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1. Introduction

The community question answering (CQA) platforms, such as Stack Overflow (SO), have
become the primary source of answers to most questions in various topics. CQA platforms
offer an opportunity for sharing and acquiring knowledge at a low cost, where users, many
of whom are experts in a specific topic, can potentially provide high-quality solutions to a
given question. The main problem in CQA platforms is delivering the appropriate content to
the best possible audience. Usually, many questions remain unanswered or poorly answered
because experts do not receive related questions. In this project, we aim to solve this problem
using a combination of deep neural networks with a hierarchical attention-based network
[1]. First, we learn the latent user and question features from the deep neural network.
Next, we learn each question’s text feature with the Word2Vec embedding model [2] and
feed it to a hierarchical attention-based network to create a dense embedding of the question
text. This network utilizes two separate attention layers to learn the importance of words
and sentences [3]. Finally, we combine these features to perform the task of recommending
questions to the users. The latent user and question embeddings are fused using our novel
deep learning architecture. Our preliminary results showed that our approach improved
expert recommendation and outperformed the baseline methods.

2. Methods

This section proposes the Hierarchical attention-based Expert Recommendation (HER)
framework, which learns the question representation based on the question tags, words, and
sentences and determines the user representation based on the interactions between users
and questions and available static features in the dataset. The architecture of HER is shown
in 1.

HER uses a deep neural network (DNN) to capture user and question static features and
interactions to create a dense representation of non-text data available in the Stack Overflow
dataset. The deep neural network (DNN) component consists of several hidden layers to
extract the latent features and a dropout layer to help the model generalize and avoid
over-fitting. This DNN component introduces two major hyper-parameters in our model:
the dimension of hidden layers and dropout rate, which was optimized using a validation
dataset. After learning the user and question latent features using the user and question
metadata, we learn the question texts’ features using a hierarchical approach. We first train
a Word2Vec [2] model that enables us to find semantically similar words by computing the
cosine similarity between word vectors. We use the gensim [4] library to train Word2Vec
model. We set the length of the vector to be 100, as [5] suggests. We leave this vector
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Figure 1. HER Architecture

trainable in the learning phase to have a fine-tuned vector based on our data. Now we have
all the inputs available. As shown in Figure 1, HER has two separate parts with different
inputs. The first part is DNN to find a dense representation of the user and question
static features and interactions we call it Dense Encoder. The second part is learning a
dense representation of question texts. We call it Hierarchical Encoder. In the following
paragraphs, we will describe these two parts.

2.1. Dense Encoder

HER utilizes a deep neural network (DNN) to extract the latent user and question fea-
tures. It contains a large set of hidden layers, each has a specific number of units to help
extract latent features. We set the number of hidden layers to 1024, and for each layer,
we decide to have 1024 units. The dropout rate for the dropout layer is set to 0.2. These
hyperparameters are tuned based on the validation set. The output of this DNN is as same
as the units per layer. Therefore, we added a fully connected layer on top to have one
number as the final output. We used the sigmoid activation function to bound this number
and made it comparable to the other part of our architecture.

MLP (V,AFunc) = AFunc(WV + b) (2.1)
Our DNN consist of multiple Multi-layer Perceptron (MLP), Where V is the input vector,

W is the weight matrix, b is the bias, and AFunc is the activation function.

2.2. Hierarchical Encoder

The first layer in Hierarchical Encoder is word embedding. We use the Word2Vec model
to convert each word to a vector. Because Stack overflow has a limit of 150 characters
for question title and virtually no limit on the question body, we choose 12 words as the
maximum length of each sentence and a total of ten sentences in every question. Our
experiments showed us the essential words in every question usually happen in the first few
sentences. The next layer is a Bidirectional Gated Recurrent Unit (GRU) [6] to extract
the information of each word and give us a dense representation of words in each sentence.
To emphasize the most important words in every sentence, we add an attention layer to
maximize the words’ information. Now, we have a dense representation of words in each
sentence. Therefore, we add another Bidirectional GRU layer to do the same on the sentences
and narrow the model output toward the most important sentences using another attention
layer. Finally, To make it comparable to user features, we flatten the output, feed it to a
fully connected layer, and bind it with the sigmoid function.
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Table 1. Dataset Summary

Feature Min Mean Max

Experts Answers 21 72 4507
Reputation 1 25,278 1,166,685

Views 23 3,551 1,911,062
Upvote 0 1,218 53,163

Downvote 0 716 77,537

Table 2. User & Question Count

# Users # Questions Sparsity

5,448 392,798 99.98%

Lw|s = MLP (Vw|s, tanh) (2.2)

Aw|s =
exp(LTw|sEw|s)∑
W |S exp(L

T
w|sEw|s)

(2.3)

Sw|s =
∑
W |S

Aw|sVw|s (2.4)

In the first step of attention, We feed the extracted word or sentence vector V through
a one-layer MLP to get L as a latent representation of the word or sentence. Secondly,
we compute the word or sentence’s attention value as the similarity of V with and the
embedding E to get a normalized attention value A after feeding it to a softmax function.
Lastly, we measure the summarize vector S as a weighted sum of the word or sentence
vectors based on the attention values. The embedding vectors E are initialized based on
pre-learned values and jointly fine-tuned during the training process.

2.3. Feature Combination

Now we have two dense representations, and we have to relate the model outputs to
the target. To find the relatedness, we add our two outputs together and connect them
to one cell with a sigmoid activation function to tell us how related a user and a question
are to each other. Finally, we rank and find the most appropriate user to recommend. For
the learning phase, we put our binary labels as output to train our model. We use binary
cross-entropy as our loss function.

p(γ, γ̄|U,Q, θ) = Π(u,q)∈γ ŷuqΠ(u,q)∈γ̄(1− ˆyuq) (2.5)

L = −
∑

(u,q)∈γ∪γ̄

yuq log ŷuq + (1− yuq) log (1− ŷuq) (2.6)

Where Q and U denote the set of questions and answers, ŷuq is the predicted relatedness,
yuq is the actual label, γ is related questions, γ̂ is negative samples and θ is our model
parameters.

3. Results

In this section, we first introduce our experiment setup, then we show our results. We use
the Stack Overflow dataset, including one year from 2018 to 2019. We run our experiments
on users who have answered more than 15 questions.

We used the Word2Vec model to convert each word in a question title to a vector. We
learnt this model on our corpus to have domain-specific vectors that enable us to capture
similarities in this context better than other pre-trained models.
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Table 3. Main Data-set Results

Model HR1@1 HR@5 HR@10 HR@50 NDCG2@5 NDCG@10 NDCG@50 MRR3@100

MF 0.0100 0.0498 0.1001 0.5000 0.0295 0.0456 0.1291 0.0420
PNN 0.0429 0.1227 0.1850 0.5662 0.0833 0.1033 0.1835 0.0692

DeepFM 0.0508 0.1285 0.1926 0.5828 0.0900 0.1106 0.1928 0.0729
HER 0.0527 0.1375 0.1999 0.5884 0.0959 0.1159 0.1983 0.0758

1 Hit Rate, 2 Normalized Discounted Cumulative Gain, 3 Mean Reciprocal Rank

The goal of our recommendation task is to recommending a more relevant user (expert)
to the specific question. Therefore, we only care about the presence of the expert in our
recommended user list and a rank-based measures are sufficient for our purpose. As we
do not have any negative samples on our dataset, we randomly generate 100 users as our
negative samples. We put the expert between these negative samples to see how our model
can rank the expert higher than the others.

For baselines, we use the MF, Deep Factorization Machine (DeepFM) [7], and Product-
Based Neural Network (PNN) [8]. DeepFM utilizes Factorization Machine (FM) [9] to
extract latent features for questions and users based on their interaction and features. It
also uses a Dense Multi-layer Perceptron to capture high order relevancy between users and
questions to improve the result further. PNN tries to address the problems associated with
the Deep part of the DeepFM, and it showed that it could slightly improve the results over
DeepFM. We use the same setting for all of our experiments to evaluate these methods
and compare them. Table 3 shows the preliminary experiment results. We observe that
HER outperforms all the baselines.DeepFM outperforms PNN. However, The HER achieved
better results on the experiment, and it shows that the Hierarchical part can significantly
improve the results.

4. Discussion and Future Works

In the current recommendation setting, we assume that every user has an equal boolean
relationship to each question. i.e., each user has the same opportunity to answer a given
question. However, the real-world setting may be more complicated than this. For instance,
it is unlikely a user would answer a question who has been answered by another user, espe-
cially when the provided answer has been accepted by the questioner. Therefore, we might
need to consider the sequential, temporal, and dynamic attributes in future recommenda-
tion.

We would need to perform more ablation studies to understand the effectiveness of differ-
ent components in HER model and test the model’s robustness by conducting experiments
on other CQA datasets. We could also design experiments to highlight the explainability
of our model; the hierarchical attention could be visualized to showcase which questions or
keywords helped to decide if we should recommend a particular question to the user.
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