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Abstract

The knowledge distillation-based approaches have recently
yielded state-of-the-art (SOTA) results for cross-lingual NER
tasks in zero-shot scenarios. These approaches typically em-
ploy a teacher network trained with the labelled source (rich-
resource) language to infer pseudo-soft labels for the unla-
belled target (zero-shot) language, and force a student net-
work to approximate these pseudo labels to achieve knowl-
edge transfer. However, previous works have rarely discussed
the issue of pseudo-label noise caused by the source-target
language gap, which can mislead the training of the student
network and result in negative knowledge transfer. This pa-
per proposes an discrepancy and uncertainty aware Denoising
Knowledge Distillation model (DenKD) to tackle this issue.
Specifically, DenKD uses a discrepancy-aware denoising rep-
resentation learning method to optimize the class representa-
tions of the target language produced by the teacher network,
thus enhancing the quality of pseudo labels and reducing
noisy predictions. Further, DenKD employs an uncertainty-
aware denoising method to quantify the pseudo-label noise
and adjust the focus of the student network on different sam-
ples during knowledge distillation, thereby mitigating the
noise’s adverse effects. We conduct extensive experiments on
28 languages including 4 languages not covered by the pre-
trained models, and the results demonstrate the effectiveness
of our DenKD.

Introduction

Named Entity Recognition (NER) is a fundamental infor-
mation extraction task that aims to identify and classify
text spans into predefined entity classes. Recently, tremen-
dous advances in deep learning have propelled NER towards
SOTA performance (Ge et al. 2023; Huang et al. 2023).
However, the success of these deep learning-based meth-
ods depends on large-scale, manually annotated data. Due
to the lack of labeled training data, most languages have yet
to benefit from these technical advances. In consequence, re-
searchers begin to focus on cross-lingual transfer learning in
zero-shot (no annotated data) scenarios, proposing various
approaches (Huang, May, and Peng 2019; Bari, Joty, and
Jwalapuram 2020; Plank 2021; Guo et al. 2022). These ap-
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proaches effectively transfer language-independent knowl-
edge from high-resource (source) languages to zero-shot
(target) languages and are expected to achieve good perfor-
mance for target languages.

Among these, the knowledge distillation-based ap-
proaches have yielded the most remarkable results and
gained widespread attention (Wu et al. 2020a; Liang et al.
2021; Chen et al. 2021; Zeng et al. 2022; Ma et al. 2022;
Ge et al. 2023). These approaches typically train a teacher
network with the source language to infer pseudo-soft labels
for the target language, and then force the student network to
mimic the teacher’s inference to transfer knowledge. Since
soft labels contain valuable information (e.g., inter-label re-
lations) (Hinton et al. 2015), the student network can per-
form better than the teacher network in the target language.

However, due to the language gap between source and
target languages, the teacher network that only accesses the
ground-truth labels of the source language inevitably infers
low-quality (noisy) pseudo labels for the target language. If
these noisy pseudo labels are directly utilized for knowl-
edge distillation, they will mislead the training process of
the student network, resulting in negative knowledge trans-
fer (Feng et al. 2021). Only a few works have focused on this
issue. RIKD (Liang et al. 2021) combines multiple data fea-
tures to filter low-valuable target data, and AdvPicker (Chen
et al. 2021) picks target samples similar to the source data
for knowledge distillation. These methods attempt to reduce
noise via data selection. Unfortunately, the pseudo labels of
the selected samples still contain different-level noise (Xu
et al. 2022; Qin et al. 2022), which can confound the opti-
mization of the student network. Furthermore, these meth-
ods neglect to improve the quality of pseudo labels that de-
termines the accuracy degree of knowledge transfer.

In this paper, we propose an Denoising Knowledge
Distillation model (named DenKD) to mitigate the noise
issue via enhancing the pseudo labels’ quality and adjust-
ing the student network’s focus on different samples. Firstly,
DenKD introduces a discrepancy-aware denoising represen-
tation learning method to enable the teacher network to
learn discriminative representations for the target language.
In general, better representations lead to better classifiers
(Zhou et al. 2020; Wang et al. 2021b), yielding higher-
quality pseudo labels. In addition, to further mitigate the
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damage from noise contained in pseudo labels, DenKD em-
ploys an uncertainty-aware denoising method to quantify the
noise of pseudo labels and precisely adjust their impacts on
the student network.

Specifically, studies based on learning from noisy data
reveal that, if different neural networks have large predic-
tion discrepancies for the same sample, this sample tends
to be a noisy sample, i.e., one with a noisy pseudo label
(Venkat et al. 2020; Du et al. 2021). Therefore, we adopt
a two-classifier teacher network and employ the prediction
discrepancy between two classifiers as guiding signals to
identify noisy samples and optimize their representations in-
spired by (Saito et al. 2018). On the one hand, we encourage
these two classifiers to maximize the prediction discrepancy
to identify as many noisy samples as possible. On the other
hand, we force the encoder of the teacher network to mini-
mize the prediction discrepancy to avoid being identified as
noise samples. With this max-min adversarial training mech-
anism, the teacher network will be forced to create discrimi-
native representations for the target language, thereby reduc-
ing the target language pseudo-labelling noise.

Additionally, we rely on uncertainty to quantify the
pseudo-label noise for each target sample, with higher un-
certainty values indicating higher pseudo-label noise and
poorer reliability. In detail, we apply Monte-Carlo Dropout
(Gal and Ghahramani 2016; Mukherjee et al. 2020) to our
teacher network and use the variance of the teacher net-
work’s multiple predictions as the uncertainty of pseudo la-
bels. During the knowledge distillation, the pseudo-label un-
certainty is employed as the weight of distillation loss to dy-
namically adjust the focus of the student network on differ-
ent samples, thereby mitigating the negative impact of noisy
samples on the student network.

Contributions: (1) We propose the DenKD model for
zero-shot cross-lingual NER tasks, which improves the
model’s performance on the target language by mitigating
the negative knowledge transfer issue caused by the pseudo-
label noise. (2) We present a divergence-aware denoising
representation learning method to improve the quality of
pseudo labels provided by the teacher network for the tar-
get language. (3) We propose an uncertainty-aware denois-
ing method to reduce the negative impact of pseudo-label
noise on the student network during knowledge distillation.
(4) Experimental results on 28 languages, including 4 lan-
guages not covered by the pre-trained models, validate the
effectiveness of our DenKD model.

Related Works
Cross-Lingual NER

Various strategies have been investigated to tackle the
zero-resource challenge for cross-lingual NER, such as
translation-based (Xie et al. 2018; Liang et al. 2021), direct
transfer-based (Wu and Dredze 2019; Wu et al. 2020c), and
knowledge distillation-based approaches (Wu et al. 2020a;
Liang et al. 2021; Chen et al. 2021; Zeng et al. 2022; Fu
et al. 2022). The direct transfer-based methods yield inferior
results, since the target data has not been effectively utilized.
The translation-based approaches rely on high-quality trans-
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lation resources, which is arduous in practice. The knowl-
edge distillation-based methods, which encourage the stu-
dent network to learn knowledge from the teacher network,
achieve the most appealing results, with recent advances
such as MSD (Ma et al. 2022) and ProKD (Ge et al. 2023).

Only a limited number of works have considered
the pseudo-label noise issue in knowledge distillation.
RIKD (Liang et al. 2021) employs various data features to
select valuable target data, but the majority of the filtering
factors, like sentence length and entity number, have no cor-
relation with the label noise. AdvPicker (Chen et al. 2021)
uses the degree of feature alignment with the source lan-
guage for target data selection. Unfortunately, the selected
samples are all similar to the source data, which can exac-
erbate the bias of the teacher network towards the source
language and thus hinder the model’s performance in the tar-
get language. ContProto (Zhou et al. 2023) corrects pseudo-
labels generated by the teacher via prototype learning, which
is essentially clustering-based representation learning, and
will inevitably introduce noise. Moreover, it only adjusts
the pseudo-labels already produced, neglecting to improve
the ability of the teacher network to produce high-quality
pseudo-labels, which we believe is essential.

Knowledge Distillation

Knowledge distillation(Hinton et al. 2015) enables knowl-
edge transfer from the teacher network to the student net-
work via enforcing the student network to mimic the logit
output of the teacher network. It has now been widely
used in areas such as model compression(Liu et al. 2022),
machine translation (Wang et al. 2021a), and relation ex-
traction (Tan et al. 2022). Wu et al. (2020a) pioneers
the use of knowledge distillation architectures for cross-
lingual NER tasks and achieves surprising performance.
Since then, researchers in this field have focused on knowl-
edge distillation-based approaches and developed various
improvements(Zeng et al. 2022; Fu et al. 2022). Following
the previous works above, this paper employs the knowledge
distillation architecture as the backbone for cross-lingual
NER. The main issue addressed in this paper is the pseudo-
label noise in knowledge distillation resulting from the lan-
guage gap, which is rarely mentioned in previous works.

Methodology

This paper follows the previous works (Wu et al. 2020a; Ge
et al. 2023) and models the NER task as a sequence label-
ing problem, i.e., given a sentence x = {x;} X, assigning a
single label y; to each token z; and obtaining y = {y;}%
with L denoting the sentence length. For cross-lingual NER

in zero-shot scenarios, given labelled source language data
N

Dy = {(x5,,Y3,) } oy and unlabeled target language data
D; = {(x!,)}N,, the goal of this task is to build a good

NER model in the target language, with the training on la-
beled source language data D, and unlabeled target dataD,.

Overall Architecture

As shown in Figure 1, our model DenKD follows a knowl-
edge distillation architecture and consists of two main com-
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Figure 1: Model Architecture. The DenKD mitigates the noise issue from two aspects: (1) enhancing the pseudo labels’ quality,
and (2) adjusting the student network’s focus on different samples.

ponents, namely (1) the denoising representation learn-
ing module for the teacher network, which utilizes a
discrepancy-aware representation learning method to reduce
the noise of pseudo-labels inferred by the teacher network
for the target language, and (2) the denoising distillation
module for the student network, which uses an uncertainty-
aware denoising method to further mitigate the adverse ef-
fects of noise on the student network. Afterward, we elabo-
rate on our DenKD using the two primary methods in these
components as clues.

Discrepancy-aware Denoising Representation
Learning

In this part, we adopt a teacher network with two classifiers
and exploit the prediction discrepancy between them for tar-
get samples to guide the teacher network’s representation
learning through adversarial training between the encoder
and two classifiers, inspired by (Saito et al. 2018). Thus,
we can repeatedly identify noisy samples and optimize their
representations. Eventually, our teacher network can gener-
ate discriminative representations for target language.

Concretely, our teacher network contains a multilingual
encoder E and two classifiers C; and C5 with the same
structure but distinct initializations.

Encoder Formally, given an input sequence = {z;}L,
the encoder maps this sentence into a multilingual shared
semantic space, and outputs its semantic representation h:

h = E(x; ¢) ey

where b = {h;}L , with h; denoting the representation of
token x;, and ¢ is the encoder parameters.

Classifiers We pass this representation h into C and Co,
which are both a two-layer MLP followed by a softmax
function. Then, two sequences of probability distributions
are obtained:

p1 = Ci(h;01), p2 = Cz(h;03) (2)
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where p1 = {p1:}L o and p2 = {p2;}Z . The p1 ; and ps ;
represent the probability produced by classifier Cy and Cs
for token z;. The 6, and 6 indicate the learning parameters
of two classifiers.

Source Language Loss To optimize the encoder and two
classifiers of the teacher network, firstly, we resort to the
gold label of the source language and employ the cross-
entropy loss to perform training, expressed as:

ZZM@@

where N, indicates the number of the sentences in dataset
Dy, and y; represents the gold label for token 2. Note that,
for classifiers Cy and C5, we optimize them separately us-
ing the Equation 3. Subsequently, we can obtain the trained
teacher network with two classifiers.

Lcr(o,0) 3)

Prediction Discrepancy Loss Since the two classifiers are
initialized differently and optimized separately, they nat-
urally generate a prediction discrepancy for the same in-
put. Intuitively, given a target language token z!, relying on
Equation 1 and 2, we can obtain its two dlfferent soft labels
pi; and ph ;. Thus, the prediction discrepancy loss of these
two classifiers for the target samples can be defined as:

sz p117p2z

D; =1

EDLS ¢ 91a92 (4)

where d(, ) is the metric function of the prediction discrep-
ancy for one token. This paper models the prediction dis-
crepancy as the L1-distance between the probability outputs
of two classifiers. Note that, we can also use other metrics to
measure this discrepancy, but it is not this paper’s focus.
Afterward, we can incorporate the unlabeled target sam-
ples into the training of the teacher in an adversarial way.

Maximize the Prediction Discrepancy In general, the
target samples near the decision boundaries of C; and Cj,
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are more likely to be noisy samples, which are easily mis-
classified by different classifiers (Han et al. 2018; Saito et al.
2018; Zheng et al. 2021). Also, the predictions of the above
two classifiers for these samples differ significantly. Based
upon this, we resort to updating the parameters of these two
classifiers to maximize their prediction discrepancy to detect
as many noise samples as possible:

(61,05) = areg I;IaX Lpis(6,01,62)

&)

where 61, 6, and gZ; indicate the optimal parameters.

Minimize the Prediction Discrepancy Meanwhile, the
target samples far from the decision boundaries tend to be
samples with high-quality pseudo labels, for which the two
classifiers differ less in their predictions, or even perform
consistently. Considering this, to avoid being detected as
noise samples by these two classifiers, we depend on train-
ing the encoder to minimize the discrepancy to generate tar-
get features away from two decision boundaries. The objec-
tive can be expressed as:
¢ = arg;nin Lpis(9,01,062) (6)

Ideally, according to Equation 5 and 6, we can itera-
tively train the encoder E' and two classifiers C; and Cs.
In practical implementation, the above adversarial learn-
ing can be realized by inserting a gradient reversal layer
(GRL) (Ganin et al. 2016) between the encoder and two clas-
sifiers. The GRL is a constant transform in forward propa-
gation, while in backward propagation, it reverses the gra-
dient signal by multiplying a fact —\ to the subsequent
layer gradient. As such, updates for maximizing the dis-
crepancy via classifiers and minimizing it via the encoder
can be performed simultaneously when the gradient passes
through. Note that, to ensure stable training (Long et al.
2018), we follow the previous work (Ganin et al. 2016) and
let A = Trom(= 10 /Epo)) — 1. The Epo is the number of
total training epochs, and e is the current epoch. As e in-
creases, the A changes from 0 to 1.

To this end, the total loss function for training the teacher
network with labeled source data and unlabeled target data
can be expressed as:

Ltea(¢7 ela 92) = ECE(¢7 915 92)
— Lpis(61,62) + ALpis(¢)

Uncertainty-aware Denoising Knowledge
Distillation

In this section, we employ an uncertainty-aware pseudo-
label denoising strategy in the student network to further
mitigate the negative impact of pseudo-label noise during
knowledge distillation.

N

Uncertainty Estimation Specifically, we rely on uncer-
tainty to model the pseudo-label noise, where more signifi-
cant uncertainty indicates higher noise. We follow the same
motivation for training teacher networks: different neural
networks have more difficulty making consistent predictions
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for noisy samples than for clean samples (samples with high-
quality pseudo labels). Consequently, we propose using the
variance of the teacher network’s multiple predictions to es-
timate the uncertainty of pseudo labels.

To achieve this, we apply Monte-Carlo Dropout (Gal and
Ghahramani 2016), the recent advances in uncertainty esti-
mation (Mukherjee et al. 2020), to our two-classifier teacher
network, to obtain multiple prediction values.

In more detail, we use dropout after different hidden lay-
ers in our trained teacher network and forward propagate
M times to perform inference. This allows us to sample M
masked model weights {¢,,,, 0,, }}_, obeying the Dropout
distribution (Srivastava et al. 2014), and each m corresponds
to a sub-model T'eacher™. This sub-model, integrated with
the two classifiers C'; and Cs, yields 2 predictions pizn and

py”" for one input target language token . The above pro-
cess can be formalized as follows:

t,m _t,m

Pri P2 Teacherm(xﬁ)

®)

Overall, M times of inferences produce 2M prediction
values. Afterward, we use the mean of these predictions
as the pseudo-silver label p¢ for the token x! to guide the
knowledge distillation learning. The pseudo-silver label p’
can be denoted as:

M

— t,m t,m
pi = M (pl,i + D2 ) )

m=1

Meanwhile, we use the variance of these predictions
Var(p! ) to estimate the uncertainty of the pseudo label of

token a: , denoted as:
M
Var(ph) =Y (077 =P+ (057 — P01 (10)
m=1

Here, when performing uncertainty estimation, we utilize
prediction variance generated by Monte-Carlo Dropout (for
short Monte-Carlo variance) instead of two-classifier dis-
crepancy. The reason is that our two classifiers, trained ad-
versarially, will make consistent predictions for the samples.
In contrast, since Monte-Carlo Dropout is equivalent to in-
tegrating multiple models for prediction, the Monte-Carlo
variance is more sensitive to label noise and fits more ac-
curately (see Section Uncertainty-Estimation Strategy Study
for details). As the Monte-Carlo variance involves forward
inference T times, requireing some time cost, we did not em-
ploy it for teacher network training.

Denoising Knowledge Distillation To transfer NER
knowledge to the student network, we depend on the clas-
sical knowledge distillation learning (Hinton et al. 2015) to
force the student network to mimic the pseudo silver label
pt. In particular, the student network utilizes the same de-
sign as the teacher network, with the difference that only
one classifier is added after the encoder.

To further reduce the negative impact of noisy target
samples, we rely on the pseudo-label uncertainty of each



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Methods az bg cy da eu hr hy hu ko ms nl pl ro sh
FTDT (2019)  66.03 77.80 58.85 83.10 62.98 7890 52.12 76.03 57.38 70.74 82.55 80.65 76.56 57.25
Single-TS (2020a) 67.23 78.98 59.48 84.47 64.16 80.02 53.56 76.72 58.94 7222 83.80 81.86 78.53 59.81
RIKD (2020a) 68.11 79.71 60.85 84.83 65.71 80.13 55.17 77.32 58.03 72.92 84.65 82.14 78.54 59.51
AdvPicker (2021) 68.67 78.02 57.39 8593 63.51 76.78 52.49 76.13 59.25 7090 84.27 82.28 76.77 59.28
DualNER (2022) 68.64 79.20 61.78 85.11 65.13 80.27 5592 77.46 5748 71.10 84.36 82.11 79.91 60.71
MSD (2022) 71.84 79.03 62.24 84.71 65.41 82.12 56.22 76.57 61.44 71.61 84.23 82.46 76.81 58.35
ProKD (2023)  71.79 80.18 61.71 85.85 71.89 82.85 62.58 80.40 61.31 76.53 84.73 82.60 80.82 74.50
DenKD (Ours) 75.75 80.84 73.19 86.33 74.54 83.53 65.20 80.71 62.51 74.04 85.69 83.39 83.20 75.17
Methods fr es ru zh de ja pt hi ka af eo no zh-yue Avg
FTDT (2019)  80.20 74.55 64.09 43.85 78.64 29.82 80.95 64.79 64.68 77.29 58.02 76.50 42.68 67.30
Single-TS (2020a) 80.38 77.18 66.02 45.60 79.96 31.19 82.26 65.26 66.20 78.14 59.64 79.72 4553 68.22
RIKD (2020a) 81.20 77.79 65.63 47.38 80.20 31.49 82.66 65.69 66.83 78.00 59.30 76.67 45.34 69.10
AdvPicker (2021) 79.91 77.81 68.28 53.02 79.72 37.62 80.92 70.00 68.37 70.00 60.58 73.65 50.47 68.59
DualNER (2022) 80.92 78.42 65.06 47.84 80.17 31.07 82.87 66.24 67.28 77.29 59.46 7692 4546 69.20
MSD (2022) 81.16 75.75 67.71 4797 80.62 33.34 82.82 66.34 69.23 79.68 61.33 79.74 4831 69.89
ProKD (2023)  81.45 79.19 65.59 51.80 79.74 33.72 83.83 70.72 69.07 68.26 59.94 77.29 50.71 71.45
DenKD (Ours) 82.34 84.68 69.35 55.62 82.50 37.90 85.30 69.76 69.30 80.40 61.39 8295 50.19 73.92

Table 1: The comparison in token-level F1 value (%) of different methods. The best results are displayed in bold.

sample to dynamically adjust the weight of distillation
loss. In detail, for each target sample involved in distil-
lation, we weight its original distillation loss using a fac-
tor exp(—Var(pt)) that is negatively correlated with uncer-
tainty. If a sample’s pseudo label has high uncertainty, this
factor will return a small value to reduce its loss. Thus, the
distillation loss can be formulated as:

L
Lop()= 57 3 ot~ ) - exp(~Var(s)))

x€Dy1=1
(11)

where ¢! denotes the probability distribution produced by
the student network. 1 is the student network’s learning pa-
rameters. Following previous works (Yang et al. 2020; Wu
et al. 2020a), we use the MSE loss to measure the prediction
difference between the teacher and student networks.

After the weighting operation, the student can focus more
on samples in which the teacher is more certain (lower vari-
ance) and ignore more uncertain samples (higher variance),
thereby mitigating the negative impact of noisy samples.

Experiments and Analysis
Experiment Setting

Datasets We employ a wildly-used benchmark NER
dataset Wikiann (Rahimi, Li, and Cohn 2019) for experi-
ments, which is annotated with LOC (location), PER (per-
son), and ORG (organisation) tags. For each language-
specific dataset, we have the standard training, development,
and evaluation sets. We chose 28 language datasets for our
experiments, containing 4 low-resource languages, namely
Esperanto (eo), Norwegian (no), Serbo-Croatian (sh), and
Cantonese (zh-yue), which the pre-trained model has not
been specifically trained on.
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For preprocessing, we utilize the word piece (Wu et al.
2016) to tokenize words and label sub-words via the BIO
scheme. We take English as the source language and others
as the target language, respectively. To simulate the zero-
shot scenario, we train the model on the labeled source and
unlabeled target language training sets, validate the model
on the source language development set, and evaluate the
model on the target language test set.

Implementation Details Following previous work (Wu
et al. 2020a; Ge et al. 2023), we adopt the pre-trained mul-
tilingual BERT (Pires et al. 2019) as the language encoder
and utilize the token-level F1 value as the evaluation metric.
For all experiments, we perform five runs to present the aver-
age performance. We leverage Adam (Kingma and Ba 2015)
as the optimizer, and set the maximum sequence length to
128, the dropout to 0.5, and the batch size to 128. We utilize
the grid-search way to obtain the optimal super-parameters,
including the learning rate selected from {le — 5,5e — 5}
and the number of Monte Carlo inferences M selected from
{10, 20, 30, 40, 50}. Following previous studies (Chen et al.
2021; Ge et al. 2023), we freeze the parameters of the em-
bedding layer and the bottom three layers of the multilin-
gual BER during training, and we only consider the first
sub-word tokenized by word-piece in our loss function. For
the implementation of the baseline and SOTA models, we
utilize the original open source code from their papers, in-
cluding the FTDT L Sing-TS 2 AdvPicker 3 and MSD *.
For RIKD, DualNER, and ProKD, we reproduce the model
according to the description of their papers.

"https://github.com/shijie-wu/crosslingual-nlp
*https://github.com/microsoft/vert-
papers/tree/master/papers/SingleMulti-TS
3https://github.com/microsoft/vert-
papers/tree/master/papers/AdvPicker
*https://github.com/Mckysse/MSD
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Methods fr es ru zh de ja pt hi ka af eo no zh-yue Avg
DenKD 82.34 84.68 69.35 55.62 82.50 37.90 85.30 69.76 69.30 80.40 61.39 82.95 50.19 70.12
DenKD,, /o . 81.59 79.86 66.28 46.95 81.12 33.85 83.68 67.07 68.32 78.64 60.22 79.78 46.36 67.21 (2.91)
DenKD,,;, yp 82.09 82.53 68.61 54.47 81.38 36.73 84.52 68.23 68.77 79.76 60.35 82.01 49.48 69.13 (/0.99)
DenKD,,/ rcp 81.88 84.59 69.10 55.46 79.86 37.36 85.02 69.63 69.13 79.93 60.42 82.59 49.77 69.60 ({0.52)
DenKD,,; or 82.17 84.14 69.03 53.88 81.84 37.86 85.28 69.33 69.08 80.30 61.21 82.67 49.88 69.74 (]0.38)

Table 2: Ablation studies on model components.
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Figure 2: DenKD can enable the teacher network to learn better discriminative class representations, thereby reducing the target
language pseudo-labelling noise. Different colours represent different classes.

Evaluation Results and Analysis

Baseline and SOTA We compare our DenKD with several
related methods, (1) FTDT (Wu and Dredze 2019): a base-
line method that only uses the pre-trained model to direct
transfer; (2) Single-TS (Wu et al. 2020a): a vanilla knowl-
edge distillation method; (3) RIKD (Liang et al. 2021): a de-
noising knowledge distillation method that iteratively selects
valuable data for training; (4) AdvPicker (Chen et al. 2021):
a SOTA denoising knowledge distillation method that se-
lects target samples similar to the source language; (5) Dual-
NER (Zeng et al. 2022): a multi-task knowledge distillation
method that combines sequence tagging and span prediction
tasks into a unified framework; (6) MSD (Ma et al. 2022):
a multi-channel knowledge distillation method that con-
structs multiple channels between the teacher and student.
(7) ProKD (Ge et al. 2023): a SOTA knowledge distilla-
tion method that employs the prototypical class-wise align-
ment and prototypical self-training to acquire language-
independent and language-specific knowledge. Note that,
we do not compare our DenKD with methods that use ad-
ditional resources, e.g., UniTrans (Wu et al. 2020b) utilizes
machine translation to augment data, ContProto (Zhou et al.
2023) employs large amounts of unlabelled data to improve
the generalisability of the model.
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Performance Comparison As shown in Table 1, DenKD
yields the best results for most target languages. Com-
pared to the most competitive method, ProKD, our method
improves on the average F1 by 2.47%. For instance, for
the Spanish(es) language, our method outperforms ProKD
by 5.49%. In particular, compared to the denoising SOTA
method, Advpicker, our average F1 is 6.87% higher. Ana-
lytically, ProKD overemphasizes class prototype alignment
and disregards class representations learning, which pre-
vents it from producing high-quality pseudo labels for target
samples. Advpicker attempts to reduce noise by data filter-
ing, however, it disregards that picked samples still contain
noise. Our method, in contrast, considering both the qual-
ity of the pseudo labels and the pseudo-label noise of each
sample engaged in distillation, achieves superior results.

Ablation Study To explore contributions of different fac-
tors, we conduct ablation experiments with four vari-
ant models. (1) DenKD,,/, r1, removes the discrepancy-
aware representation learning in teacher network train-
ing. (2) DenKD,,;, yp wipes out the uncertainty weight-
ing for sample loss during knowledge distillation. (3)
DenKD,,, tcp utilizes two-classifier discrepancy instead of
Monte-Carlo variance to estimate pseudo-label uncertainty.
(4) DenKD,,,; o1 employs one inference of the teacher net-
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Figure 3: Pseudo-Label Quality Study.

work as the silver pseudo label instead of multiple predic-
tion’s mean.

As observed in Table 2, the F1 score of DenKD,,, r1
drops by 2.91% compared to DenKD. This indicates that
model’s discriminative representation learning for target
data can effectively improve the model’s generalization to
this language, as it can improve the quality of the pseudo la-
bels, benefiting the optimization of the student network. The
F1 value of DenKD,,/, yp decreases by 0.99% compared
to DenKD, which well validates the effectiveness of noise
reduction using pseudo-label uncertainty. DenKD .,/ tcp is
0.52% lower than DenKD, indicating that our Monte-Carlo
variance can model noise better. The slightly lower F1 value
for DenKD .,/ o1 than DenKD suggests that combining mul-
tiple predictions can result in higher quality pseudo labels
than single prediction.

Visualize Token-Level Representations To demonstrate
that our teacher can learn better representations for the tar-
get language, we randomly select 200 token samples for
each class from target data for visualisation experiments. We
feed them to the teacher of DenKD,,/, r1, and DenKD to
obtain token-level representations, respectively. Then we vi-
sualize these representations using T-SNE (Van der Maaten
and Hinton 2008) and display the results in Figure 2, where
different colors represent different classes. As observed, the
representations obtained by DenKD,, /, gy, have significant
overlap between different classes, resulting in indistinguish-
able classes. Even in some languages, most classes are over-
lapping and miscellaneous, e.g., Japanese (ja). Owing to
discrepancy-aware representation learning, our teacher can
reduce sample overlap between classes and produce more
distinct class representation boundaries.

Pseudo-Label Quality Study To verify that our teacher
network can improve the quality of pseudo label for the
target language, we report the predicted F1 of the teacher
networks of DenKD and DenKD,, /, gy, for eight target lan-
guages (Figure 3). For a teacher, a higher F1 value indicates
a closer prediction to the gold label, and then the pseudo-
label produced by this teacher will be more accurate. As ob-
served, the teacher of DenKD outperforms DenKD,, /, rL
in F1 value across the board, for example, by a large margin
on Spanish (es) and Chinese (zh) language. This is because
our teacher can learn discriminative representations for tar-
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Figure 4: Noise and Uncertainty Curves.

get samples by adversarially identifying and reducing noisy
samples, thus improving the quality of pseudo labels.

Uncertainty-Estimation Strategy Study This part com-
pares two strategies for uncertainty estimation: the two-
classifier discrepancy and Monte-Carlo variance. Firstly, we
employ our trained teacher network to generate pseudo la-
bels for the target samples. Then we compute the LI distance
between the obtained pseudo label and gold label for each
sample, and use it as the pseudo-label noise (real noise). Tak-
ing French (fr) as an example, we select the top 10000 noisy
samples sorted by the real noise to depict the noise curve
(blue). Also, we utilize the two-classifier discrepancy and
Monte-Carlo variance strategies to estimate the pseudo-label
uncertainty of these samples, with the uncertainty curves
shown in Figure 4. As observed, the two-classifier discrep-
ancy (red) essentially fails to model noise, as the discrep-
ancies between the two classifiers approach 0 after max-
min adversarial training. In contrast, the uncertainty curve of
Monte-Carlo variance (purple) follows the same trend as the
noise curve, indicating that Monte-Carlo variance can accu-
rately measure pseudo-label noise. This conclusion is also
supported by the ablation experiment with DenKD,,; Tcp
0.49% lower than DenKD in the average F1 value.

Conclusions and Discussions

This paper proposes a novel cross-lingual NER model
DenKD to alleviate the pseudo-label noise caused by the
language gap in knowledge distillation. DenKD proposes
a discrepancy-aware representation learning method to im-
prove the quality of pseudo labels. Furthermore, DenKD
proposes an uncertainty-aware denoising method to mitigate
noise’s adverse effects. Extensive experiments on 28 lan-
guages demonstrate the effectiveness of our approach.
There are some potential limitations in this study. First,
we employ a Monte Carlo approach to perform M-
inference when performing pseudo-label uncertainty eval-
uation, which inevitably results in additional time costs.
Second, the core of our approach is a knowledge distilla-
tion architecture consisting of the teacher and student net-
works. Compared to traditional direct transfer-based and
translation-based methods, our approach will additionally
increase the memory consumption of the GPU. However,
these limitations do not affect the effectiveness of our model.
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