
A Multi-Level Latent Variable 

Encoder-Decoder Framework for 

Dialogue Generation 

 

 

 

 

 

 

TONY LIVINS 

 

 

 

 



Abstract 

Sequential datasets often display multi-layered structure, with meaningful dependencies 
appearing not only within segments but also across larger subsequences a 
characteristic clearly present in multi-turn dialogue. To model this style of generative 
behaviour, we introduce a neural generative framework that incorporates stochastic 
latent variables operating across flexible temporal ranges. We apply the model to 
dialogue response generation and compare its performance with several recently 
proposed neural architectures. Evaluation is conducted using both automated metrics 
and structured human assessments. Experimental results indicate that our approach 
surpasses current baselines and that the latent representations enable the production of 
longer, more contextually consistent responses. 

 

1 Introduction 

Deep recurrent neural networks (RNNs) have shown remarkable progress on 
challenging tasks requiring the generation of organised sequential outputs [9]. Their 
effectiveness has been demonstrated across a wide range of areas, including language 
modelling [10, 18], machine translation [28, 5], conversational modelling [27, 24], and 
speech recognition [9]. 

Although these achievements are substantial, traditional RNNs typically incorporate a 
simple source of variability: randomness is introduced only when sampling output 
tokens. Prior research suggests that placing all stochastic behaviour at the output layer 
is often inadequate [2, 6, 1]. This limitation becomes especially relevant for sequential 
domains such as natural language and speech, where the underlying generative 
mechanisms are hierarchical and involve complex dependencies. Dialogue, for 
example, contains at least two structured layers. Individual utterances are governed by 
local linguistic statistics, while transitions between utterances involve higher-level 
uncertainties influenced by factors such as topic, speaker intention, and conversational 
style. 

In this work, we present a hierarchical stochastic latent-variable neural architecture 
designed to capture generative processes that exhibit multiple sources of variation. We 
examine the model on the task of dialogue response generation and benchmark it 
against recent neural systems. Our evaluation includes qualitative inspection, automatic 
scoring methods, and human assessments conducted through Amazon Mechanical 
Turk. 

 



2 Technical Background 

 

2.1 Recurrent Neural Network Language Model 

A recurrent neural network (RNN) with parameters represents a variable-length token 
sequence 

(𝑤1, … ,𝑤𝑀)by factorizing the joint probability of the sequence as: 

𝑃𝜃(𝑤1, … , 𝑤𝑀) = 𝑃(𝑤1)∏

𝑀

𝑚=2

𝑃𝜃(𝑤𝑚 ∣ 𝑤1, … , 𝑤𝑚−1) 

 

At each time step, the network processes the current token and updates its hidden state 

according to 
ℎ𝑚 = 𝑓(ℎ𝑚−1, 𝑤𝑚), where 𝑓is a nonlinear transformation such as a tanh unit, an LSTM 
[12], or a GRU [5].1 
The hidden state functions as a compact summary of all preceding information and 
parametrizes the distribution over the next token: 

𝑃𝜃(𝑤𝑚+1 ∣ 𝑤1, … ,𝑤𝑚) = 𝑃𝜃(𝑤𝑚+1 ∣ ℎ𝑚) 
 

Given that outputs are drawn from a discrete vocabulary 𝑉, the standard RNN 
Language Model (RNNLM) [18] defines the next-token distribution using a softmax 
transformation applied to an affine projection of the hidden state ℎ𝑚. Parameters are 
trained by maximizing the log-likelihood of the training data through gradient descent. 

 

2.2 Hierarchical Recurrent Encoder-Decoder 

The hierarchical recurrent encoder–decoder model (HRED) [26, 24] expands the 
RNNLM by adapting the encoder–decoder framework [5] to multi-turn dialogue. The 
HRED assumes that an output sequence follows a two-level hierarchical structure: 
sequences made up of sub-sequences, and sub-sequences made up of individual 
tokens. For example, a dialogue can be viewed as a sequence of utterances (sub-
sequences), each composed of a series of words. Likewise, a document can be 
interpreted as a sequence of sentences, with each sentence represented as a word 
sequence. 



The HRED architecture is composed of three RNN components: an encoder RNN, a 
context RNN, and a decoder RNN. Each sub-sequence is transformed into a continuous 
vector representation by the encoder RNN. This representation is passed to the context 
RNN, which updates its hidden state to summarise all previously processed sub-
sequences. The context RNN then outputs a continuous vector used by the decoder 
RNN to generate the next sub-sequence of tokens. Additional explanation can be found 
in [26, 24]. 

 

2.3 A Deficient Generation Process 

Recent studies have pointed out that models such as the RNNLM, HRED, and similar 
RNN-based architectures struggle to produce coherent and meaningful dialogue 
utterances [24, 15]. We argue that the fundamental limitation stems from how these 
models parametrise their output distributions. Because variability is introduced only at 
the token-level output distribution, the generative process is overly constrained. 

This limitation manifests in two ways. From a probabilistic standpoint, injecting 
stochasticity only at the lowest level forces the model to prioritise short-range patterns 
rather than broader, long-term dependencies. Low-level noise is tightly bound to the 
most recent context but only loosely influenced by older or future structure. In a more 
abstract sense, if one imagines variability introduced through i.i.d. noise added to 
deterministic components, noise applied at higher representational levels spanning 
multiple time steps would naturally capture longer-range dependencies. 

From a learning perspective, the RNNLM’s hidden state ℎ𝑚(or the decoder state in 

HRED) is required to simultaneously satisfy two demanding objectives: 
(a) generate a high-probability next token (short-term requirement), and 
(b) maintain a representation that supports a plausible long-term trajectory of outputs. 

This dual burden makes learning difficult because the model must encode both 
immediate predictive cues and long-range structural information within the same hidden 
state. 

Predicting future tokens (the long-range objective) becomes disproportionately harder. 
Because of the vanishing‐gradient phenomenon, the optimisation process naturally 

gives more weight to short-term objectives. As a result, the model tends to favour 
parameters that excel at predicting only the immediate next token. This tendency is 
especially strong for high-entropy sequences, where the easiest solution is to optimise 
the hidden state ℎ𝑚strictly for next-token prediction rather than for sustaining a coherent 
long-term trajectory. Each time step is influenced by a noisy observation, making it 
much more difficult for the model to preserve stable long-range structure. 

 



3 Latent Variable Hierarchical Recurrent 
Encoder-Decoder (VHRED) 

Building on the issues noted above, we introduce the Variational Hierarchical Recurrent 
Encoder–Decoder (VHRED) model. VHRED extends the HRED architecture by 
incorporating a latent variable at each decoder step and training the system using a 
variational lower bound on the log-likelihood. This design enables the model to 
represent hierarchical sequences through a two-stage generation process: (1) sample a 
latent variable, and (2) produce the corresponding output sub-sequence, while 
preserving long-term contextual information. 

Let 𝑤1, … ,𝑤𝑁denote a sequence of 𝑁sub-sequences, where the 𝑛-th sub-sequence is 
𝑤𝑛 = (𝑤𝑛,1, … , 𝑤𝑛,𝑀𝑛 )and each token 𝑤𝑛,𝑚 ∈ 𝑉. The VHRED introduces a stochastic 

latent variable 𝑧𝑛 ∈ ℝ
𝑑𝑧for each sub-sequence 𝑛 = 1,… ,𝑁, conditioned on all previously 

observed tokens. Once 𝑧𝑛is sampled, the corresponding sub-sequence 𝑤𝑛is generated: 

𝑃𝜃(𝑧𝑛 ∣ 𝑤1, … , 𝑤𝑛−1) = 𝒩(𝜇prior(𝑤1,… ,𝑤𝑛−1), Σprior(𝑤1,… , 𝑤𝑛−1)) (2) 

𝑃𝜃(𝑤𝑛 ∣ 𝑧𝑛, 𝑤1, … ,𝑤𝑛−1) =∏

𝑀𝑛

𝑚=1

𝑃𝜃(𝑤𝑛,𝑚 ∣ 𝑧𝑛, 𝑤1, … ,𝑤𝑛−1, 𝑤𝑛,1, … ,𝑤𝑛,𝑚−1) (3) 

 

Here, 𝒩(𝜇, Σ)is a multivariate Gaussian distribution with mean 𝜇 ∈ ℝ𝑑𝑧and diagonal 

covariance Σ ∈ ℝ𝑑𝑧×𝑑𝑧. 

The VHRED architecture (Figure 1) retains the same three modules as the HRED: an 
encoder RNN, a context RNN, and a decoder RNN. The encoder transforms each sub-
sequence into a fixed-dimensional vector. The context RNN processes these vectors 
sequentially, maintaining a deterministic summary of all previous sub-sequences. Its 
hidden state is passed through a two-layer feed-forward network with a tanh activation. 
A linear projection of this network’s output defines the prior mean 𝜇prior. A separate 

linear projection followed by a softplus activation produces the diagonal covariance 
Σprior, ensuring positivity [6]. 

To infer the latent variables, the model maximizes the variational lower bound, which 
decomposes across sub-sequences: 

log⁡ 𝑃𝜃(𝑤1, … , 𝑤𝑁) ≥∑

𝑁

𝑛=1

[−KL(𝑄(𝑧𝑛 ∣ 𝑤1, … , 𝑤𝑛)   ∥   𝑃𝜃(𝑧𝑛 ∣ 𝑤1, … , 𝑤𝑛−1)) + 𝔼𝑄[log⁡𝑃𝜃(𝑤𝑛 ∣ 𝑧𝑛, 𝑤1, … , 𝑤𝑛−1)]] (4) 

 

where KL[𝑄 ∥ 𝑃]denotes the Kullback–Leibler divergence. 



The approximate posterior distribution (also called the recognition or encoder model) is 
defined as: 

𝑄(𝑧𝑛 ∣ 𝑤1, … ,𝑤𝑁) = 𝑄(𝑧𝑛 ∣ 𝑤1, … ,𝑤𝑛) = 𝒩(𝜇post(𝑤1, … , 𝑤𝑛), Σpost(𝑤1, … , 𝑤𝑛)) ∝ 𝑃(𝑧𝑛 ∣ 𝑤1, … ,𝑤𝑁) (5) 

 

Here, 𝜇postand Σpostare the approximate posterior mean and diagonal covariance, 

computed in the same way as the prior via linear transformations of the feed-forward 
network output, with softplus used for the covariance. 

 

 

Figure 1Computational graph for the VHRED model. The rounded boxes indicate deterministic, real-valued vectors. 
The variables 

 

At test time, conditioned on the previously observed sub-sequences (𝑤1, … ,𝑤𝑛−1), a 

latent sample 𝑧𝑛is drawn from the prior distribution 
𝒩(𝜇prior(𝑤1,… ,𝑤𝑛−1), Σprior(𝑤1,… ,𝑤𝑛−1)) 

for each sub-sequence. This sampled vector is concatenated with the output produced 
by the context RNN and then provided as input to the decoder RNN, following the same 
process as the HRED architecture. The decoder then generates the sub-sequence one 
token at a time. 

During training, for each 𝑛 = 1,… ,𝑁, a latent sample 𝑧𝑛is drawn from the approximate 

posterior 
𝒩(𝜇post(𝑤1, … ,𝑤𝑛), Σpost(𝑤1, … , 𝑤𝑛)). 



This sample is used to compute the gradient of the variational lower bound described in 
Equation (4). The approximate posterior has its own one-layer feed-forward neural 
network, which receives as input the context RNN state at the current step along with 
the encoder RNN output for the subsequent sub-sequence. 

The VHRED model reduces several of the generation issues found in the RNNLM and 
HRED. Instead of relying on a single source of variability, the VHRED incorporates 
variation at two levels: the sequence level through the conditional prior over 𝑧, and the 

sub-sequence level through the conditional token distribution over 𝑤1, … ,𝑤𝑀 . The latent 
variable 𝑧supports long-range output structure by encoding high-level properties of the 

sequence. This allows the hidden state ℎ𝑚to concentrate on summarizing information 
up to token 𝑀. In simple terms, the randomness introduced by 𝑧captures higher-level 

factors such as the topic or emotional tone of the utterance. 

 

4 Experimental Evaluation 

We evaluate the model on the task of conditional natural language response generation 
in dialogue. This task is useful in settings such as customer support, technical help 
systems, language tutoring environments, and entertainment applications [29]. It also 
requires the ability to generate sequences with complex structure while maintaining 
awareness of long-term context [17, 27]. 

We consider two separate tasks. In both cases, the model receives a dialogue context 
consisting of one or more utterances, and the objective is to generate the next 
appropriate response. Our initial experiments use the Twitter Dialogue Corpus [22]. The 
goal is to produce utterances that can be appended to ongoing Twitter conversations. 
The dataset is constructed using a method similar to Ritter et al. [22], and is divided into 
training, validation, and test sets with 749,060, 93,633, and 10,000 dialogues 
respectively. Each dialogue contains an average of 6.27 utterances and 94.16 tokens.2 

These conversations are considerably longer than those in many large-scale language 
modelling benchmarks, such as the One Billion Word Benchmark [4], which focus on 
predicting single sentences. 

2 Due to Twitter's terms of service, the actual tweet text cannot be redistributed. Only 
tweet IDs can be released publicly. 

 

We also run experiments on the Ubuntu Dialogue Corpus [17], which contains 
approximately 500,000 dialogues collected from the #Ubuntu chat channel on Internet 
Relay Chat. Users typically join the channel with a technical question related to Ubuntu, 
and other users respond with advice. Additional information is provided in Appendix 



6.1.3. We selected these two corpora because both are large, and they represent very 
different conversational goals. Ubuntu conversations are usually problem solving, while 
Twitter conversations usually involve casual social interaction or general chit chat. 

 

4.1 Training and Evaluation Procedures 

All models are optimized with Adam [13]. Hyperparameters are selected using validation 
performance, and early stopping with patience is applied based on the variational lower 
bound [9]. At test time, we apply beam search with a beam width of 5 for decoding the 
RNN-based generators [10]. For the VHRED models, we sample the latent variable 𝑧𝑛at 
each step and condition on this value when performing beam search. For the Ubuntu 
dataset we use 300 dimensional word embeddings, and for Twitter we use 400 
dimensional embeddings. All models are trained using learning rates of either 0.0001 or 
0.0002 with mini-batch sizes of 40 or 80 examples. We apply a truncated version of 
backpropagation through time and also use gradient clipping. Additional information is 
available in Appendix 6.2. 

Baselines 
On both the Twitter and Ubuntu datasets, we include an LSTM baseline with 2000 
hidden units. 
For Ubuntu, the HRED architecture uses 500 hidden units in the encoder RNN, 1000 in 
the context RNN, and 500 in the decoder RNN. The encoder uses a standard GRU. 
For Twitter, the HRED encoder is a bidirectional GRU where the forward and backward 
directions each contain 1000 hidden units, and the context RNN and decoder RNN both 
contain 1000 hidden units. 
For comparison, we also include a non neural baseline: the TF-IDF retrieval model 
described in [17]. 

VHRED 
The encoder and context RNNs in the VHRED follow the same parameter choices as 
the HRED models. The only change in the decoder is that the context RNN output is 
concatenated with the sampled latent variable. The feed-forward networks that define 
the prior and posterior distributions are initialized with weights drawn from a zero mean 
Gaussian with variance 0.01 and zero biases. In addition, we scale the diagonal 
covariance of the prior and posterior by 0.1 to stabilize early training, since large 
variance values can produce noisy gradients for the reconstruction term, which is 
harmful at the start of optimization. 

The VHRED encoder and context RNNs are initialized using the trained parameters of 
their corresponding HRED models. We also apply two techniques introduced by 
Bowman et al. [3]. First, we randomly drop decoder input words with a fixed rate of 25 
percent. Second, we multiply the KL terms in Equation (4) by a coefficient that begins at 
zero and gradually increases to one over the first 60,000 batches for Twitter and 75,000 



batches for Ubuntu. These strategies significantly stabilize training and encourage the 
model to use the latent variables. We also experimented with batch normalization for 
the feed-forward networks but found that it introduced instability without improving the 
variational lower bound. 

Evaluation 
Evaluating dialogue responses accurately is challenging [8, 20]. Although word-overlap 
metrics inspired by machine translation and information retrieval have been used, Liu et 
al. [16] show that such metrics correlate poorly with human judgments. For this reason, 
we include human evaluation to compare the models. We also compute automatic 
metrics and various statistics to help characterize differences in their outputs. 

Human evaluation for the Twitter Dialogue Corpus is conducted on Amazon Mechanical 
Turk (AMT). We do not run AMT studies for Ubuntu because meaningful evaluation 
usually requires technical knowledge that most AMT users do not have. The evaluation 
is framed as a set of pairwise comparisons.4 Each participant is shown a dialogue 
context and two possible system responses, one from each model. They select the 
response that best fits the given context. If the participant finds both responses equally 
suitable or cannot understand the conversation, they may choose neither option. For 
each model pair we run two versions of the experiment. 

Table 1 presents the win, loss, and tie percentages for the VHRED model compared 
with each baseline system, based on the human study conducted on Twitter. The 
values represent mean preferences along with 90 percent confidence intervals. 

                                Short Contexts                                             Long Contexts 

Opponent                             Wins           Losses      Ties         Wins       Losses   Ties 

VHRED vs LSTM 32:3 _ 2:4 42:5 _ 2:6 25:2 _ 2:3 41:9 _ 2:2 36:8 _ 2:2 21:3 _ 1:9 

VHRED vs HRED 42:0 _ 2:8 31:9 _ 2:6 26:2 _ 2:5 41:5 _ 2:8 29:4 _ 2:6 29:1 _ 2:6 
VHRED vs TF-IDF 51:6 _ 3:3 17:9 _ 2:5 30:4 _ 3:0 47:9 _ 3:4 11:7 _ 2:2 40:3 _ 3:4 

 

Table 2 provides sample Twitter outputs from the neural models. The exclamation mark 

token indicates a speaker change. 



 

Example contexts in the study are grouped by length. Long contexts contain at least 80 
unique tokens, while short contexts contain at least 20 tokens, even if they are 
repeated. This division helps evaluate how effectively each model incorporates 
extended dialogue history into its generated response. Earlier work suggests that 
hierarchical RNN models are better equipped for longer contexts [24, 26]. Additional 
screenshots and details are provided in Appendix 6.4. 

 

4.2 Results of Human Evaluation 

The human evaluation results in Table 1 show that VHRED is preferred in most of the 
comparisons. VHRED is chosen significantly more often than both the HRED and TF-
IDF baselines in the short and long context settings. VHRED also outperforms the 
LSTM model in long context conditions. However, in short contexts the LSTM baseline 
is preferred over VHRED. This result is likely due to the LSTM model producing highly 
generic responses, as shown in Table 4. Because the LSTM does not incorporate 
hierarchical structure, it has a shorter effective memory and therefore tends to generate 
responses that depend mainly on the final part of the previous utterance. Such general 
or safe responses can be appropriate across many contexts, which increases the 
chance that human evaluators will judge them as acceptable. 

We also note that relying on generic responses can be problematic for dialogue 
generation, since this often leads to dull and less engaging conversations. The VHRED 
model takes a different approach by using latent variable sampling, which increases 
response diversity and allows it to handle longer contexts more effectively. As a result, 
VHRED produces longer utterances that carry more semantic information compared to 
the LSTM outputs (see Tables 3 and 4). Although longer replies introduce a higher 
chance of small errors, which may reduce the preference score for individual examples, 
we believe that diversity is essential for generating engaging conversations. In the 
dialogue systems literature, generic responses are typically used as fallback strategies 
only when the system has no relevant content to provide [25]. 



Table 3 presents the evaluation results for one-turn and three-turn dialogue generation 
using the proposed embedding-based metrics. 

 

VHRED produces responses that are longer and contain more meaningful content than 
the LSTM model, which tends to output very generic replies. We also observe that 
VHRED learns to handle smilies, informal expressions, and slang more effectively (as 
seen in the first example of Table 2), and it can even continue conversations in different 
languages (as in the fifth example).5 These qualities are not captured by the human 
evaluation. In addition, VHRED appears more capable of producing imaginative 
descriptions or small narrative actions compared with the baseline generative models 
(as illustrated in the third example). In the final example of Table 2, the VHRED output 
is more creative, although it may be judged as slightly less appropriate due to mild 
inconsistency with the preceding context, while the LSTM produces a safer and more 
generic reply. In the next section, we support these observations with quantitative 
evidence showing that VHRED consistently generates longer responses with higher 
information content that maintain semantic relatedness with both the context and the 
ground truth. 

 

4.3 Results of Metric-based Evaluation 

To demonstrate that VHRED responses remain more relevant to the dialogue topic and 
share closer semantic similarity with ground truth responses, we evaluate the models 
using three word embedding-based similarity metrics. 

The Embedding Average metric computes the cosine similarity between two vectors 
formed by averaging the word embeddings in the model response and in the ground 
truth response [19]. This metric is a standard method for assessing text similarity. 

The Embedding Extrema metric also embeds each response into a real-valued vector, 
but instead of averaging, it takes the most extreme value of each dimension across all 
tokens. The cosine similarity is then calculated between these two vectors. 

The Embedding Greedy metric provides a more detailed comparison. For each word in 
the model response, it finds the most similar word in the human response using cosine 



similarity over word embeddings. The average similarity across all aligned word pairs is 
then computed [23]. This metric considers individual word alignments and is therefore 
more informative for longer replies. 

Although these metrics are not strongly correlated with human evaluations of dialogue 
quality, we interpret them as indicators of topic relevance. Higher metric scores suggest 
that the content of the model generated response is more semantically aligned with the 
human response. To ensure reproducibility, we use public Word2Vec embeddings 
trained on the Google News dataset.6 

We compute all three metrics in two configurations: one where each model generates a 
single utterance (one-turn), and one where each model generates the next three 
utterances in sequence (three-turns), as shown in Table 3. The results indicate that 
VHRED aligns more closely with the ground truth topic than either the LSTM or HRED 
models. The stronger performance of VHRED in the three-turn setting implies that the 
decoder and context RNN hidden states are better able to maintain on-topic trajectories 
across multiple utterances. This finding supports our hypothesis that introducing 
stochastic latent variables helps guide the learning process toward a more balanced 
representation of short-term and long-term dependencies. We observe a similar pattern 
when comparing the generated responses directly with the dialogue context, which 
further confirms this conclusion. 

Table 4 reports the information content of generated responses in the one-turn setting. 
The table includes the average length of each utterance ∣ 𝑈 ∣, the word-level entropy 
𝐻𝑤 = −∑𝑤∈𝑈 𝑝(𝑤)log⁡ 𝑝(𝑤), and the utterance-level entropy 𝐻𝑈, which is computed 

using the maximum likelihood unigram distribution 𝑝estimated from the training corpus. 

 

 

 

We compute the average response length and the average entropy in bits with respect 
to the maximum likelihood unigram model for all generated responses (see Table 4). 
The unigram entropy values are calculated on the preprocessed and tokenized 
datasets. VHRED produces responses with higher per-word entropy on both the Ubuntu 
and Twitter datasets when compared with the HRED and LSTM models. On Twitter, 
VHRED also generates longer utterances, which results in responses that contain an 
average of six additional bits of information compared with the HRED responses. Since 
real dialogue data contains even more information per word than any of the generative 
models, a higher entropy value can be viewed as beneficial. VHRED therefore 



compares positively to other recently introduced models, many of which produce very 
low-entropy and generic replies such as OK or I do not know [24, 15]. 

The higher entropy produced by VHRED indicates that its responses are generally more 
diverse than those generated by the HRED and LSTM baselines. This also suggests 
that the hidden state trajectories in the VHRED model explore a larger portion of the 
representation space, providing further support for our hypothesis that the stochastic 
latent variable helps the model balance short-term and long-term aspects of generation. 

 

5 Related Work 

The use of stochastic latent variables trained by maximizing a variational lower bound is 
rooted in the Variational Autoencoder (VAE) framework [14, 21]. VAEs have been 
applied primarily to continuous domains such as image generation [11]. More recent 
work has extended these ideas to sequence generation. Examples include Variational 
Recurrent Neural Networks (VRNN) [6], used for speech and handwriting synthesis, and 
Stochastic Recurrent Networks (STORN) [1], used for music generation and motion 
capture modeling. Both VRNN and STORN incorporate stochastic latent variables 
inside RNN architectures, but they draw a separate latent variable at every decoder 
time step. This design does not capitalize on the hierarchical organization present in 
many sequential datasets, and therefore does not capture higher-level variability. 

Work related to ours includes the Variational Recurrent Autoencoder [7] and the 
Variational Autoencoder Language Model [3]. These models use encoder-decoder 
structures for music generation and language modeling respectively. The VHRED 
model differs from these approaches in several important ways. In VHRED, each latent 
variable is conditioned on all previously seen sub-sequences, allowing the model to 
generate multiple sentences while making the latent variables interdependent through 
the observed tokens. VHRED also builds directly on the hierarchical structure of the 
HRED model, which makes it suitable for generation conditioned on long contexts. It 
maintains a deterministic connection between the context RNN and the decoder RNN, 
enabling the system to share deterministic information between its components.7 Most 
importantly, VHRED achieves improved performance in tasks that go beyond the typical 
autoencoder objective. Instead of learning to reconstruct inputs, VHRED is designed for 
conditional generation of the next utterance in dialogue, which is a significantly more 
challenging and practical task. 

 

6 Discussion 



We presented a new latent variable neural architecture called VHRED. The model 
employs a hierarchical generation strategy that leverages the structural patterns found 
in sequential data and is trained using a variational lower bound on the log-likelihood. 
We applied this architecture to the challenging task of dialogue response generation 
and showed that it improves on previous approaches across several dimensions, 
including human-rated response quality. The empirical findings underline the strengths 
of using a hierarchical generation process when modeling sequences with high entropy. 
It is also important to highlight that the proposed approach is general in nature. In 
principle, it can be extended to any sequence generation task that contains hierarchical 
organization, such as document-level machine translation, prediction of user queries on 
websites, multi-sentence document summarization, multi-sentence image caption 
generation, and similar tasks. 
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