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• Building an open-domain conversational agent is a challenging problem. 
Current evaluation metrics are only poorly correlated with human ratings 
(Liu et al. 2016). Tab.1 illustrates our motivations. Our contributions:
o Demonstrate the necessity of interactive multi-turn.
o A novel self-play framework to estimate a new psychology-motivated hybrid 

quality score which is strongly correlated with human ratings of quality.
o A new regularizer for hierarchical seq2seq models with knowledge distillation. 

Fig 1. Illustration of the EI regularization (blue-solid) applied to VHRED (Serban et al. 2017) baseline (red-checkered) 
to enforce encoding sentiment and semantics of an utterance in the Context RNN. The EI regularization can be 
similarly applied to HRED (Serban et al. 2016) and VHCR (Park et al. 2018).
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Fig 3. One hundred highest vs. lowest quality conversations; mean ± 90% confidence intervals, x-axis: conv. turns. 
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Fig 4. EI vs. baseline conversation trajectories; mean ± 90% confidence intervals, x-axis: conversation turns.

• We propose a regularization to the top level of hierarchical seq2seq 
architectures to force encoding both the sentiment and semantics (Fig. 1).
1) State-of-the-art sentiment detection model (Felbo et al. 2017)
2) Infersent sentence-embedding model (Conneau et al. 2017) 

Novel Metrics (Mi)
• Sentiment
• Semantic
• Engagement
• Hybrid metric (MH):

Datasets
Cornell Movies (Danescu-Niculescu-Mizil & Lee 2011) and a new corpus we built based on subreddit r/CasualConversations
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Fig 2. Pearson correlations between five human metrics and automated metrics. Sentiment -U has higher correlation 
with interactive human ratings than prior metrics. Hybrid Metric MH -B/B, our novel self-play based metric, has higher 
correlation across all human metrics more than any other metric proposed to-date. Notes: -U: Calc. on user response, 
-B: Calc. on bot response, -U/B: Calc. between user & bot response, -B/B: Calc. between consecutive bot utterances.

• Higher ratings to EI models compared to baseline 
models via interactive human evaluation (Tab. 2): 
Three-factor ANOVA on the sum of ratings:
o Model architecture (HRED, VHRED, VHCR): p>0.05
o EI regularization (Baseline, EI): F(554, 1) = 9.016, p = .003
o Dataset (Cornell, Reddit): F(554, 1) = 30.796, p < .001

• Traditional automatic evaluation (Tab. 3):
o No consistency between human quality rating and KL 

Divergence (KL). 
o Perplexity (PPL) falls short of capturing human quality.
o Embedding metrics (Avg, Ext, Grd) only weakly 

correlate with human ratings. 

• We investigate the strengths of interactive evaluation and highlight blind-
spots of traditional static evaluation methods. 

• We combine interactive human data with psychologically-motivated 
measures and introduced a novel hybrid metric. Using this metric in a self-
play framework provides results that are strongly correlated with human 
judgment of chatbot empathy (r>.8) and quality (r>.7). 

• Additionally, we demonstrate a significant improvement to several 
hierarchical seq2seq generative models using regularization of the 
utterance level of the hierarchy with knowledge distillation. 

Tab 3. Results of automatic traditional metrics for 1-turn responses of models 
per context of baseline and EI (Emotion + Infersent) models. 

Tab 4. Results from human static evaluation for EI (Emotion+Infersent) vs. BL 
(baseline) models as measured by pairwise comparisons of Quality with 90% 
confidence intervals.

Tab 2. Mean human ratings for Baseline and EI (Emotion+Infersent) models (N-
556) for with 90% confidence intervals.
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Table 2: Mean human ratings for Baseline and EI (Emotion+Infersent) models for HRED, VHRED, and VHCR
architectures with 90% confidence intervals. See §5.2 for 3-factor ANOVA results.

Cornell Reddit
Model Metric Baseline EI Baseline EI

HRED

quality 2.182 ± 0.305 2.347 ± 0.313 2.527 ± 0.310 2.714 ± 0.299
fluency 3.909 ± 0.387 4.000 ± 0.381 4.436 ± 0.349 4.786 ± 0.316
diversity 2.836 ± 0.374 2.735 ± 0.380 3.418 ± 0.386 3.554 ± 0.372
contingency 2.200 ± 0.291 2.469 ± 0.336 2.382 ± 0.288 2.536 ± 0.322
empathy 2.673 ± 0.352 2.490 ± 0.350 3.018 ± 0.329 3.107 ± 0.337

VHRED

quality 2.022 ± 0.309 2.333 ± 0.252 2.694 ± 0.392 2.864 ± 0.341
fluency 3.109 ± 0.351 3.949 ± 0.396 4.250 ± 0.496 4.477 ± 0.402
diversity 3.565 ± 0.442 4.385 ± 0.371 5.00 ± 0.468 4.705 ± 0.353
contingency 2.261 ± 0.287 2.487 ± 0.346 2.472 ± 0.362 2.773 ± 0.370
empathy 2.739 ± 0.374 2.564 ± 0.367 3.000 ± 0.393 3.341 ± 0.385

VHCR

quality 2.132 ± 0.247 2.548 ± 0.380 2.615 ± 0.350 2.692 ± 0.298
fluency 2.679 ± 0.306 3.976 ± 0.380 3.923 ± 0.433 4.308 ± 0.395
diversity 3.755 ± 0.340 4.238 ± 0.421 4.436 ± 0.455 4.231 ± 0.382
contingency 2.189 ± 0.270 2.571 ± 0.356 2.077 ± 0.298 2.692 ± 0.354
empathy 2.340 ± 0.316 2.714 ± 0.368 2.974 ± 0.434 3.288 ± 0.379

Table 3: Results of automatic traditional metrics for 1-turn responses of models per context of baseline and EI
(Emotion + Infersent) models. PPL: perplexity, KL: KL divergence, Avg: Average, Ext: Extrema, Grd: Greedy

Cornell Reddit
Model Version PPL KL Avg Ext Grd PPL KL Avg Ext Grd

HRED baseline 52.311 - .471 .329 .331 41.730 - .649 .394 .474
EI 47.636 - .560 .383 .400 41.245 - .651 .398 .482

VHRED baseline 49.414 .264 .539 .352 .395 36.240 .188 .635 .383 .464
EI 50.526 .517 .545 .355 .394 35.510 .167 .636 .392 .465

VHCR baseline 61.000 .562 .532 .345 .382 36.736 .267 .619 .371 .448
EI 49.243 .475 .588 .369 .444 37.198 .231 .639 .394 .469

REDDIT). We found a significant main effect of EI regularization and dataset, but no significant
difference between the three types of hierarchical models. We found that adding emotion and
infersent (EI) regularization to baseline models improved the interactive chat experience significantly,
F (554, 1) = 9.016, p = .003. Further, the models trained on the REDDIT dataset performed
significantly better, F (554, 1) = 30.796, p < .001. This finding validates the hypothesis that
distilling information about topic and tone into the top level of the hierarchy is useful for good
conversation, and suggests that the REDDIT dataset could provide more realistic training for open-
domain dialog and be valuable to the community. Additional ablation results are provided in §A.1.

5.3 Traditional metrics

Automatic metrics Several prior works have focused on ensuring that the variational KL term
remains high in order to improve model quality (e.g. [4, 21]). However, we observe there is no
consistency between human quality rating and KL (Table 3). See §A.8 for details about other human
metrics, e.g. fluency, diversity, contingency, and empathy. Thus, it is not evident that KL captures
human judgements of dialog quality. Even perplexity (a transformation of the cross-entropy loss used
to train our models) falls short of capturing human quality judgments, underscoring the difficulty
in effectively training good language models. We find embedding metrics show more promise in
preserving the order of human quality ratings, but have only weak correlation with human ratings.
We present evidence for our novel hybrid metric being a much stronger alternative.

Human static evaluation As shown in Table 4, while static human evaluation suggests EI regular-
ization is effective due to a higher number of win judgments3, the results are noisy and difficult to
interpret due to large confidence intervals and a high percentage of ties. The median inter-annotator
agreement measured pairwise through Cohen’s  [39] for our human evaluation was only 0.176 and
0.120 for CORNELL and REDDIT respectively. This level of annotator agreement is lower than the

3We follow [4] to highlight the higher value between wins/losses and reporting 90% confidence intervals.
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Table 4: Results from human static evaluation for EI (Emotion+Infersent) vs. BL (baseline) models as measured
by pairwise comparisons of Quality with 90% confidence intervals.

Cornell Reddit
Model Wins % Losses % Ties % Wins % Losses % Ties %
HRED-EI 40.8 ± 4.9 24.5 ± 4.9 34.8 ± 9.2 31.3 ± 5.2 29.5 ± 6.6 39.3 ± 10.7
VHRED-EI 36.9 ± 4.7 36.6 ± 5.6 26.6 ± 6.9 39.0 ± 7.0 34.0 ± 5.3 27.0 ± 8.9
VHCR-EI 33.0 ± 6.1 29.0 ± 5.4 38.0 ± 10.1 33.7 ± 7.9 27.3 ± 3.3 39.0 ± 8.6

median Cohen’s  of previous work [1] and explains the larger confidence intervals. Even after
removing ambiguous examples (i.e. where equal number of annotators select each response as being
better), large annotation variation persists. This may be due to subjectivity and ambiguity arising
from different interpretations of <unknown> tokens or the short length of contexts in the CORNELL
corpus (e.g. median length of conversation of 3 utterances). These findings further highlight the
importance of an interactive evaluation as opposed to limited static responses.

5.4 Novel metrics applied to human data and self-play

We examine how the novel psychologically-inspired metrics relate to the trajectories of the 100 best
and 100 worst quality conversations. This is only feasible with interactive evaluation. As shown
in Figure 3, we observe that appropriate sentiment, coherent semantics, and engaging users are
indispensable to attaining high quality ratings in interactive interaction. Comparing EI and baseline
conditions, we see a replication of these trends (Figure 4). For example, EI elicits longer responses
from users (greater engagement), with more laughter and higher semantic coherence.

Figure 5 summarizes the relationships between interactive human ratings and the automated metrics4.
We observe that our sentiment metric applied to human data on its own has higher correlation
with interactive human ratings than the commonly used metrics such as perplexity and embedding
distance metrics. Most importantly, our novel hybrid metric, MH , applied to self-play 5 aggregated
on the model-level is strongly correlated with all human ratings (r > .7), while previous metrics
achieved r < .5. This is a significant finding, suggesting that even without running interactive human
evaluation, we can automatically approximate it through self-play. This metric is agnostic to the
training set and model type and can be calculated on the trajectory of self-play utterances for any
chatbot, regardless of its architecture. One interpretation is that the self-play framework keeps the
conversation within the training set distribution, and the model is less likely to produce <unknown>
tokens. Therefore, MH and its sub-components have meaningful values and can be useful for quality
approximation.

On a realistic conversation trajectory, MH is a hybrid of conflicting objectives and thus is less
susceptible to exploitation [40]. However, the purpose of the self-play metric (M̂H ) in its current
form is a post-hoc evaluation of a dialog model. There are precautions if one intends to directly
optimize for M̂H or its sub-components, for example in a reinforcement learning scenario. The
current formulation of self-play uses trajectories entirely generated by the same model. If one intends
to optimize M̂H , we suggest calculating it on conversation trajectories between the bot and an external
baseline model or a fixed copy [41], or adopting adversarial learning by maintaining a discriminator
to distinguish between real/fake conversations [42]. This implicitly enforces generating realistic
language. Additionally, we have shown how to successfully learn using sub-components of M̂H as
reward functions [43]. [Complete Abdul’s paper citation –AG]

6 Conclusions

A major obstacle in open-domain dialog generation is the predominant optimization of an objective
function that does not closely match human judgment of conversation quality in a naturalistic chat.
In this paper, we have argued that it is necessary to go beyond static evaluation by investigating the

4 For additional correlation results across the human metrics, between Mis and human metrics on a bot-level,
and Spearman and Kendall rank coefficients, see §A.3, §A.4, and §A.5 respectively.

5Analyzing utterance overlap shows that these self-play conversations are distinct from the training corpus
and exhibit high diversity for variational models. Details can be found in §A.13.

8

Table 1: Static evaluation fails to capture a lack of diversity in a dialog model’s responses, as well as its inability
to track the conversation and respond in emotionally appropriate ways. We argue interactive evaluation is needed
to evaluate dialog models, and show that our Emotion+Infersent (EI) models trained on a larger and more diverse
corpus, produce better interactive dialog. We present strong evidence that our novel dialog self-play framework
combined with psychologically motivated novel automated metrics can accurately estimate quality of a model
with respect to its ability to carry out multi-turn open-domain conversations.

Static
HRED - Cornell

Interactive
HRED - Cornell

Interactive
EI HRED - Reddit

Self-play
EI HRED - Reddit

[Context]: you’re weird.
[HRED]: i’m sorry.

[User]: i’m feeling sad today.
[HRED]: no.
[User]: yes i am!
[HRED]: i’m sorry, i’m sorry.
i don’t want to know.
[User]: you’re weird.
[HRED]: i’m sorry.

[User] talk to me
[EI HRED]: it’s my job.
[User]: i love you
[EI HRED]: thank you for the
kind words.
[User]: do you love me?
[EI HRED]: it’s a bit personal,
so I sent you a dm.
[User]: i’m blushing

[EI HRED] i can’t wait to see
what i can do.
[EI HRED] that’s a good idea.
[EI HRED] how do you deal
with people?
[EI HRED] i’ve been on reddit
for a long time.
[EI HRED] i am in the same boat.

is limited in capturing common failure modes of open-domain dialog systems, such as a lack of
diversity in the responses, inability to track long-term aspects of the conversation, and inability to
maintain a consistent persona [6]. Despite this, static evaluation is commonly used for evaluating
these exact qualities [7, 8].

Conversation is inherently a process. In this paper, we argue that multi-turn interactive human
evaluation is essential for evaluating this process, and for making progress in improving open-domain
dialog models. A multi-turn interactive evaluation is open-ended, and allows the users to derive and
control the trajectory of the conversation by saying whatever they want. As opposed to post-hoc
observations of a generated response to a static context, this is an ultimate test of generalization. Table
1 illustrates an example where a bot generates a coherent static response, but interactive evaluation
shows that the distribution of its responses has collapsed onto repeatedly saying the same phrase, a
common problem in open domain dialog [9].

The relative sparsity of interactive human evaluation of dialog systems may relate to the difficulty
and expense of collecting human data. Therefore, we develop a way to approximate human judgment
of interactive dialog quality using a novel form of dialog self-play. We begin by moving beyond
superficial word-level mapping by proposing a series of metrics to evaluate the quality of conversation
motivated by findings in psychology. Specifically, inspired by the effectiveness of sense of humor
in creating solidarity [10], style matching for forming relationship stability and social cohesiveness
[11, 12], and the importance of active listening through forming follow up questions [13], we propose
metrics to capture sentiment, semantics, and user engagement. We then fit a function that predicts
human assessments of conversation quality given these metrics. This function is used to predict bot
quality through self-play: for a fixed number of turns, the bot generates utterances which are fed back
into itself as input in the next turn. The same metrics described above are computed on the self-play
generated conversation, and the same function fit to human data is used to predict the bot quality. We
show a very high Pearson correlation (r > .7, p < .05) between the predicted quality scores and the
ground-truth human judgments of bot quality, suggesting self-play is a good proxy for interactive
conversation assessment.

To demonstrate the relevance of the interactive evaluation and the proposed self-play evaluation, we
perform extended experiments with different hierarchical architectures. In particular, we compare
three recent hierarchical baselines: HRED [5], VHRED [3], VHCR [4]. Motivated by sentiment and
semantics being key aspects of producing high quality conversations, we regularize the top level of
the hierarchy to ensure it encodes such information, using model distillation [14]. Our results show
the effectiveness of the proposed regularization in interactive evaluation in both the human-bot and
the self-play scenarios.

This paper makes three main contributions: 1) demonstrates the necessity of multi-turn interactive
evaluation to capture the quality of the dialog systems; 2) presents a novel self-play framework to
estimate a new psychology-motivated hybrid quality score. These estimations are highly correlated
with quality scores obtained from interactive human evaluation, more strongly than the state-of-the-
art automated metrics; 3) proposes a new method of regularizing hierarchical seq2seq models with
knowledge distillation. All the code, data, and interactive evaluation platform resulting from our
work are publicly available.
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Tab 1. Static evaluation fails to capture a lack of diversity and cannot track long-term aspects of a conversation, 
which interactive evaluation uncovers. Our Emotion+Infersent (EI) models trained on a larger and more diverse 
corpus, produce better interactive dialog. 

 a) b)

Figure 2: Screenshots of our Interactive Evaluation Platform (available at https://neural.chat): (a) chat
window (left) and first part of the evaluation form (right); (b) second part of the evaluation form (to show all
evaluation questions asked).

generated sentences with respect to the target outputs. Another common metric for variational models
is the KL-Divergence between the posterior and the prior distribution, as a way of assessing the
information encoded into the latent variables [21] (Figure 1 illustrates KL for the VHRED model).
More information regarding embedding metrics can be found in §A.7.

Conventional static human evaluation We employ a similar method to previous work for our static
human evaluation of generated responses [3, 4], sampling contexts from each corpus and asking
humans to compare the generated responses. To reduce ambiguity, we exclude contexts shorter
than 10 tokens and contexts containing <unknown> tokens. We recruited participants from Amazon
Mechanical Turk (AMT) to compare generated sentences. Annotators could also select a third “tied”
option. For each example (context and pair of generated sentences), we asked annotators to compare
generated sentences based on quality, fluency, diversity, contingency, and empathy. Each batch of
100 pairwise comparisons were labeled by 6 - 8 annotators.

4.2 Interactive human evaluation

To address the limitations of static human evaluation, we built a platform for conducting interactive
evaluation of dialog models with humans, which we make available in open-source to the community
(see Figure 2). Annotators rated quality, fluency, diversity, relatedness, and empathy of a bot after
interacting with it for at least 3 turns. Participants can also upvote or downvote each bot response.
For more information about this platform, see §A.10. Our goal is to make this work transparent
and reproducible, while adding diversity to the platforms future practitioners can choose to use (e.g.
ParlAI [34], Plato Research Dialog System [35], ChatEval [36]).

4.3 Novel metrics and self-play

Inspired by real-world human interactions, we introduce novel metrics to capture the morphology
of a conversation, i.e., how the users’ responses progress over time and how the bot’s responses
interact with them. We propose a hybrid combination of these metrics, MH , that is optimized to
predict conversation quality on human data. We then apply MH to self-play, i.e., the trajectory of
bot-generated responses, and investigate how it relates to human ratings of conversation quality.

Sentiment metrics To approximate emotional tone of an utterance, we use a state-of-the-art sentiment
detector trained on a large Twitter corpus [32]. This pre-trained model outputs an emotion embedding
– a probability distribution over 64 most-frequently used emojis. To estimate the Sentiment Coherence

between user’s query and generated samples, we calculate the cosine similarity between their emotion
embeddings. We define a set of weights over the 64 emojis and calculate the weighted sum over an
emotion embedding vector to derive a Sentiment score which is higher for positive sentiment and
lower for negative sentiment (See §A.11). We define Sentiment Transition as the change between
user’s Sentiment before and after a bot response. Additionally, Sentiment Min-Max is defined by the
slope of change between min and max Sentiment in user utterances over the course of a conversation.
Since humor can be used to create solidarity [10], we count the number of “ha"s in the user response
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Figure 2: Screenshots of our Interactive Evaluation Platform (available at https://neural.chat): (a) chat
window (left) and first part of the evaluation form (right); (b) second part of the evaluation form (to show all
evaluation questions asked).
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• Conventional static human evaluation (Tab. 4):
o Static human evaluation suggests EI regularization is 

effective due to a higher number of win judgments.
o However, the results are noisy due to large 

confidence intervals and a high percentage of ties.

https://neural.chat/
http://www.r/CasualConversations

