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Abstract

Recent advancements of in-context learning (ICL) show language models can significantly improve their performance when
demonstrations are provided. However, little attention has been paid to model calibration and prediction confidence of ICL in cross-
lingual scenarios. To bridge this gap, we conduct a thorough analysis of ICL for cross-lingual sentiment classification. Our findings
suggest that ICL performs poorly in cross-lingual scenarios, exhibiting low accuracy and presenting high calibration errors. In
response, we propose a novel approach, N2C2, which employs a k-nearest neighbors augmented classifier for prediction confidence
calibration. N2C2 narrows the prediction gap by leveraging a datastore of cached few-shot instances. Specifically, N2C2 integrates
the predictions from the datastore and incorporates confidence-aware distribution, semantically consistent retrieval representation,
and adaptive neighbor combination modules to effectively utilize the limited number of supporting instances. Evaluation on two
multilingual sentiment classification datasets demonstrates that N2C2 outperforms traditional ICL. It surpasses fine tuning, prompt
tuning and recent state-of-the-art methods in terms of accuracy and calibration errors.
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1. Introduction

In-context learning (ICL) has significantly enhanced the performance of pre-trained language models (PLMs) on
few-shot tasks [3, 9, 23]. For instance, in cross-lingual learning, high-resource languages (e.g. English) can be explored
to address data-scarce challenges in low-resource languages [17, 34, 31, 44].

Despite the progress made in ICL and its successful applications in cross-lingual scenarios, there is a noticeable
gap in understanding the reliability of ICL methods in such tasks, i.e. how reliable their confidence predictions are.
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Fig. 1. Illustration of cross-lingual nearest neighbor inference with k = 3, which makes a prediction from 5 candidate words.

Specifically, there is a gap in assessing the consistency between model confidence and accuracy across different
multilingual models [19, 41, 52]. Previous works in multilingual ICL often construct prompt-contexts using randomly
selected input-label pairs [20, 37, 45]. While some efforts have been made to improve context selection in cross-lingual
ICL [34], the focus has predominantly been on performance enhancement rather than reliability. One exception is the
study conducted by [1], which investigates classical calibration techniques, such as temperature scaling, to mitigate
calibration errors in multilingual classification tasks. However, that work concentrates on the calibration of fine-tuned
multilingual models, yet it does not explore how this impacts the efficacy of cross-lingual ICL.

To bridge this gap, we start by assessing the performance of ICL on the cross-lingual sentiment classification (CLS)
dataset [29]. In this setting, the context is provided in English while accuracy and calibration errors are evaluated on
unseen languages. To measure the calibration error, we leverage the expected calibration error (ECE) [24], which
measures the difference between confidence and accuracy, thus evaluating the model’s reliability in cross-lingual ICL
scenarios. Our study on CLS reveals subpar performance achieved by conventional ICL in both accuracy and calibration
erTors.

To tackle this challenge, we propose N2C2, a method that enhances the accuracy of conventional ICL while reducing
the expected calibration error. N2C2 identifies examples in the source language, which support predictions in the
target language (Fig. 1) based on three criteria: (a) accurate retrieval, (b) robustness of retrieved examples with limited
training data, and (c) preference for retrieved examples with higher confidence.

To achieve criterion (a), N2C2 stores masked representations of each example in the source language, which are
then transformed into retrieval-specific representations of lower dimensionality. For criterion (b), we develop a dynamic
weighting mechanism in a trained neural network to adjust the importance of rertrieved examples, rather than relying
on a fixed top-K retrieval approach. To satisfy criterion (c), we integrate confidence into the probabilities derived from
retrieval, rather than solely relying on distances obtained from retrieval. We evaluate N2C2 on the MARC and CLS
datasets, with experimental results showcasing its superiority over existing baselines across various settings.

2. Related Work

Calibration Recent efforts have been made on the calibration of pre-trained language models [10, 6, 15,9, 29, 2, 4, 46].
Particularly relevant are investigations by [1, 13], which explore the performance of various existing post-training
calibration methods in cross-lingual classification and structure prediction tasks. Additionally, the study on contextual
calibration by [42] calibrates ICL predictions through bias probing and conditional prediction reversal. However, all
these works do not evaluate multilingual models’ calibration under the ICL setting.

Multilingual Prompt Learning Reference [37] demonstrate the multilingual capabilities of language models trained
on English data by using a few English examples as context and evaluating their performance on non-English data.
Recent studies optimize prompts for cross-lingual ICL with multilingual PLMs [12, 41, 26, 34, 47, 51]. However, their
focus is on retrieving useful demonstrations from the source language and concatenate them with target examples to
enhance cross-lingual ICL performance. In contrast, our approach retrieves and utilizes labeled training examples to
aid predictions on target samples.



96 Jie He et al. / Procedia Computer Science 264 (2025) 94—-103

Retrieval in In-Context Learning Previous studies show the benefits of selecting demonstration examples closely
resembling the test input, particularly when ample training data is available [7, 21, 22, 48, 50]. Reference [21] retrieve
the nearest training examples to the test input, employing unsupervised and supervised methods. Reference [23] and
[31] use nearest neighbor search to incorporate additional data for zero-shot inference by retrieving sentences closely
related to the test input. Closer to our approach, Reference [27] and [39] enhance monolingual classification using kNN
retrieval, but they do not address calibration in retrieval-augmented multilingual models. In contrast, our proposed
retrieval-augmented approach is specifically designed for cross-lingual in-context learning.

3. Background

Task Formulation Our key interest is cross-lingual ICL. Let s be a source language, we use X and Y to respectively
denote the sets of input examples and their corresponding labels in s. We consider a monolingual labeled dataset
D = {(x], y)}, with m sampled examples, where x] € X; and y! € Y;. Let 1 be a target language, with X; as above. We
consider the set of sampled examples D, = {xs.};?:l , with n samples from X;. For cross-lingual ICL, we randomly choose
1-shot per-class input-label pairs from Dy as a prompt-context Cs: Cs = n(xj,y}) , where x is the prompt template. The
cross-lingual context Cy is concatenated with the prompted input to form the input /; for the multilingual PLM:

I; = C; @ n(x;, [MASKD) (D

(¥, [MASK]) = ¥, It is [MASK]. (2

where @ is the concatenation operator. The multilingual PLM is responsible of predicting masked tokens in the input /;
and providing probability estimates p for all possible candidate words. For a candidate label y over the label space Y,
we determine the predicted class y by selecting the verbalizer v(y) with the highest probability.

Ensemble-based Cross-lingual ICLL.  We mainly use the XLM-RoBERTa (XLM-R) model, which is limited by
the input length, so we uniformly apply an ICL ensemble method across different shot settings [13]. This approach
involves partitioning Dy into m > 0 demonstration sets Dy = D; U D, U ... U D,, to create different prompt contexts and
combining the predictions from these m prompts. Specifically, for calculating the prediction of the target example x;,
we compute % w1 POIx!, vy, x;).

Calibration for Cross-lingual ICL.  Calibration refers to the alignment between a model’s assigned probability
(confidence) for a prediction and the true measure of its correctness (accuracy) [25]. In other words, given an input
x, the ground truth y and a prediction J, the perfectly calibrated confidence conf(x, $) will satisty: Vp € [0, 1], P() =
y | conf(x,¥) = p) = p. The expected calibration error (ECE) is a widely used metric to asses miscalibration that
quantifies the difference between the expected confidence and accuracy [24].

4. Our Method: N2C2

Overview. Our method consists of four steps, cf. Figure 2. First, the masked representations generated by
multilingual pre-trained language models (MPLMs) are used to represent sentences after passing them through an
MLP layer for semantically consistent retrieval representation (§4.2). Second, we retrieve a training set by finding
the k-nearest examples (§4.1). Third, we assign higher weights to the examples with higher prediction confidence, to
assist in the test input prediction (§4.3). Finally, to enhance the robustness of our method, instead of relying solely
on a fixed number of top-K predictions, we divide K into {K;, K>, ..., K;} and train a lightweight network to merge the
results from these different K; (§4.4). For training these lightweight networks, we split the training set into two equal
parts: one for retrieval and another one for updating the modules.

We explain N2C2’s steps through an example, following Fig. 2. Task: Binary sentiment classification, labels 0, 1.
Input: A target language test example x’ and source examples x,iell, 6] with corresponding labels 0, 1, 1, 0, 1, 0. In
Step (1), the MASK representation of the test example is transformed nonlinearly to obtain the representation h. In Step
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Fig. 2. Diagram of N2C2 with k = 16. N2C2 first reconstructs hymask](§4.2) for the test example in the target language, and selects neighbors (§4.1)
for it. It then consider confidence to generate multiple distributions (§4.3). These distributions are summed up together to form the final predicted
distribution (§4.4).

(2), we calculate the similarities s;, i € [1, 6] between h and the representations x;. We will only use the top 4 retrieved
examples, so we only consider sy, 2, 53, 54 (Which are the top 4 examples here) in the next two steps. In Step (3), we
consider the model’s confidence in the predictions for these four retrieved examples together with their distance to
refine the generated retrieval distribution: distriy = [po, p1], where distriy denotes the nearest top 4 retrieved examples
and p;, i € {0, 1}, a probability class. In Step (4), to enhance flexibility and robustness, we consider the top 4 examples
(note that 4 is a hyperparemeter) and additionally the top 2. This yields answer distributions dis, and disy4, respectively.
We additionally train aweighting module to gauge the importance of different answer distributions. The final predicted
answer distribution is obtained as w; X distri, + wy X distriy.

4.1. Inference with kNN Retrieval

To do inference on a test example x’]., we use Equation (2) to obtain the vector representation h;., corresponding to
its [MASK] position. Subsequently, we derive the kNN-based prediction distribution pynn over the label space Y by
considering the nearest neighbors:

—d(h, ')
PN o D Loy exp(———) 3)
(S y))EN,

where d denotes the Euclidean distance, N; denotes the set of K nearest neighbors, and 7 is a temperature parameter used
to control the sharpness of the softmax function. The final prediction distribution for label y is obtained by interpolating
two distributions, with the interpolation factor A being tuned within the range of [0, 1]:

pOIY) = (1 =) panOIX) + 2+ pvpim (ylx;-)

Additionally, following the concept of ensemble ICL (§3), we aggregate the outcomes from various demonstrations for
each test instance during the inference stage.
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4.2. Semantically Consistent Retrieval Representation

We esttimate the representation h; of example xz. using Eq. (2). During the inference phase, for a test instance, we
use its representations to retrieve the top K instances from the source training language, along with their corresponding
labels. However, to deal with a situation in which retrieved instances with similar representations have different labels,
we incorporate a straightforward linear layer that helps to distinguish such instance representations by leveraging the
supervision provided by all training instances: h’j = th; + b, where W € RF*Z and b € R? are trainable parameters,
with Z representing the new dimension of the representation space. The purpose of this linear module is to ensure,
by maximizing the kNN retrieval probability defined in Eq. (3), that representations belonging to the same class are
semantically similar. To achieve this, we optimize the linear layer by minimizing the cross-entropy loss associated with

Eq. (3).
4.3. Confidence-Aware Distribution Construction

After computing the kNN distribution with h; using Eq. (3), we observe that the weights assigned to the retrieved
examples are solely based on their distance to the query. However, this approach is suboptimal as it does not consider
the confidence of the model. To address this, we introduce the confidence-aware distribution (CD) module, which
assesses the importance of each retrieved pair (x7, y}). This assessment is then used to refine the kNN distribution,
ensuring that the probabilities are adjusted accordingly. Specifically, the kNN distribution for example x;. is constructed
through the following process:

—d(hi 1)
PNOR) & Y Ly exp(———" +0) “)
(hiyeN, T
T = W (tanh(W5[d4, ...,duy;01,...,0u])) (®)]
C= W3(tanh(W4[P0’f|X§); pO;1Ix)HD) (6)

In the calculation of C we consider two types of information: 1) p(y; |x’i), which denotes the predicted probability of y?
by the multilingual PLM, given the mask representation h;., and 2) p(y]|x}), which denotes the predicted probability of

y; for the retrieved sample x;. The variable d; represents the L2 distance between the query h;. and the retrieved sample
h}, while o; denotes the number of unique values among the top i neighbors. The Ws are the the parameter matrices.

4.4. Adaptively Combining Multi-Candidate Retrieval Sets

Using a fixed value of K in Eq. (3) can be problematic, especially when there are insufficient relevant items in the
training sets. To enhance the robustness of N2C2, we adopt a technique proposed by [43, 49]. This approach involves
considering a range of K values that are smaller than a predefined upper bound, K,,.,. Additionally, we introduce a
lightweight network to assess the importance of using different selections, thereby minimizing the inclusion of irrelevant
neighbors. In practice, we simplify the choice of K by opting for multiples of 4 (denoted as R;), which includes K = 0
(corresponding to solely utilizing multilingual PLMs). The lightweight network evaluates the importance of various
kNN retrieval outcomes by using the retrieved neighbors as inputs.

More specifically, for a given test instance with a demonstration x;, we begin by retrieving a maximum of K,
neighbors from the source language s. Then, we compute the distances between these neighbors and the current
representation, as well as the count of distinct values in the top i neighbors denoted as o,. The calculated distances
d = (d,..,dg,,) and counts ¢ = (cy, ..., ¢x,,,) serve as inputs for determining the optimal value of K. The rationale
behind considering the distances of each neighbor lies in the direct evidence they provide for assessing their importance.

Furthermore, we incorporate the label counts o;, following Eq. (5). The distribution weight estimation network,
denoted as DWE(-), comprises two feed-forward layers with a non-linear function in between. Specifically, we set
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the hidden size to 32. The probability of selecting a particular value of K is calculated using the following formula:
p(K Ix’j) = softmax(fpwe([d, c])). Instead of relying solely on the hyperparameter A as defined in Equation 4.1, we
employ the importance estimation network to combine the outputs of PLMs and various kNN predictions as the final
prediction:

PO = > pMIK) - piay, O1%) @)

MEeR;

5. Experiments

Datasets We evaluated N2C2 and baselines on two datasets: Multilingual Amazon Reviews Corpus (MARC) [16] and
Cross-language sentiment classification (CLS) [29].

Table 1. Main results for the baselines and our method, reported as Accuracy T (%) / ECE | (%). b is the number of training samples per class (i.e.
b-shot). “Avg.” is the average result for all languages. We report the mean results across 20 runs with random restarts. The subscript represents the
corresponding standard deviation.

b Lang ICL ICL + CC FT PT X-InSTA X-InSTA* N2C2
MARC
De 2806437 /2800.8¢0  27.84431/19.00.50  21.28504/53.92, 184  2653,15/5570504  20.36/71.65  27.84/80.54  29.09.50/14.97,44
, En 3242.50/230047  3116,35/2200,5  2096.03/5553:009  3170419/5672,50  2212/57.89  43.66/69.51  3256,57/1159,37
Zh  2490,56/3200400  25.5745/2200430  2237.10/54004199  2206,09/59.605,7  1924/5438  36.14/3979  26.79,]g/1571,5¢
Avg.  2706157/30.00444  2745.1g/20.50513 237,07 /5457106 264898 /57.03,3  2051/6082  3390/5225 2874, /155757
De  2658,33/32.00590  286455/22.00560  27.98,19/53.03,157  2657.15/6282.61  1958/7372  27.12/7807  3413,3/794.5g
4 En 3LS8.3%/25000g0 204,34 /2400, 261541 4/51004037  27.80417/6256560  2224/5639  4524/7373  3665.34/573124
Zh  2333,53/36004100  27.97490/2500,.60  2245.13/4896,043  23.67.3/6564,73  2048/50.64  36.68/3934  32.50,59/7.80,3
Avg.  25.59.30/3367.45  2932413/22.67.1¢ 24395 6 /535644 4 25.07, 16 /6432515 20.62/60.33  34.07/5251 33314, 7/809,1¢
De  2738,40/29004100  2891.94/23.00,80  25.70407/5383517,  3104419/6219,55  1968/71.66  2648/7632  35.08,1g/15.07,3
g B0 3237.44/2200,50  3281455/2400,5) 3062419 /57.99,78 3300411 /61344 2220/5701  d5.14/77.55  39.18,13/9.87.55
Zh 23828 /34004 10 2797415 /27.00,80 26.5310.8 /5977167 2848, 14 /648051  2230/5266  37.10/39.07  33.05.17/13.69,5¢
Avg.  2620,31 /3100448  29.61115/23.33 15 2859, 1.9 /552043 3 30.18,17/63.25,3  2091/6033  3382/52.54  34.36,54/1509,59
De  2736440/27.004100  30.61.33/21.00470  3692,96/48.69,174  3646490/5639,48  19.68/6407  2562/7607  371.75,53/1094,59
16 En o 3220443/2000470  3271.56/17.004s50  2842410/5099,54  37.00.15/56.7839  2134/5238  44.00/7648  4285.14/569.27
Zh  23.64,95/31.005 100 282818 /250047¢ 3253,18/57.10,45 3182,93/59.84,57  23.06/5545  3696/3888  35.10,57/949,45
Avg. 2616431 /2867,41  30.23414/20.07,5¢ 31784217 /53.05,3 5 337940 /5794513 2091/5894  33.05/51.66  37.07.35/10.89,35
De  2755.40/19004100  22.53:37/21.004¢ 3878415 /5572407 3916394 /549437 1992/6024  2454/7580  4159,5¢/4.35,5,
3 En 32I5.45/1900.80  22.57.54/1800,40 39314100 /5445,4 3 4051519 /5456,5  1992/6024  43.42/7522 4479, /272,13
Zh  238l,56/21.00400  21314]9/25.00470 369,91 /53.03 6.4 355096 /582337  1832/6926  37.06/39.02 398751 /412,55
Avg.  2620430/19005 15 2238106 /20.17,0 4 3690417 /5408, 1 g 3750418 /5584, 3 22.04/4973  3257/5116 407253 /457,19
CLS
En  2955,80/27.004100  3023474/37.004110  2503.66/40.57.917 3308485 /62.13,117  1540/49.19  5215/73.01  30.46.53/18.50,59
2 Fr 1841,36 /4000570  2249,55 /4300470  27.53.59/4099,044  3185.9/62415145  3420/50.61  33.10/44.36 20513 /29436
Avg.  2172,46/3625.6)  24.20,35/4275.39 248551 /42151 g 318319 /6249, 3  2472/5464  3812/53.82  22.96.43/26.66,47
En  29.60,7¢6/2200590  27.10440/38004130  40.85.53/40.72, 150  37.59:48/56.13,¢.5 1525/475  54.05/7557  3534,4,/1588,5g
4 F 2178430 /2600460  24.02,34/40.005130 4118, 58/46.07,75 39.4d,477/5289,65  3490/5375  3485/4260  27.29.50/2255,5¢
Avg.  2350,36/2475.3  24.50,1 ¢ /40.50,] g 3924, 19 /4482, 5 38.52,10/5398, 3  2491/5698  39.11/53.56  28.68.4(/20.84,3
En  27.57.7,/17.00,80  27.23,51/39004130  3724499/3895,95 3869493 /485114 15.15/4636  52.60/7630  42.85,47/930,4;
8 Fr 18.53,33/2600,5¢ 242060 /44001180 3469190 /44835104  33.09457/49.12,55  3525/5533  3590/42.65  3558,33/1322,43
Avg.  2154337/23.00443 2556411 /42.005) | 3157464194476 33.04,16/49.765 15 24.35/57.50  38.75/53.02  36.78137/12.46,1 9
En 2732475 /31004100  25.10443/39.004100  42.0350(/5020,46 483,47 /514450  15.15/4641  5255/7496  47.64,5/656,5
16 Fr 18.67,31 /4000470  21.80,50/43.001110 39314701 /49113009  3848.44/57.19,5)  3560/5520  3490/42.62  41.64,5/8.00 4
Avg.  2137.35/3725.4  2265.15/4175,16  3600.54/37485176  4085.54 /5406153  2492/57.52  38.56/52.60  4399,3/7.61. ¢
En  2669.69/2800500  22.53.43/31.00560  5127.55/36.07,110  4898,56/4662,33  15.15/4512  5145/7491 556350 /4.50,13
2 Fr 18.67,33/37.00,7)  2024139/3200470 2704, 46/1407,9  40.54,33 /514241  35.65/5561  3530/40.61 437337 /483,34
Avg. 212535 /340043  2092,13/3175.08  39.95.80/3538413 444243 /493341y  24.48/57.32  3829/51.86  47.27,49/531.97

Baselines We compared N2C2 with the following cross-lingual language models: (1) In-Context Learning (ICL)
[3]: this method utilizes b input-label pairs from the training data and employs in-context learning. (2) Contextual
Calibration (ICL+CC) [42]: this approach addresses prediction bias in ICL by introducing a content-free input “N/A”;
(3) Fine Tuning (FT): this method uses a classifier head that takes the [CLS] token as input and fine-tunes over MPLMs
with the classification head; (4) Prompt Tuning (PT) [30]: a prompt-based fine-tuning method that utilizes manual
prompts and fine-tunes over MPLMs. (5) Cross-lingual In-context Source-Target Alignment (X-InSTA) [34]: it
prepends the top-K similar in-context samples which are retrieved from the training samples augmented with task
alignment.
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Table 2. Ablation study results for N2C2. Results are reported as Accuracy T (%) / ECE | (%). The p-value is calculated by two-tailed t-tests.

Language N2C2 (1) W/o CD (2) W/o retrieval representation shaping (3) W/o DWE
MARC
De 3775493 /1094, 59  37.07.54/1235,59 36.1641 0 /48241 37.99,95/16.18,6.4
En 42.85,14/569. 7 42,10, ¢ /690, g 3809, 19 /491, 4333, 4 /11.06,3 ¢
Es 3450490 /128854 33.76,19/1445,50 3395,16/449,16 3490459 /17456
Fr 3351450/ 170164  3292,17/1850,43 33.07419 /57241 9 34.06,5.( /223047 1
Ja 3872493 /9.36448 37.98,18 /1037436 34.85,9 1 /526499 39.3749 1 /1492460
Zh 3510451 /949,45 3439, 15/1062,3 5 3345,1 4 /4821 4 3574401 /141753
Avg. 37.07,3,/1089,35  3637,34/12.20,4 34.94,1'9 /5.00,0 4 37.56,35 /160138
p-value - 8.6e-01 / 1.0e-02 3.4e-02/ 1.1e-02 5.8e-04/6.1e-07
CLS

De 46.15,69 /7.84440 450247 /84044 3 421,66 /719,36 45.85,70/11.79,5.4
En 47.64,95/656,7 6 46.37,23 /788406 4341441/519405 4899404 /11.52,4 5
Fr 41.64,5( /8.00,4 ¢ 40.71,54 /909,46 41.20,5 /58845 | 41.01,48 /979,55
Jp 40.5213 /805509 39.6613. /8.82:0 4 33.65123 /625505 40.8743.0 / 14.6614 4
Ave. 43.99,3 /.61, ¢ 42.94,33 /855, 5 40.62,45 /613,08 441843 /119415
p-value = 1.7e-01 / 3.6e-02 9.6e-02 / 1.9¢-02 6.9e-01/2.3e-02

To ensure fairness, we used XLM-R as the base model, but we also present results for the variant X-InSTA*, using
XGLM-7.5B [20].

5.1. Main Results

Table 1 offers an overview of the performance of N2C2 alongside the baselines. From Table 1, it is evident that
N2C2 outperforms all baselines in terms of accuracy. N2C2 performs very well across all datasets, achieving an average
4.2%, 3.24% accuracy improvement over the strong baseline (PT) on the MARC and CLS datasets, respectively, with
only 8, 16 and 32 shots. In addition, it is noteworthy that that the effectiveness of the X-InSTA model does not increase
with the number of shots, whereas our method shows a continuous improvement as the number of shots increases, even
surpassing X-InSTA* when b = 32.

Particularly remarkable is N2C2’s performance in terms of ECE, with an average decrease of 10.53% and 16.47%
when compared to the strongest baseline on the MARC and CLS datasets, respectively. Another important observation
is that while the baseline methods show varying degrees of improvement in accuracy with the increase of training data,
their ECE does not consistently decrease and in some cases even exhibits a slight increase. In contrast, our proposed
method demonstrates a consistent decrease in ECE.

Only when compared to X-InSTA*, which is 60 times larger than XLM-RoBERTay,., and when compared to
fine-tuning and prompt-tuning methods with limited data (b = 2 or 4), our method does not perform better. However, it
is important to note that the CLS dataset suffers from class imbalance, where the number of instances belonging to two
classes is approximately half of those in the other two classes.

Overall, N2C2 exhibits superior performance over baselines in both accuracy and ECE across all datasets, demon-
strating consistent improvement with as the training data increases, although facing challenges with class imbalance in
some cases.

5.2. Ablation Study

Table 2 outlines ablation experiments for N2C2 (XLMR-base). In Variant (1), removing the confidence module (4.2)
results in a loss of 0.7% and 1% accuracy on MARC and CLS, respectively, along with an increase of 1.3% and 1.1%
in ECE. Variant (2) involves kNN retrieval in original feature spaces (4.1), leading to a significant 3% accuracy drop for
both datasets, yet lower ECE.In Variant (3), fixing retrieval results to the top 8 examples maintains accuracy but notably
increases ECE by 5% and 4% on MARC and CLS, respectively. Overall, the confidence-aware distribution construction
module can improve accuracy and calibration, while retrieval representation shaping and the weight estimation network
(DWE) can aid calibration.

5.3. Comparisons With Other Calibration Methods

Given the effectiveness of N2C2 in reducing ECE, we are interested in examining the performance of classic
calibration methods for cross-lingual scenarios. Specifically, we consider the temperature scaling (TS) technique [8]
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Table 3. Calibration Errors for XLM-RoBERTay,,se When using different methods for calibration.

Dataset Methods FT PT N2C2
Vanilla 53.05.3 57.94,1 3
LS 45.36 42.04

MARC +5.01 +0.87 10.89
TS 43.87.0.82 57.94,1 41 +3.5
LS +TS 3593, 150 42.04,() g7
Vanilla 3748,17¢ 54.0647 3
LS 29.91 4024

+18.17 +2.36
LS g 062660 H406s5g0 | 01206

LS +TS 27174317 40.24,5 36

and label smoothing (LS) [33]. As both methods require training, we solely focus on fine tuning and prompt tuning, and
calculate the average results across all languages under 16 shots.

We can observe in Table 3 that both methods significantly reduce the ECE. An exception is the application of
temperature scaling during prompt tuning, where its effectiveness is limited. This occurs probably because in prompt
tuning (before applying softmax) the probabilities of the retrieved labels are extremely small. Despite the effectiveness of
these two classical calibration methods, N2C2 consistently outperforms them by a considerable margin. This indicates
the robustness and superior performance of N2C2 in achieving enhanced calibration compared to other approaches.

6. Conclusion

In our study, we have investigated the performance of multilingual models in cross-lingual ICL scenarios, revealing
a notable deficiency in both performance and calibration. To address this, we propose N2C2, a cross-lingual ICL
technique that leverages examples from the source language. We conduct experiments on two multilingual sentiment
classification datasets, comparing our method with strong baselines and popular calibration methods. The results show
N2C?2 significantly improves the performance in terms of accuracy and expected calibration errors. Furthermore, our
ablation studies demonstrate the contributions of each module within our framework, providing deeper insights into
their role and impact. Importantly, our approach exhibits scalability, proving effective even with larger models. Our
proposed method not only provides a substantial improvement in cross-lingual ICL, but also offers insights for future
research in more effective cross-lingual learning strategies.
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