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Abstract

This paper explores abilities of knowledge distillation for the purposes of News clustering which also can be
generalized as an event detection task. We used a BERT-based clustering model as a teacher and tested various student
networks based on different architectures (RNN, FFN, convolutional and Transformer-based networks) in order to
get a faster lightweight analogue that is more likely to be deployed in real products. We tried two distillation strategies:
the first one combined an original loss function from the initial model with a distillation objective, for the second one
we used only a specific distillation loss. This approach turned out to be more successful. It let us extend training and
validation datasets and gave significantly better results. One of our distilled models scored about 1% lower than the
teacher network, but is more than 20 times smaller and 5 times faster by inference.
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AHHOTaIHUS

Jlannast paboTa ucciexryeT BO3MOXKHOCTH JUCTHLIALMN 3HAHUH JUIs 33/1a9H KJIacTepU3aluy HOBOCTEH, KoTopast
TaKKe MOXET ObITh pacCMOTpEHa B Oosiee o01eM BUIE KaK 3a/1a4a BbISBICHHS HOBBIX COObITHI. B kauecTe yuurens
MBI UCIIOJIb30BAIM MOJIENb AJIs1 KJIaCTEPU3aLlui, OCHOBaHHY0 Ha apxutekrype BERT, u npotectupoBanu pa3nnuHbie
TUIBI HelpoceTei-yueHnkoB (Ha 6aze RNN, cBepTOUHBIX ceTell, HefipoceTeli ¢ MpsIMOid CBA3BIO M TPAHC(HOPMEPOB),
9YTOOBI TOIYINTH Oostee OBICTPHIN 1 JIETKOBECHBIN aHAJIOT, MOAXOASAIINH JUIS HCIIONB30BaHMS B PEANTbHBIN IPOTYKTaX.
MBbI IpOBEPHIIH JIBE CTPATErHU AUCTIILISMY: B IIEPBOM CIIydae MbI HCIOIB30BAIN KOMIUIEKCHYIO (DYHKIIHIO OTEPb,
COCTOSIIIYIO U3 (DYHKIUH, KOTOPasi IPUMEHSIIACh B UCXOMHON MOJIEIH, ¥ U3 TUCTHIUIIIIHOHHOTO KOMIIOHEHTa. B pam-
Kax BTOPOM CTpAaTeruy Mbl ONTHMH3MPOBAIN TOJBKO creluduueckyo QyHKIMIO MOTeph VIS JUCTHWUISLUHA. DTOT
MOAXO0/ OKa3aics 0osee NpoayKTUBHEIM. OH MO3BOJIMII PACIIMPHUTHh TPEHUPOBOYHBIH U IPOBEPOYHBII HAOOPHI TaH-
HBIX, UTO B CBOIO O0Y€pe/ib IIOMOTJIO JOCTUYb JTy4IIUX pe3yapTatoB. OJHa U3 MPOTECTHPOBAHHBIX MOJENCH-TUCTHI-
JISITOB YCTYIMIIAa OpUTHHAIY nopsaka 1 % B kadecTBe, HO MPH 3TOM MONy4yHiIach 6onee yeM B 20 pa3 KOMIAKTHEE U
B 5 pa3 ObIcTpee npH nHGEpeHce.

KnrodeBble ci10Ba: QUCTHIISLNS; KIACTEPHU3aIMs HOBOCTEI; IUCTHIUTHPOBAHHBIE SMOCIINHTH; ICEBJ0-METKH;
nuctwuisanys 3HaHui u3 BERT
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1. Introduction

As the speed of information spreading boosts, the news clustering problem is becoming more and more
challenging. Besides the accuracy of clustering systems, there are two main demands that’s role is grow-
ing rapidly: optimization of memory/storage and speed-up for deployment of models in real (and mostly
real time) applications.

This paper continues the research started in 2020 within the Telegram Data Clustering contest' and
developed in the Dialogue Evaluation 2021 task on Russian news clustering”. Based on results of work
shown by contributors, supervisors of this competition stated that almost all of the models used by par-
ticipants had been slow and extremely parameter-heavy [1]. They suggested distillation as one of prom-
ising directions for future studies.

In order to find models with good accuracy/speed/memory trade-offs, we experimented with different
student architectures. At the first stage we tested RNN, FFN, convolutional and Transformer-based net-
works. Then, following results of our preliminary experiments, we proceeded with variations of LSTM-
based architecture. As a result, we got a powerful and lightweight model which scored about 1% less
than the teacher model, but outperformed it by inference time (1.5 ms versus 7.8 ms for getting one
document embedding) and was just 31.3 MB versus 679.3 MB in size.

2. Related Work

Knowledge distillation is one of the blooming techniques for model compression and acceleration. First
applications of this approach were shown by Cristian Bucilud and collaborators [2] in 2006, but the
general methodology was introduced in 2015 [3] by Geoffrey Hinton et al. The main idea of distillation
is to build a small student model which can mimic the large one called a teacher. Since the training
process leverages outputs of the original model and doesn’t depend on its architecture, almost any kind
of a student model could be used for knowledge transfer.

There are different forms of student-teacher relations in distillation which could be described in terms
of human beings learning. A student can get knowledge from a single teacher or from a group of them,;
teacher assistants can also take part in this process. Moreover, students can learn from each other (col-
laborative learning).

For their purposes distilled models could be roughly divided into two groups. The first one integrates
task-specific networks. Besides the studies of Caruana and Hinton the work of Raphael Tang et al. [4]
who suggested the way of distilling knowledge from BERT for classification purposes could also be
listed as an example of this approach.

The second group includes multi- and even general-task distilled models. They are aimed at obtaining
more generalized knowledge during the learning process. For instance, in the paper of Yang Ze et al.
[5] this purpose is reached by using multiple teachers to jointly train a single student. Victor Sahn and
collaborators went even further and proposed DistilBERT [6], a distilled version of BERT, which has
the same backbone as its larger counterparts, can be fine-tuned on a range of tasks but is smaller and
performs faster.

Distillation of Transformers has become a usual practice, so nowadays there is a bunch of different
tiny versions of them based on knowledge distillation like DistilGPT2? or Conversational Distil-
RuBERT".

It should be noted that distillation can intersect other ideas of model training. For example, in the
early paper of Bucilud et al. [2] an ensemble teacher was trained on the relatively small data set and then
used to label a large unlabeled data set. A student model was further trained on that labeled data.

This highly relates to pseudo-labeling techniques in self-training and semi-supervised learning. Pseudo-
labels usually denote predicted class probabilities used as if they were true labels [7]. In self-training these
synthetic labels are produced by a teacher model, and then passed to a student model — just like in distil-
lation methodology described by Bucilua. A formal way to distinguish the two approaches is the size of a

! https://contest.com/docs/data_clustering2
2 https://www.dialog-21.ru/evaluation/
3 https://huggingftace.co/distilgpt2

4 https://huggingface.co/DeepPavlov/distilrubert-base-cased-conversational
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student network: as mentioned earlier, the main idea of knowledge distillation is to get a smaller model.
In self-training the same architectures are often used both for teacher and student.

Pseudo-labeling could be used in various general and downstream tasks of NLP. One of its most com-
mon applications now is to handle the problem of insufficient data for pre-training and fine-tuning Trans-
former-based models. Studies (e.g. [8] and [9]) show that self-training can improve their performance.

3. Original Task, Data and Initial Model

As stated above, this work elaborates and enhances some previous ideas on news clustering. The primary
source of data used for the research was the Telegram Data Clustering contest. Its organizers provided
all participants with HTML documents without any additional annotations. To make clustering process
easier, authors of the next related contest (Dialogue Evaluation 2021) took a number of news documents
from this dataset, composed pairs and annotated every pair via a Russian crowdsourcing service Yandex
Toloka. Contributors were asked to determine whether two documents describe the same event or not
[1]. Final markups included 15K annotated pairs for a training set, 8.5K pairs for a public leaderboard
and 8.5K for a private one. The control metrics for the task was F1-score for positive examples in markup
(we further denote it as positive F1 or just F1).

It is important to note that a clustering task could be tackled not only as clustering itself but also as a
news pair binary classification problem, and in fact some contest solutions using classification overcame
clustering-based models. Nevertheless, the clustering approach seems to be more promising for real-life
applications, and the reason is computational efficiency. Classification models require pairwise news
comparison, while by clustering we can simply obtain a document-level representation and use it for a
single neighbor search.

A starting point for this research became a clustering approach proposed by the naergvae team which
participated in the Dialogue Evaluation 2021 and described their work in [10]. They trained a BERT-
based model which could produce a fixed-size embedding vector for every news document. On this
stage a hard triplet loss was used. Output news representations were then passed to the agglomerative
algorithm for clustering.

The general idea of this solution were reproduced” by the organizers of the Dialogue Evaluation 2021
Clustering contest. That reproduction is leveraged for the further distillation experiments described in
this paper.

4. Methodology and Complex Loss Experiments

For our research we chose the following basic approach: for performance acceleration we should build
a lightweight replica of the BERT-based embedder component and pass it to the same unsupervised
clustering algorithm. In all our experiments we used an initial embedder model as a teacher.

For preprocessing of documents we took a pre-trained tokenizer from the teacher model. Partly it was
an empirical decision, but additionally it was supported by previous distillation experiments which
showed [11] that knowledge transfer works better if input embeddings — which depend on input to-
kens — have the same spaces.

After tokenization we passed batches of data through an embedding layer and pushed sequences of
output word vectors to a core part of our student network. Then we used some aggregation function
(more on aggregation in section 5) to get a single output vector for every document. In the end we got
news vector representations of the same size as produced by a teacher model.

As for training objectives, we had two conceptually different schemes which will be detailed below.

4.1. Complex Loss Distillation

The first approach derives from the original work of Tang et al. [4]. They also used a BERT-based
teacher, designed a distilled model for classification purposes and suggested a complex objective com-
bining a traditional cross-entropy loss with a mean-squared-error (MSE) loss between student and
teacher logits (distillation loss).

3 https://github.com/dialogue-evaluation/Russian-News-Clustering-and-Headline-Generation
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We tried to adapt this formula to our case. Instead of a cross-entropy loss we used a triplet loss from
the initial model (teacher). A resulting formula could be schematically described as follows:

L=a- Ltriplet +(1 - - éZi Laistin (D
where o is a balancing coefficient for two components of the loss and L;¢¢;;; denotes a specific distil-
lation loss which is evaluated for every document in a triplet and then averaged.

The idea of the distillation loss for our case was inspired by [12], [13] and [14]. In these studies
student networks distilled the abstraction hidden in teachers by matching their internal representations.
Authors implemented additional losses based on affinity of hidden states. Although in our research we
don’t distill on hidden layers, the final output of both teacher and student models are vector representa-
tions which means we could use resembling loss functions.

Thus, for the distillation loss we took a MSE loss between news vector representations produced by
teacher and student models. It references Tang et al. [4] and partially Romero et al. [12] and Sun et al.
[14] who used different modifications of the MSE. Our distillation loss function was formulated as
follows:

1
Laistin = Lusg =21 (v, —vg,)? (2)

where n denotes dimensionality of vectors v, 7' and S define teacher and student networks respectively.

Following [4], we took an LSTM-based model as a student for our preliminary experiments. A one
directional recurrent network was followed by dropout and two linear layers. The outputs were averaged
to get a resulting embedding. We trained our models with early stopping after 2 epochs of non-decreas-
ing validation loss. Unfortunately, their results were unsatisfactory (see Table 1).

It should be noted that the complex loss approach has some crucial weaknesses.

One of them is how triplets for training are formed. There are pivot, positive and negative examples
in every triplet, and if a news document has no positive pair in the markup, a pivot document itself is
used as a positive example. Moreover, if one document has some positive or/and negative pairs, it reap-
pears in triplets. That leads to inconsistent parameter updates and affects the quality of distillation.

Besides, this approach is strongly dependent on the markup: we can’t evaluate the triplet loss without
relevant news document pairs. The number of annotated pairs turned out to be not enough for proper

training.
Model a F1, public LB | Fl, private LB
Teacher model 94.6% 94.5%
LSTM + 2 linear layers + dropout | 0.5 40.1% 39%
LSTM + 2 linear layers + dropout | 0.2 37% 33.4%
LSTM + 2 linear layers + dropout 1 38.6% 34.7%

Table 1: Results of student models trained with the complex loss (with different a coefficients) on the
Dialogue Evaluation 2021 data for the Russian news clustering task

4.2. Single Loss Distillation (MSE and Cosine Embedding Loss)

Our next step naturally followed the previous one. We decided to exclude the initial loss from our ob-
jective and evaluated difference between news vector representations only. This move let us solve the
problem of insufficient training data (and brought us closer to self-learning technique).

For this approach we could use any relevant documents with absolutely no additional annotations. In
order to get teacher’s pseudo-labels we just needed to pass tokenized texts through the initial model and
get news embeddings as an output.

Theoretically we could enrich our dataset by scraping, but we turned to the content of the original
Telegram contest instead. There were about 690K raw documents, and after removing news from public
and private leaderboards we ended up with almost 650K of them.
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We experimented with two different loss functions. Besides the MSE loss, we tried a cosine embed-
ding loss which was also used as one of distillation objectives in [6] and [13] — as an element that tends
to align directions of student and teacher vectors. This is formulated as:

Laistitt = Leos = 1 — cos(vr , vs) (3)

Since we didn’t want to connect the initial model with a student, we leveraged offline distillation
methodology, i.e. precomputed teacher’s embeddings in advance. Further we were combining them with
the relevant tokenized documents and loading this data to our lightweight model.

In order to prove that the switch to a single loss itself is not enough without additional data, we trained
a student model on the same examples as in previous experiments but didn’t form triplets and applied
just the MSE loss. This model formed too many clusters and showed poor results. For comparison we
also trained a model with the complex loss function with a = 0, which meant that in this case we eval-
uated only Lgisiyy, 1.6. the same MSE loss. On the contrary, this network didn’t form clusters which
indicates an average cluster size and 100% recall. It illustrates how different one loss function works for
triplets and single documents. Scores of both models (and the model trained with the complex loss with
a = 0.5) can be examined in Table 2.

Model Loss Fl, Recall, | Precision, Avg
public | public | public LB cluster
LB LB size,
public LB
Teacher model 94.6% | 95% 94.1% 3.23

LSTM + 2 linear layers + dropout | complex, o =0.5 [ 40.1% | 29.5% 62.5% 1181.18
LSTM + 2 linear layers + dropout | complex,a=0 | 63.1% [ 100% 46.1% 20080
LSTM + 2 linear layers + dropout single (MSE) 57.7% | 41.2% 96.5% 1.85

Table 2: Scores of LSTM-based models trained on the same data (Dialogue Evaluation 2021) but with

different loss functions. F1, recall and precision are evaluated for positive news pairs labeled via Yan-

dex Toloka for the Dialogue Evaluation 2021. For comparison we used examples from the public lead-
erboard. An average cluster size is also evaluated for these news documents.

5. Preliminary Single Loss Experiments

For our preliminary single loss experiments we also started with LSTM-architectures. Then we tried
other recurrent neural networks, convolutional, Transformer-based and feed-forward students.

Besides, we applied different aggregation functions. By default we used average aggregation simply
averaging hidden states/outputs of a main part of the student embedder (not taking into account padding
positions).

We also tested aggregation via simple attention implementation suggested by Raffel and Ellis in [15].
It allows to produce a single fixed-length embedding from an entire sequence by computing an adaptive
weighted average of hidden states/output vectors. This implementation could be formulated as follows:

_ _ exp(er) T
e = a(hy),a; = Z—Ll exp(ek)»c =Xt=1 ach 4)

where a is some learned function, h; is a hidden state of some token #, T is the length of the sequence
and c is a resulting aggregated vector. We will further refer to it as attentive aggregation. In our case
for a function we used a two layer feed-forward network with ReLU activation. Padding positions were
additionally masked with zeros.

One more aggregation function was tested for Transformer-based models, it will be detailed in Sec-
tion 5.3.

Different student models were trained on GPU with a batch size of 128, 20 epochs each.
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5.1. LSTM-based Student Networks

Since the length of news documents is not the same, for proper optimization with recurrent neural net-
works we used masking via packed padded sequences. Then we aggregated hidden states of the sequence
tokens. In some experiments we additionally passed resulting outputs through linear layers. In the end
we got news vector representations of the same size as produced by a teacher model.

We tested both one- and bidirectional LSTMSs, with or without additional linear layer(s), with or without
dropout. We mostly used 128-dimensional token embeddings except experiments where we initialized this
layer with pre-trained embeddings from the initial model. The hidden size of LSTM was set for 128. In
some cases the attentive aggregation method was used. Results of this work are shown in Table 3.

Model Loss F1I public | FI private Size
LB LB
Teacher model 94.6% 94.5% | 679.3 MB
LSTM + 2 linear layers + dropout MSE 91.4% 91.8% 59.3 MB
LSTM + 2 linear layers + dropout Cosine 92.4% 92.6% 59.3 MB
Bidirectional LSTM + 2 linear layers + dropout MSE 92.3% 92.3% 59.9 MB
Bidirectional LSTM + 2 linear layers + dropout Cosine 93% 92.6% 59.9 MB
Bidirectional LSTM + 1 linear layer Cosine 93.4% 92.6% 59.6 MB
Bidirectional LSTM + 1 linear layer / attentive Cosine 93.8% 93.3% 59.8 MB
aggregation

Bidirectional LSTM (2 layers) + 1 linear layer Cosine 93.9% 93.1% 61.1 MB

Bidirectional LSTM (2 layers) + 1 linear layer / Cosine 93.9% 93.4% 61.3 MB
attentive aggregation

Bidirectional LSTM Cosine 92.7% 92.1% 59.4 MB

Bidirectional LSTM / attentive aggregation Cosine 93.3% 92.9% 59.5 MB

Bidirectional LSTM + 2 linear layers + dropout/ MSE 94% 93.5% 354.2 MB
from pretrained

Bidirectional LSTM + 2 linear layers + Cosine 94% 93% 354.2 MB

dropout/ from pretrained

Table 3: Positive F1 scores and size of LSTM-based students in comparison with the teacher model
evaluated on the Dialogue Evaluation 2021 data. Student models were trained with a single loss.

As could be seen, student networks using pre-trained token embeddings demonstrate best results, but
due to dimensionality of these vectors (768) such models have more parameters and are much heavier
than the others. Considering the fact that we were looking for an accuracy/memory trade-off, we decided

not to proceed with that type of architecture.
Besides, we noticed that bidirectional models trained with a cosine embedding loss showed better

scores, so further we experimented mostly with their variations.

5.2. GRU-based Students

To compare different types of recurrent nets, we also tested GRU-based students. We set the same pa-
rameters as for LSTMs and used the most successful configurations from previous experiments. Results
of this work could be examined in Table 4.
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Model Loss FI public | FI private Size
LB LB

Teacher model 94.6% 94.5% | 679.3 MB

Bidirectional GRU + 1 linear layer Cosine 93.4% 93.2% 59.4 MB

Bidirectional GRU + 1 linear layer / Cosine 93.7% 92.7% 59.5 MB
attentive aggregation

Bidirectional GRU (2 layers) + 1 linear layer Cosine 93.5% 93.4% 60.5 MB

Bidirectional GRU (2 layers) + 1 linear layer / Cosine 93.8% 93% 60.6 MB
attentive aggregation

Bidirectional GRU Cosine 93.3% 92.6% 59.1 MB

Bidirectional GRU / attentive aggregation Cosine 93.2% 93.1% 59.3 MB

Table 4: Positive F1 scores and size of GRU-based networks evaluated on the Dialogue Evaluation
2021 data. Student models were trained with a cosine embedding loss.

5.3. Transformer-based Student Models

One more architecture used for our experiments was based on encoder layers of Transformers. We uti-
lized their PyTorch implementation®. Parameter src_key padding mask let us mask padding tokens.

The dimension of the encoder feedforward network was set to 1024. We used 128-dimensional token
embeddings, the number of encoder layers and self-attention heads in them varied.

We stacked encoder layers and added above them a mapping linear layer if encoder outputs and
teacher document embeddings had different sizes. In some cases we also placed ReLU between encoder
outputs and a mapping layer. After that we applied one of the aggregation functions.

In addition to the previously described functions we tested an aggregation methodology inspired by
the BERT paper. Delvin at al. suggested using a special first token of every sequence token ([CLS]) as
the aggregate representation for classification tasks. To get some prediction they pushed it through a
linear layer and an activation function [16].

Since our tokenizer also produces [CLS] tokens, we tried to go the same way except that we added
one more linear layer after activation. An output of this layer was used as a resulting vector. We called
this tactic CLS-aggregation. Results of different experiments with Transformers are shown in Table 5.

Model Loss FI public | FI private Size
LB LB
Teacher model 94.6% 94.5% 679.3 MB
Transformer encoder: 1 layer, 4 heads Cosine 90.9% 90.4% 61 MB
Transformer encoder: 1 layer, 4 heads, ReLU Cosine 90.9% 90.7% 61 MB
Transformer encoder: 1 layer, 4 heads / Cosine 91.2% 90.3% 61.2 MB
attentive aggregation
Transformer encoder: 1 layer, 4 heads / Cosine 89.5% 89.3% 61.3 MB
CLS-aggregation

6 https://pytorch.org/docs/stable/generated/torch.nn. TransformerEncoderLayer.html




Trofimchuk D.

Model Loss FI public | FI private Size
LB LB
Transformer encoder: 1 layer, 4 heads, Cosine 90% 90.6% 30.4 MB
64-dimensional token embeddings
Transformer encoder: 1 layer, 8 heads, ReLU Cosine 90.9% 90.3% 61 MB
Transformer encoder: 2 layers, 8 heads Cosine 90.8% 90.6% 62.3 MB
Transformer encoder: 2 layers, 4 heads Cosine 90.1% 90.1% 62.3 MB
Transformer encoder: 2 layers, 4 heads / Cosine 90.7% 89.7% 62.4 MB
attentive aggregation
Transformer encoder: 2 layers, 4 heads / Cosine 89.6% 89.7% 62.5 MB
CLS-aggregation

Table 5: Positive F1 scores and size of Transformer-based student models evaluated on the Dialogue
Evaluation 2021 data. Models were trained with a cosine embedding loss.

5.4. Other Student Networks

We also conducted some experiments with convolutional, feedforward neural networks (FFN) and
RNN-based embedders as students.

For convolutions two strategies were tested, both of them applied combinations of convolutions and
pooling-layers. For the first strategy (CNN-1) we used pooling to reduce dimensionality of each se-
quence to 1. After convolutions and pooling-layers we added a mapping layer in order to transform the
size of a resulting vector and make it equal to a teacher embedding.

For the second approach (CNN-2) we gradually increased the number of convolutional filters to get
a target size of a resulting vector. The other dimensions were shrunk via pooling.

Our FFN student embedders were constructed from simple linear layers with ReLLU activations. For
every next layer we doubled the number of output features. At the top of this FFN we put a mapping
layer and then applied average aggregation.

Additionally we experimented with a bidirectional RNN. It had the same parameters as LSTM and
GRU students. Results of these experiments are reported in Table 6.

Model Loss FI public LB | FI private LB Size
Teacher model 94.6% 94.5% 679.3 MB
CNN-1 MSE 88.8% 88.9% 58.4 MB
CNN-2 MSE 84.5% 85.6% 59.1 MB
FFN (3 layers + mapping) Cosine 91.2% 89.5% 62 MB
FFN (2 layers + mapping) Cosine 87.9% 87.9% 59.5 MB
Bidirectional RNN + 1 linear layer Cosine 91.3% 90.7% 58.9 MB

Table 6: Positive F1 scores and size of convolutional, feedforward and RNN-based student networks.
Models were trained with a cosine embedding loss and evaluated on the Dialogue Evaluation 2021 data.
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6. Search for Best Model

Given the results of preliminary experiments, we turned our attention to three most promising student
networks: bidirectional LSTM with 2 recurrent layers, bidirectional GRU with 1 recurrent layer and
bidirectional GRU with 2 recurrent layers. In all of them a recurrent part was followed by aggregation
and a linear layer (by default average).

In these experiments we used ReduceLROnPlateau scheduler’ with a starting learning rate le-3 and
patience equal to 2. We also used early stopping with activation after 3 epochs of non-decreasing vali-
dation loss. Batch size was set to 128.

At first, we tested three models with a cosine embedding loss. For two of them that showed higher
scores we experimented with a MSE loss. Since this loss function gave us slightly better results, we used
MSE for two experiments with the attentive aggregation.

At the end, we decided to check if reducing a token embedding size would drastically affect the
quality of a distilled model. For this purpose we built a bidirectional GRU with 2 recurrent layers and
the attentive aggregation but used 64-dimensional token embeddings instead of 128-dimensional. As
expected, it almost halved the size of our model. However, results of this student network dropped to
some extent.

Comparison of distilled models with the initial one is presented in Table 7.

Model Loss | FI public LB | FI private LB Size

BiLSTM (2 layers) + 1 linear layer Cosine 93.7% 93.4% 61.1 MB

BiGRU (2 layers) + 1 linear layer Cosine 93.7% 93.1% 60.5 MB

BiGRU (1 layer) + 1 linear layer Cosine 93.3% 92.7% 59.4 MB

BiLSTM (2 layers) + 1 linear layer MSE 93.6% 93.7% 61.1 MB

BiGRU (2 layers) + 1 linear layer MSE 93.8% 93.3% 60.5 MB

BiLSTM (2 layers) + 1 linear layer / MSE 93.8% 93.6% 61.3 MB

attentive aggregation

BiGRU (2 layers) + 1 linear layer / attentive | MSE 93.9% 93.7% 60.6 MB
aggregation

BiGRU (2 layers) + 1 linear layer / attentive | MSE 93.5% 93.5% 31.3MB

aggregation / 64-dimensional token

embeddings

Table 7: Comparison of student models obtained on the last stage of experiments.
By default 128-dimensional token embeddings were used. Models were evaluated on the
Dialogue Evaluation 2021 data.

7 https://pytorch.org/docs/stable/generated/torch.optim.Ir_scheduler.ReduceLROnPlateau.html
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Table 7 shows that results of models are relatively close, so it would be incorrect to state that one
student definitely outperforms the rest. A choice of the best distilled model is a matter of discussion, but
we suggest that bidirectional GRU-based models (BiGRUs) with 2 recurrent layers and the attentive
aggregation are rather useful for practical issues. The BIGRU with 128-dimensional token embeddings
gave the highest positive F1 score on two leaderboards. At the same time the network with 64-dimen-
sional embeddings was the smallest in size. Assuming that a small additional drop in quality is not
crucial, we would denote the second model as the most successful distilled student.

The scheme of training and inference of a network of this type are shown in Figure 1.

Training ; Inference

Distillation loss Agglomerative
R clustering

| Document embedding | __________________

Student
embedder

| Document embedding |

A

| Linear layer I

/’,;J \
\ Y\ o ‘(—‘J ay 7
. . ey of ) &
Attentive aggregation .

Teacher embedder ; G hy h hg| <<+« |hp
BiGRU (2 layers)

2
<=’l>
Schematic of simple
attention mechanism (see
Raffel, 2016)

Token embeddings
layer

Tokenized news
document

Figure 1: Architecture and training/inference flow of the BiGRU-based distilled model.
The scheme of attentive aggregation depicts formula (4) from the paper [15] of Raffel et al.
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To emphasize an effect of distillation we also trained the same models on the labeled data with the
original triplet loss. Additionally, we fine-tuned on the original task three distilled BERT-based models:
Conversational DistilRuBERT, RuBERT Tiny® and RuBERT Tiny-2°. Their results can be examined in
Table 8.

Model FI public | FI private Size Inference time
LB LB per document
Teacher Model 94.6% 94.5% 679.3 MB ~7.8 ms
BiGRU Student 93.9% 93.7% 60.6 MB ~1.5 ms
(128-dimensional token embeddings)
BiGRU Student 93.5% 93.5% 31.3MB ~1.5 ms
(64-dimensional token embeddings)
BiGRU without distillation 63.2% 62.9% 60.6 MB ~1.5 ms
(128-dimensional token embeddings)
BiGRU without distillation 55.7% 61% 31.3 MB ~1.5 ms
(64-dimensional token embeddings)
RuBERT Tiny 83.8% 82.7% 453 MB ~0.6 ms
RuBERT Tiny-2 90.3% 91.1% 111.7 MB ~0.6 ms
DistilRuBERT 90.7% 91% 406.6 MB ~1.3 ms

Table 8: Comparison of two distilled models (BiGRU Students) with the teacher model and other
networks: BiGRU-based models with the same architecture as the students but trained using the
original triplet loss without distillation (rows 4 and 5) and distilled BERT models for Russian
language fine-tuned on the original Russian news clustering task (rows 6—8). Models were evaluated
on the Dialogue Evaluation 2021 data. Reported inference time per document was estimated by
averaging inference time for all tokenized documents in the public leaderboard dataset. Models were
tested on GPU Tesla P100 PCle.

7. Conclusion

Thus, we got a student model which is practically as accurate as its teacher but is smaller and faster. For
reproducibility we published its training code at our repository'’. Compression by more than 20 times
seems to be rather productive — like significant growth of inference speed. This model is much more
adaptable for real-life purposes.

Nevertheless, it should be noted that the distillation objective used in our experiment is totally de-
pendent on the original model. This means that such an approach doesn’t let us get a student model
which could overcome its teacher. The search for a formula that could combine distilled knowledge with
some complementary correction work (and wouldn’t need extra data labeling) should be a promising
path for further studies. Moreover, it would also be efficient to try different distillation methods on the
news clustering approaches based on classification solutions.
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