented in
Appendix B.3. We also present results on using
DeBERTa (He et al., 2021a,b) as an alternative
surrogate model in Appendix B.4.

Combining Surrogate Model Datalnf with
BertScore results in the best performance. As
can be observed in Figure 2 and Table 7, the
SUR|p,psr] method has the highest average perfor-
mance across the tasks, in both 3 and 5 shots. This
shows the benefit of combining IF with BertScore
as performance increased by 0.56 in k£ = 3 shots
and by 1.52 in £ = 5 shots. The results also

"Formally, METHOD[MODELjy si.], Where METHOD €
{PRU, AVG}, MODEL € {SUR, RAND}, IF €
{D,L}, and SEL € {Co0s, BSR}.

show that the maximal benefit of IF methods is
gained in combination with the semantic similar-
ity methods. This is due to the fact that IF can
leverage the model’s inductive bias to re-rank the
retrieved demonstrations effectively, but the ini-
tial 2k pruning via BSR is critical to shorten the
candidate pool to demonstrations that are seman-
tically relevant enough. However, it is impor-
tant to note that, given the inclusion of only three
shots in the prompt—where the overwhelming ma-
jority of demonstrations are unrelated to the test
task—achieving significant improvements remains
challenging.

Surrogate Models outperform Pretrained Gra-
dients. We see that surrogate models outperformed
Pretrained Gradients in demonstration selection for
the Mixture of Tasks setting in both the £ = 3
and k£ = 5 shots. The fine-tuning of the surrogate
model leads it to better capture the test task affinity
of the demonstration pool.

Datalnf is better than TraclIn as an IF method.
The speed gains of TracIn come at a cost of per-
formance as the Datalnf method of IF computation
routinely outperformed TracIn. Tracln likely under-
performs because it does not utilize critical second
order gradient information since the Hessian H (6*)
is assumed to be the identity matrix. This trend has
also been observed in past work on IF methods
(Chhabra et al., 2024a).

Qualitative Analysis. Finally, to understand the
unique benefits provided by IFs, we present a qual-
itative analysis examining the types of shots se-
lected by our method in Appendix B.5. We see that
even though BSR selects more semantically rele-
vant samples, SUR[p gsr] shots assist in guiding
the model toward the correct answer by providing
examples that promote more structured reasoning.

4.4 Results on Noisy ICL

In this section we provide analysis on the aforemen-
tioned General Noisy ICL setting. We also conduct
two ablations on varying IF a weight in IF Averag-
ing and varying the Noise level in the datasets.

IF Averaging works better than other baselines.
Table 1 and Figure 3 clearly show that doing a
weighted average between the surrogate model IF
and both Cosine and BertScore leads to perfor-
mance boosts. Atleast one and if not both of the
highest performing methods in each of the datasets
we tested were from the averaging method. We



Table 1: ICL Accuracy across MRPC, QNLI, SST2,
and QQP datasets using different methods for Noisy
ICL, with 20% noise added to the datasets. The top 2
performers for each dataset are in bold.

Method MRPC QNLI SST2 QQP
RAND 704 69.6 862 70.9
BSR 713 746 804 714
Cos 723 682 82.6 732
BM25 706 676 88.0 71.0

RAND{cos; 70.1 684 87.0 69.4
— SURp,cos; 694 69.8 84.0 71.8
S SURLcosy 689 682 86.8 70.8
2 RANDsr; 71.1 652 864 684
A~ SUR[D,BSR] 70.6 68.0 82.0 71.0

SUR[14,C0S] 70.1 674 88.8 68.2

, SURp.cos 755 748 89.8 67.8
OuSUR[L,Cos] 70.6 75.8 86.4 73.0
g SUR[D,BSR] 74.3 69.6 90.6 73.8
< SURwpsry 733 734 93.6 69.2

77.37
77.06

©
2 SUR(L cos, ave] 76.45
76.97

73.67
73.74
73.72

74.08

74.30

74.29

70 71 72 73 74 75 76 77 78
ICL Accuracy

Figure 3: Average performance of the baselines across
the 4 datasets.

see that LiSSA and Datalnf are similarly effective,
with Datalnf being more computationally efficient.

Pruning hurts not helps performance. We can
see that pruning actively hurts performance as Fig-
ure 3 shows that all 3 types of BertScore pruning
and all 3 types of Cosine pruning had lower aver-
age scores than BertScore and Cosine Similarity.
This might be due to the fact that we are removing
potentially helpful samples from the demonstration
pool, even if they might have noisy labels.

We further provide results on varying the noise
levels in the datasets in C.1, varying the hyperpa-
rameters we tested in C.2 and an experiment ana-
lyzing the effectiveness of IF’s in detecting noisy
demonstrations in C.3.

4.5 Computational Complexity

We present the worst case time complexity (for
inference) for our methods and related baselines

in Table 2. As can be observed, our methods are
comparable, if not more efficient than the other
baselines. Note that the SUR methods require an
additional fine-tuning step on a smaller surrogate
model before the gradients are extracted, which
the PRE methods do not. Furthermore, note that
Tracln as an influence method is much faster
than Hessian-based approaches (e.g. Datalnf)
as it assumes that the Hessian is the identity
matrix. While this leads to more efficient influence
computation, it comes at the cost of lower
estimation performance, as our results with Tracln
also show. Additionally, we present the maximum
GPU memory consumption while performing
demonstration selection in Appendix D.

Table 2: Computational complexity for each test sample
at inference where NV is #demonstration samples, p is
#model parameters, d is embedding size, K is the max
length among all candidates, L is the length (in tokens)
of the test input, Z is #ngrams

Method Time Complexity
BSR O(NLKd)
Cos O(Nd)
BM25 O(NZ)
PREp O(Np)
SURp O(Np)
PREr O(Np)
SURT O(Np)

BSR COMBINED METHODS O(NLKd) +
Cos COMBINED METHODS O(Nd) + O(Np)

~

4.6 Scalability

Scalability to Large Models. We compare the
time it takes to extract test set gradients and com-
pute influence scores. We compute IF via the
Datalnf method, comparing RoOBERTa-Large (125
million parameters), Llama2-13b-chat (13 billion
parameters), and Llama2-70b-chat (70 billion pa-
rameters) on the MMLU-moral-disputes dataset
with 200 test samples.

Table 3: Time taken for extracting test gradients and
computing IF across different models.

Model Test Gradients (s) Computing IF (s)
RoBERTa 7.447 35.72
Llama-2-13b-chat 68.5 4.69
Llama-2-70b-chat 257.64 8.81

The relationship between model size and infer-
ence time grows sublinearly, with time increasing
at roughly the square root of the model size. We
also see that it takes longer to compute the IF in the
RoBERTa model due to the fine-tuning process.



Additionally, the time required to compute IF
using the TracIn method on Llama-2-13b-chat is
just 3.576 x 107% seconds. This highlights the
significant speed advantage offered by Tracln. We
present additional results for scalability to large
datasets in Appendix E.

We would like to emphasize that practitioners
have the flexibility to choose between our models
and methods based on their specific needs. If
computational efficiency is the priority, the
significantly faster surrogate model approach can
be used. Conversely, if high accuracy is desired
and compute is not a concern, a fine-tuned LLM
is a better alternative.

5 Related Work

In-Context Learning (ICL). Following the scal-
ing of model sizes and learning resources (Mann
et al., 2020; Chowdhery et al., 2023; Touvron et al.,
2023), LLMs have gained emergent abilities for
efficient inference-time adaptation via ICL (Mann
et al., 2020). However, ICL is critically sensitive
to demonstration pool examples (An et al., 2023;
Liu et al., 2021a; Zhang et al., 2022) and selection
strategies (Rubin et al., 2021; Mavromatis et al.,
2023). One line of work studies example scor-
ing and retrieval, utilizing model-agnostic heuristic
metrics like perplexity (Gonen et al., 2022), mutual
information (Sorensen et al., 2022), semantic simi-
larity (Liu et al., 2021a; Gupta et al., 2023b), etc.
to select demonstrations. Another line of work opti-
mizes selection based on empirically verified desir-
able features a priori, e.g. diversity (Su et al., 2022;
Ye et al., 2023), coverage (Gupta et al., 2023a),
etc. However, prior work assumes that the demon-
stration distribution is aligned with task distribu-
tion, which is not always the case (Chatterjee et al.,
2024). Our work serves as a first to investigate
ICL demonstration selection in the task and dataset
quality shifts in the ICL settings.

Influence Functions. [Influence functions (IFs)
comprise a set of methods from robust statistics
(Hampel, 1974; Cook and Weisberg, 1982) that
have been recently proposed for deep learning data
valuation and can provide a conceptual link that
traces model performance to samples in the train-
ing set. For gradient-based models trained using
empirical risk minimization, IFs can be used to
approximate sample influence without requiring
actual leave-one-out retraining. For deep learning
models, the seminal work by Koh and Liang (2017)

utilized a Taylor-series approximation and LiSSA
optimization (Agarwal et al., 2017) to compute
sample influences. Follow-up works such as Rep-
resenter Point (Yeh et al., 2018) and Hydra (Chen
et al., 2021) sought to improve IF performance
for deep learning models, constrained to vision
applications. More recently, efficient influence es-
timation methods such as Datalnf (Kwon et al.,
2023), Arnoldi iteration (Schioppa et al., 2022),
and Kronecker-factored approximation curvature
(Grosse et al., 2023) have been proposed which can
be employed for larger generative language models,
such as LLMs. Some other simpler IF approaches
simply consider the gradients directly as a measure
of influence (Pruthi et al., 2020; Charpiat et al.,
2019), followed by some ensemble strategies (Bae
et al., 2024; Kim et al., 2024). Recent work has
also found that self-influence only on the training
set can be a useful measure for detecting sample
influence (Bejan et al., 2023; Thakkar et al., 2023).

IFs have been utilized with great success in a
number of application scenarios (e.g. classifica-
tion (Chhabra et al., 2024a; Koh and Liang, 2017),
generative models (Kwon et al., 2023; Schioppa
et al., 2022; Grosse et al., 2023), active learning
(Chhabra et al., 2024b; Liu et al., 2021b), etc.).
Moreover, while some recent works have consid-
ered using influence for selecting direct demonstra-
tions (Nguyen and Wong, 2023; Van et al., 2024),
neither of them has consider their effect on induc-
tive bias selection in the indirect ICL setting, which
is the focus of our work.

6 Conclusion

We formalize a new paradigm for generalized
In-Context Learning, which we term Indirect In-
Context Learning. We analyze two different real-
world Indirect ICL settings and propose effective
demonstration selection strategies for these scenar-
ios. We explore using Influence Functions (IFs)
to leverage the informativeness of the samples in
the demonstration pool and the models’ task in-
ductive bias. We find that combining a surrogate
model-based IF approach with BertScore performs
better when there are an overwhelming majority
of irrelevant tasks in the candidate pool. We also
find that reweighting the surrogate model-based IF
scores with traditional metric scores can be helpful
in the case where noisy demonstrations are present.
Future work will aim to augment the Pretrained
Gradient approach by using better/larger LLMs or
finetuning the LLMs.



Limitations

The main limitation of Influence Functions is that
they are costly to compute, especially for large
datasets and LLMs with lots of parameters. This is
why we opted to fine-tune a smaller model such as
RoBERTa and use pretrained LL.Ms for our meth-
ods. Further performance gains can be attained at
the cost of computational speed if fine-tuned LLMs
are employed instead. As research on influence
estimation methods for LLMs is currently ongoing,
faster influence functions developed in the future
can also be utilized with our methods for highly
efficient and accurate ICL performance.
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Appendix
A Integration to Practical Workflows

We provide several use cases of Indirect ICL in
real-world scenarios. Here are a few examples:

A.1 Practical Applications of Indirect ICL

* Enhancing prompt performance at test
time: If an LLM service provider needs to use
in-context learning (ICL) to improve prompt
performance during test time, they may not
know the precise task beforehand or during
inference (e.g., a novel task requested by a
user in real-time). Indirect ICL and our pro-
posed methods can improve performance by
selecting relevant demonstrations from a task-
agnostic pool of labeled data (i.e., the MoT
setting), ensuring the model can adapt to vari-
ous scenarios even when task-specific labeled
samples (direct supervision) are not available.

Medical diagnosis: Indirect ICL can be used
to diagnose rare medical conditions based on
symptoms. Since such conditions are rare,
demonstrations for these specific cases are of-
ten unavailable. However, the model can learn
diagnostic reasoning patterns from more com-
mon conditions with overlapping symptoms,
improving accuracy for the rare cases.

Code generation for obscure programming
languages: Indirect ICL can aid in generating
code for rarely-used or proprietary program-
ming languages. Demonstrations from code
generation tasks in related languages with sim-
ilar structures can be leveraged, enabling the
model to generalize and perform well in these
low-resource scenarios.

Ideology Estimation from Underrepre-
sented Contexts: We can use our paradigm to
estimate political ideology, or any other sort
of text classification, from text in an underrep-
resented cultural or linguistic context. We can
use demonstrations from ideology estimation
in well-represented contexts such as Western
political texts. The can transfer learned associ-
ations between linguistic cues and ideological
stances, adapting them to the new context.

These examples highlight just a few of the prac-
tical applications of indirect ICL, particularly in
low-resource settings.
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B Indirect ICL Results for LLM based
Influence

B.1 Full Results for Mixture of Tasks

Following are the full results for the Mixture of
Tasks setting. For £ = 3 shots in Tables 4, 5, and 6.
For k = 5 shots in Table 7.

B.2 Tracln Results

Here we provide results for the TracIn method of
Influence Computation for £ = 3 shots in Tables 8,
9, and 10. We also provide results for k¥ = 5 shots
in Table 11.

B.3 Pretrained Gradient Results

Here we provide results for pretrained gradients
method of computing IF. These can be found in for
k = 3 shots in Tables 12, 13 and 14 and for k = 5
shots in Table 15.

B.4 Results using a different surrogate model

We present results where DeBERTa-v3-Large re-
places RoBERTa-Large as the surrogate model.
Evaluated on Llama2-13B-Chat with k 3
shots. We compare the best-performing baseline
SUR[D,BSRJ with BSR in Table 16.

The results indicate that the DeBERTa surro-
gate model outperforms BSR. However, it is impor-
tant to note that, given the inclusion of only three
shots in the prompt—where the overwhelming ma-
jority of demonstrations are unrelated to the test
task—achieving significant improvements remains
challenging.



Table 4: Performance across different datasets and demonstration selection methods with £ = 3 shots. The datasets

are sampled from sub-tasks of the MMLU and BigBench datasets for Llama-2-13b-chat.

Dataset RAND BSR Cos BMZS‘PRED SURD‘SUR[D,BSR] SUR[D,Cos]
medical-genetics 80.60 87.00 84.00 79.00 |76.00 81.00| 86.00 82.00
prof-psychology  68.30 70.00 73.00 65.50 [65.00 68.50| 72.00  68.50

formal-logic 60.16 59.52 60.32 58.73 |61.11 59.52| 57.14 55.56
moral-disputes  81.00 78.00 79.50 80.50 |78.50 76.00| 80.50 76.50
public-relations  72.18 79.09 80.91 73.64 |71.82 75.45| 79.09 79.09
comp-security 76.80 76.00 80.00 76.00 |76.00 80.00| 76.00 76.00

astronomy 80.26 80.26 78.95 80.92 [74.34 79.61| 80.26 78.95
abstract-algebra 57.00 58.00 62.00 55.00 |57.00 47.00| 72.00 72.00

nutrition 75.50 77.50 79.00 78.00 |77.50 77.00| 79.50 81.50

high-school-biology 76.70 76.50 78.00 76.50 |73.50 79.00| 80.50 76.50
formal-fallacies 47.25 52.00 50.00 49.50 [47.00 56.50| 47.50 50.00

tracking-3 40.20 44.00 39.00 45.00 |40.00 37.00| 43.50 39.00

Average 68.00 69.82 70.39 68.19 ‘66.48 68.04‘ 71.16 69.63

Table 5: Performance across different datasets and demonstration selection methods with k = 3 shots. The datasets

are sampled from sub-tasks of the MMLU and BigBench datasets for Mistral-7b-v3

Dataset RAND BSR Cos BMZS‘PRED SURD‘SUR[D,BSR] SUR[D,cos]
medical-genetics 88.25 88.00 91.00 89.00 |88.00 86.00 87.00 89.00
prof-psychology  84.50 84.00 84.50 82.00 |85.00 83.00 85.50 84.00

formal-logic 66.47 66.67 69.05 65.08 |63.49 66.67 68.25 69.05
moral-disputes 87.00 85.00 85.50 87.00 | 88.5 86.00 87.00 87.50
public-relations  83.41 82.73 81.82 84.55 |84.55 83.64 84.55 81.82
comp-security 87.25 83.00 89.00 88.00 {90.00 88.00 86.00 90.00

astronomy 87.34 88.82 89.47 88.16 |84.87 86.18 86.18 86.18
abstract-algebra 57.75 63.00 60.00 60.00 {59.00 50.00 64.00 64.00

nutrition 84.75 86.50 87.50 83.00 [83.00 83.50 88.50 87.00

high-school-biology 85.63 84.00 86.50 85.00 |87.00 84.00 87.50 87.00
formal-fallacies 49.63 53.50 50.00 53.50 |48.00 46.50 52.50 53.50

tracking-3 46.38 49.00 49.00 49.50 |46.50 39.00| 48.50 45.50

Average 75.70 76.19 76.95 76.23 ‘75.66 73.54‘ 77.13 77.05

Table 6: Performance across different datasets and demonstration selection methods with £ = 3 shots. The datasets

are sampled from sub-tasks of the MMLU and BigBench datasets for Zephyr-7b-beta

Dataset RAND BSR Cos BMZS‘PRED SURD‘SUR[D,BSR] SUR[D,Cos]
medical-genetics 79.50 80.00 77.00 76.00 |78.00 82.00| 76.00 78.00
prof-psychology ~ 74.50 74.00 74.50 74.50 [72.00 74.50| 73.00  74.00

formal-logic 69.44 65.87 65.87 65.08 |66.67 71.43| 65.87 61.11
moral-disputes  77.63 78.50 78.00 76.50 |75.00 78.00| 78.50 77.00
public-relations  75.00 80.91 72.73 73.64 |76.36 75.45| 76.36 76.36
comp-security 76.00 73.00 77.00 78.00 |75.00 77.00| 79.00 79.00

astronomy 79.77 81.58 80.26 80.26 |74.34 80.92| 79.61 82.24
abstract-algebra 52.00 53.00 53.00 51.00 |51.00 50.00| 62.00 55.00

nutrition 75.63 77.00 79.50 75.50 |74.00 74.50| 75.50 77.50

high-school-biology 77.63 81.00 80.50 79.50 |78.50 80.00| 78.50 78.00
formal-fallacies 49.75 57.50 55.50 56.50 [52.50 55.00| 51.50 46.50

tracking-3 49.25 49.50 49.50 51.50 |52.50 45.00| 49.50 49.50

Average 69.68 70.99 70.28 69.83 ‘68.83 70.31‘ 70.45 69.51
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Table 7: Performance across different datasets and demonstration selection methods with k& = 5 shots for Llama-2-
13b-chat

Dataset RAND BSR Cos BMZS‘PRED SURD‘SUR[D,BSR] SUR[D,COS]

medical-genetics 80.00 86.00 8§1.00 81.00 |84.00 80.00| 84.00 83.00
prof-psychology 71.00 71.00 73.50 66.00 |70.00 68.50| 77.00 71.00
formal-logic 62.70 59.52 57.94 56.35 [58.73 68.25| 62.70 61.90
moral-disputes  79.50 77.50 81.00 81.00 |82.00 81.00| 81.50 81.50
public-relations  70.00 78.18 81.82 76.36 [70.91 77.82| 80.91 78.18
comp-security 75.00 78.00 82.00 77.00 |76.00 77.00| 81.00 77.00
astronomy 78.95 85.53 82.89 80.92 [80.92 82.89| 84.87 81.58
abstract-algebra 52.00 63.00 62.00 58.00 {63.00 55.00| 67.00 65.00
nutrition 71.50 81.00 80.00 78.00 [76.00 78.00| 79.00 81.00
high-school-biology 73.00 79.00 80.00 76.50 |77.00 79.00| 81.50 75.50
formal-fallacies 46.50 48.50 48.00 50.00 |47.50 43.50| 53.00 43.50
tracking-3 36.50 49.00 47.00 46 |42.50 52.00| 42.00 39.00

Average 66.38 71.35 71.42 68.93 |69.04 70.24| 72.87 69.84
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Table 8: Performance across different datasets and dif-

ferent TracIn Influence methods with £ = 3 shots for ~ Table 11: Performance across different datasets and
Llama2-13b-chat different TracIn Influence methods with k = 5 shots for
Llama2-13b-chat.

Dataset PRET SURT SUR[T,BSR] SUR[T,COS]
medical-genetics 77.00 79.00 81.00  85.00 Dataset PRET SURT SUR(1;85R] SUR[T,COS]
prof-psychology 67.00 66.00 69.50 70.00 medical-genetics 82.00 78.00  83.00 81.00
formal-logic 56.35 61.11  59.52 59.52 prof-psychology 69.00 67.50  73.50 73.50
moral-disputes  79.50 76.00  82.00 79.50 formal-logic 61.90 61.11 57.14 57.14
public-relations 73.64 72.73  76.36 71.27 moral-disputes  81.00 81.00 82.50 81.50
comp-security  78.00 74.00  76.00 79.00 public-relations 70.00 70.00 73.64 78.18
astronomy 80.26 75.66  82.24 79.61 comp-security  75.00 76.00  77.00 76.00
abstract-algebra 57.00 61.00 67.00 63.00 astronomy 82.24 7632  83.55 78.95
nutrition 79.50 79.50  78.50 81.00 abstract-algebra 53.00 56.00  65.00 64.00
high-school-biology 76.50 76.00  79.00 75.00 nutrition 77.50 75.50  79.00 79.50
formal-fallacies 46.50 42.50 47.50 43.00 high-school-biology 77.00 74.50  82.50 77.00
tracking-3 41.00 35.50  40.00 39.50 formal-fallacies 45.50 47.00 39.50 48.00
Average 67.69 66.58 69.89 69.28 tracking-3 40.50 41.50 46.50 36.50

Average 67.87 67.03 70.23 69.27

Table 9: Performance across different datasets and dif-
ferent TracIn Influence methods with k& = 3 shots for
Mistral-7b-v0.3

Table 12: Performance across different datasets and Pre-

Dataset PRET SURT SUR SUR .. . .
atase T T (LBSR] [T.Cos] training based demonstration selection methods (k = 3
medical-genetics 88.00 85.00  87.00 88.00 shots) for Llama2-13b-chat.
prof-psychology 83.00 80.00 84.00 86.50 b
formal-logic ~ 65.08 69.05 6587  68.25 Dataset  PREmssw PREm.cost PREmusm PREmCon
moral-disputes  87.50 84.50  84.50 89.00 medical-genetics 8500 80.00  86.00  84.00
. . prof-psychology 68.50 73.50 70.50 69.50
publlc-relatlf)ns 80.91 82.73 8545 81.82 formal-logic 5556 5714 5704 5476
comp-security  87.00 83.00  86.00 87.00 moral-disputes 80.50 80.00 78.50 82.00
astronomy 86.18 86.18 88.16 90.13 public-relations 80.91 77.27 74.55 78.18
comp-security 75.00 79.00 80.00 76.00
abstract:a‘lgebra 61.00 51.00 62.00 57.00 astronomy 2026 76.32 78.95 7763
nutrition 85.00 83.00  88.50 86.00 abstract-algebra  57.00 56.00 5800  61.00
high-school-biology 86.50 84.50  88.00 85.00 nutrition 81.00 80.00 78.00 80.50
~ : high-school-biology  75.50 73.50 80.00 76.00
formal t:allaues 47.00 52.00 54.50 62.50 Pormalfallacios 5% 1800 16,50 4550
Average 75.10 73.58  75.75 76.60 Average 70.02 69.02 68.83 68.59

Table 10: Performance across different datasets and

different TracIn Influence methods with & = 3 shots for

Zephyr-T7b-beta Table 13: Performance across different datasets and Pre-
training based demonstration selection methods with
k = 3 shots for Mistral-7b-v0.3.

Dataset PRET SURT SUR[T,BSR] SUR[T,COS]
medical-genetics 76.00 77.00  74.00 80.00

prof-psychology  72.50 71.50 72.50  72.50 Dataset  PREmmse PREm.cos) PREmase) PRE.cos)
looi . ) . 4.0 medical-genetics 86.00 88.00 86.00 88.00
forlrll%:;.logltc g; gg 32 2?) gé 3(6) 37 53 prof-psychology 87.50 83.50 85.00 85.50
moral-disputes : : : : formal-logic 64.29 65.87 65.08 65.87
public-relations 76.36 74.55  79.09 72.73 moral-disputes 86.00 85.00 85.00 85.50
comp-security  77.00 78.00  76.00 75.00 public-relations 85.45 80.00 86.36 84.55
comp-security 82.00 88.00 85.00 89.00
astronomy 76.32 7895  81.58 80.92 astronomy 38.16 90.13 87,50 39.47
abstract-algebra 50.00 48.00  53.00 52.00 abstract-algebra 62.00 59.00 62.00 60.00
nutrition 75.50 77.00  75.50 78.00 nutrition 86.50 84.00 86.50 84.50
s ohe _hi high-school-biology  86.00 85.50 86.50 87.00
high-school blo'logy 77.50 75.50  80.50 78.00 tormal-fallacies 5450 4600 5100 50,00
formal-fallacies 50.00 41.00 46.00 50.00 tracking-3 49.50 48.50 50.00 53.00
tracking-3 50.50 48.00 49.50 42.50 Average 76.49 75.29 76,32 76.87

Average 68.89 67.90 69.26 68.62
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Table 14: Performance across different datasets and Pre-
training based demonstration selection methods with
k = 3 shots for Zephyr-7b-beta.

Dataset PRE[D,BSR] PRE[D,COS] PRE[T,BSR] PRE[T,COS]

medical-genetics 82.00 77.00 81.00 82.00
prof-psychology 73.00 70.50 74.50 73.00
formal-logic 69.84 67.48 65.08 66.67
moral-disputes 73.00 76.00 75.50 76.50
public-relations 78.18 77.27 76.36 70.00
comp-security 78.00 73.00 75.00 76.00

astronomy 76.97 78.29 77.63 79.61
abstract-algebra 51.00 55.00 58.00 58.00
nutrition 79.00 74.50 76.50 78.50

high-school-biology  78.00 77.00 80.00 78.50
formal-fallacies 54.50 55.50 46.50 54.50
tracking-3 47.00 47.50 49.00 48.50

Average 70.04 69.08 69.59 70.15

Table 15: Performance across different datasets and Pre-
training based demonstration selection methods with
k = 5 shots for Llama2-13b-chat.

Dataset PRE[D,BSRJ PRE[D,COS] PRE[T,BSRJ PRE[T,COS]

medical-genetics 83.00 83.00 82.00 83.00
prof-psychology 73.50 74.00 74.00 71.50
formal-logic 60.32 56.35 62.70 62.70
moral-disputes 82.00 82.50 81.00 79.50
public-relations 75.45 75.45 78.18 77.27
comp-security 77.00 77.00 76.00 80.00

astronomy 82.24 81.58 81.58 77.63
abstract-algebra 60.00 59.00 62.00 60.00
nutrition 81.00 78.50 80.50 79.50

high-school-biology  80.50 78.50 79.50 76.00
formal-fallacies 48.50 50.50 49.00 49.00
tracking-3 50.00 46.00 47.50 51.50

Average 71.13 70.20 71.16 70.63

Table 16: Performance comparison between BSR and
SURp,gsr] With DeBERTa as the surrogate model with
(k = 3 shots) for Llama2-13b-chat.

Dataset BSR PRE[pssr]

medical-genetics 87.00 85.00
prof-psychology 70.00  72.50
formal-logic 59.52  59.52
moral-disputes  78.00 84.50
public-relations 79.09  76.36
comp-security  76.00 77.00
astronomy 80.26  80.26
abstract-algebra 58.00 59.00
nutrition 77.5 79.00
high-school-biology 76.50  79.00
formal-fallacies 52.00 45.5
tracking-3 44,00 46.50

Average 69.82  70.30




B.5 Qualitative Analysis

For MoT, to understand the merits of our method,
we compare demonstrations selected via BSR
and SUR[ppsr] on the MMLU-abstract-algebra
dataset:

Example 1:

Q: Compute the product in the given ring.
(2,3)(3,5) in Zs x Zg

Options: (B) (3,1)

BSR Shots.

(©) (1,6)

1. Q: Statement 1 | Every element of a group gen-
erates a cyclic subgroup of the group. State-
ment 2 | The symmetric group S1¢ has 10 ele-
ments. Options: (A) True, True (C) True,
False Answer: (C)

Q: Statement 1 | Every function from a fi-
nite set onto itself must be one-to-one. State-
ment 2 | Every subgroup of an abelian group
is abelian. Options: (A) True, True (D)
False, True Answer: (A)

Q: How many attempts should you make to
cannulate a patient before passing the job on
to a senior colleague, according to the medical
knowledge of 2020? Options: (A)4 (B) 3
©)2 (D)1 Answer: (C)

SUR[D,BSR]-

1. Q: Statement 1 | Every function from a fi-
nite set onto itself must be one-to-one. State-
ment 2 | Every subgroup of an abelian group
is abelian. Options: (A) True, True (D)
False, True Answer: (A)

Q: Olivia used the rule "Add 11" to create the
number pattern shown below: 10, 21, 32, 43,
54. Which statement about the number pattern
is true? Options: (B) The number pattern will
never have two even numbers next to each
other. (D) If the number pattern started with
an odd number, then the pattern would have
only odd numbers in it. Answer: (B)

Q: Tomorrow is 11/12/2019. What is the date
one year ago from today in MM/DD/YYYY
format? Options: (B) 11/11/2018 (C)
08/25/2018 Answer: (B)

We can see that while BSR selects more semanti-
cally relevant samples, SUR|p Bsr]’s selected shots
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guide the model toward the correct answer (C) in-
stead of (B) by encouraging more structured rea-
soning.

Example 2:

Q: Statement 1 | If R is an integral domain, then
R]z] is an integral domain. Statement 2 | If R is a
ring and f(x) and g(z) are in R[z], then

deg(f(z)g(x)) = deg f(x) + deg g(z).

Options: (C) True, False
BSR Shots.

(B) False, False

1. Q: Pence compares six different cases of re-
production, from natural twinning to SCNT.
What conclusion does he draw from this com-
parison? Options: (A) SCNT is not a differ-
ent kind of reproduction because there are no
morally relevant differences between it and
other permissible means of reproduction. (B)
Because there is a low risk of harm for natural
twinning, there will be a low risk of harm for
SCNT. (C) Both A and B (D) Neither A nor
B Answer: (A)

. Q: Statement 1 | Every element of a group gen-
erates a cyclic subgroup of the group. State-
ment 2 | The symmetric group Sio has 10 ele-
ments. Options: (A) True, True (C) True,
False Answer: (C)

. Q: Statement 1 | Every function from a fi-
nite set onto itself must be one-to-one. State-
ment 2 | Every subgroup of an abelian group
is abelian. Options: (A) True, True (D)
False, True Answer: (A)

SUR[p,BsR]-

1. Q: Statement 1 | Every function from a fi-
nite set onto itself must be one-to-one. State-
ment 2 | Every subgroup of an abelian group
is abelian. Options: (A) True, True (D)
False, True Answer: (A)

. Q: Select the best translation into predicate
logic. George borrows Hector’s lawnmower.
(g: George; h: Hector; [: Hector’s lawn-
mower; Bxzyx: x borrows y from z). Op-
tions: (A) Bigp (B) By (C) Byin (D) Byp
Answer: (C)



3. Q: Statement 1 | Every element of a group gen-
erates a cyclic subgroup of the group. State-
ment 2 | The symmetric group S1¢ has 10 ele-
ments. Options: (A) True, True (C) True,
False Answer: (C)

Here again, BSR selects the more semantically rel-
evant shots (with the top three shots ordered in
ascending order of relevance), while SUR[p BsR]
selects less semantically similar but more influen-
tial shots, which ultimately improves model perfor-
mance.

C Extended Noisy ICL Results
C.1 Varying Noise Levels

We also test whether our method can perform well
on varying noise levels in the dataset. To test this,
we create 2 datasets of MRPC with 10% and 30%
noise added. As seen in Table 17, in both the cases
IF Averaging outperformed other baselines. With
the Datalnf configuration performing better for the
10% noise dataset and the LiSSA configuration
performing better for the 30% noise dataset.

Table 17: MRPC 10% and 30% Noise added results
using various methods (top 2 performers in bold).

Method  MRPC 0.1 MRPC 0.3
RAND 70.1 70.8
BSR 70.3 70.3
Cos 70.6 70.6
BM25 73.5 73.0
RAND[COS] 68.6 69.9
— SUR[D,COS] 68.4 69.9
< SUR[L,COS] 68.9 68.9
[ RAND[BSR] 69.1 68.6
A SUR[pBsR] 66.4 69.1
SUR(LBSR] 66.7 71.8
Ug] SUR[D,COS] 75.0 70.3
< SUR[Lcos) 699 76.0
> SUR[D,BSR] 73.8 70.8
SUR[L,COS] 72.1 75.7

C.2 Varying Hyperparameters

Here we provide results for different IF pruning
and IF averaging hyperparameters that we tested
with varying levels of noise in Table 18 and Table
19.

C.3 Effectiveness of IF's

We conduct a toy experiment to evaluate the ef-
fectiveness of IF-based methods in detecting noisy
samples. We introduce 20% noise to the datasets
and compute IF values using the Surrogate Model
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Table 18: MRPC results using various methods and
configurations for 10% and 30% Noise.

Method  MRPC 0.1 MRPC 0.3
RAND[COS] 68.9 69.1
(9] SUR[D,COS] 71.1 69.9
< SUR[L,CUS] 70.6 72.3
~ RAND[BSR] 70.1 68.1
A SURppsr;  70.1 70.1
SUR[LBSR] 71.3 66.7
RAND[COS] 69.9 69.6
[<e] SUR[D,COS] 71.8 69.4
< SUR[L,COS] 71.3 71.3
~ RAND[BSR] 69.4 67.9
A~ SUR[p,BSR] 70.3 71.1
SUR[L,BSR] 72.1 73.0
< SUR[]),C()S] 71.8 69.9
< SUR(L.Cos| 69.4 73.0
> SUR[D,BSR] 72.1 75.4
SUR[L,BSR] 67.4 70.3
Ne) SUR[D,COS] 70.3 73.5
< SUR(L.Cos] 74.3 73.3
> SUR[D,BSR] 70.3 71.8
SUR[L,BSR] 71.3 73.8

Table 19: Noisy ICL Accuracy with different hyper-
parameters for our methods.

Method  MRPC 0.2 QNLI 0.2 SST2 0.2 QQP 0.2
RAND[cos 8.1 68.6 866  70.0
N SUR[D,COS] 67.7 67.2 86.2 70.0
< SUR[L,Cos] 71.3 65.8 86.8 67.2
~ RAND[BSR] 69.1 72.2 85.4 69.8
A SURppsr;  70.3 67.4 81.8 71.6
SUR[L,BSR] 70.1 66.4 85.2 70.8
RAND[cos)  70.1 68.4 870 674
«r SURp.cos)  68.8 69.2 846 706
< SUR[L,COS] 70.6 68.2 86.6 72.6
~ RAND[BSR] 70.8 65.8 86.0 70.8
" SURppsr)  70.6 67.4 84.8 72.0
SUR[L,BSR] 69.4 68.2 87.4 68.4
< SUR[D,COS] 75.7 71.4 91.6 62.6
< SUR(L.Cos| 73.3 67.2 90.6 752
> SUR[D,BSR] 74.3 68.8 89.8 65.2
SUR[L,BSR] 56.6 72.8 78.0 73.0
© SURp.cos)  73.5 69.2 872 662
< SURLcosy  72.1 68.6 846 708
> SUR[D,BSR] 73.5 69.2 94.2 71.8
SUR[L,BSR] 72.3 65.8 94.2 75.4

approach. We then calculate the percentage of
noisy samples in the top 100 values selected by
our IF methods. Results are presented in Table 20

As shown in the table, IF-based methods are
highly effective in identifying mislabeled data, sig-
nificantly aiding demonstration selection in Noisy
ICL.



Table 20: Percentage of noisy samples in the top 100
values selected by IF methods.

Dataset Datalnf LiSSA

MRPC 83%  66%
QNLI 54%  86%
QQP 9%  95%
SST-2 90%  96%

D Memory Consumption

To analyze the added computational costs associ-
ated with IFs, we calculate the maximum GPU
memory consumption while performing demon-
stration selection with the Pretrained Gradients-
Datalnf PREp and Surrogate Model-Datalnf SURp
methods. The experiments are performed on 4
NVIDIA RTX 6000 Ada Generation GPUs. The
maximum memory consumption for Pre-D was
18,188 MiB, while for Sur-D it was 7,998 MiB.
These memory requirements are relatively modest,
and the use of IFs can be justified given the benefits
they provide.

E Scalability to large datasets

For larger datasets, we compare the time taken
to extract test gradients and compute IF for 100
samples, 200 samples, and 1000 samples in Table
21.

Table 21: Time taken for computing test gradients and
influence functions (IF) across different models and
sample sizes.

Model & Samples Test Gradients (s) Computing IF (s)
RoBERTa (100 Samples) 6.7 26.4
RoBERTa (200 Samples) 7.4 35.7
RoBERTa (1000 Samples) 67.8 273.7
Llama-2-13b-chat (100 Samples) 41.0 3.6
Llama-2-13b-chat (200 Samples) 68.5 4.7
Llama-2-13b-chat (1000 Samples) 410.8 354

A 10x increase in sample size corresponds to an
approximately 10x increase in computational time,
indicating a linear relationship between sample size
and computational time.

Finally, in MoT, the computational time of IF can
further be optimized by only computing IF for the
2k shots being pruned by BSR or Cosine similarity
instead of the entire set of training demonstrations.
Another optimization to the Datalnf code could
be replacing their handling of gradients with ten-
sor operations instead of the current dict of dicts
format. This enables the use of GPU processing
for influence computation instead of CPU and can
offer a considerable runtime speedup.
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