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Abstract
The goal of this work is to build a dialogue
agent that can weave new factual content into
conversations as naturally as humans. We draw
insights from linguistic principles of conversational analysis and annotate human-human conversations from the Switchboard Dialog Act
Corpus, examining how humans apply strategies for acknowledgement, transition, detail
selection and presentation. However, when
current chatbots (explicitly provided with new
factual content) introduce facts in a conversation, their generated responses do not acknowledge the prior turns. This is because, while
current methods are trained with two contexts,
new factual content and conversational history,
we show that their generated responses are not
simultaneously specific to both the contexts
and in particular, lack specificity w.r.t. conversational history. We propose using pointwise conditional mutual information (pcmih )
to measure specificity w.r.t. conversational history. We show that responses that have a higher
pcmih are judged by human evaluators to be
better at acknowledgement 74% of the time.
To show its utility in improving overall quality,
we compare baseline responses that maximize
pointwise mutual information (Max. PMI) with
our alternative responses (Fused-PCMI) that
trade off pmi for pcmih and find that human
evaluators prefer Fused-PCMI 60% of the time.
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Introduction

Social chatbots are becoming viable and are being
widely deployed to converse with humans (Gabriel
et al., 2020). In part, this progress is driven by
advances in neural generation (Adiwardana et al.,
2020; Roller et al., 2020) which can handle a
wide variety of user responses and provide fluent
bot responses. People expect their interactions
with these dialogue agents to be similar to real
social relationships (Reeves and Nass, 1996). In
particular, they expect social chatbots to both use
information that is already known and separately
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!"# : I guess it makes sense that he
coined so many terms since he was
the world's greatest dramatist. Plus,
he wrote so much. He wrote 39
plays!
!"% : Not only did he coin terms, but
he created names. The names
Miranda, Olivia and Jessica were
invented by Shakespeare. I didn't
know those names went so far back!
Conversational
history (!)

&: Shakespeare's works
take on a different
meaning when performed
with an era-appropriate
accent instead of a
modern
one,
often
introducing rhymes or
puns that don't work in
modern pronunciations.

g: That's cool, I wonder if those
names will be in many of
Shakespeare's works that are
performed today. His works take on
a different meaning when performed
with an age-appropriate accent .

New factual
content (&)

Figure 1: Conversational history (h = (h−2 , h−1 ))
and new factual content (k), two largely independent
contexts, are used to generate the response (g).

add new information to the conversation, a principle
for human conversations codified in the given-new
contract (Clark and Haviland, 1977).
Past work has used neural-generated bot
responses for adding new world knowledge (Dinan
et al., 2019; Gopalakrishnan et al., 2019), reviews
(Ghazvininejad et al., 2018) and personality (Zhang
et al., 2018) into conversations. However, the
lack of control over neural generation methods
makes it difficult to reliably use them to introduce
new information. Furthermore, prior work uses
coarse evaluation metrics such as “engagingness”,
“appropriateness” and “informativeness”, that don’t
capture fine-grained traits of human conversations
and hide deficiencies in generated responses.
Psycholinguists and sociolinguists, on the other
hand, have studied human conversations in a variety
of settings and have identified defining conventions,
principles and contracts (Grice, 1975; Clark, 1996;
Krauss and Fussell, 1996) which can guide ML
models and evaluation approaches.
Our first contribution is a detailed analysis
of how human conversations incorporate world
knowledge from a linguistic perspective. We
manually annotate conversations from the Switchboard corpus to identify key traits indicative of

how humans incorporate world knowledge in
conversations. In particular, we find that people
apply four kinds of strategies: (1) acknowledgement of each other’s utterances, (2) transition to
new information, (3) appropriate level of detail
selection and (4) presentation of factual content
in forms such as opinions or experiences.
We would like these strategies to be emulated by
machine-learned models attempting to incorporate
new factual content into conversations. We consider
a simplified task of conversational rephrasing
(see Figure 1), in which the factual content to be
added is not left latent but is provided as a text input
to the model, along with conversational history.
Just as humans do not recite a fact verbatim in a
conversation, we expect the model to rephrase the
factual content by taking conversational context into
account. We derive the data for this task using the
Topical Chat dataset (Gopalakrishnan et al., 2019).
Our second contribution is using information
theoretic metrics to select generated responses
that exhibit human-like acknowledgement.
Fine-tuning a large pre-trained language model
and sampling responses from it with low truncation
decoding (higher top-k, top-p (Holtzman et al.,
2020)) can provide good generations but their
quality is highly variable. We observe that while
maximum pointwise mutual information (Max.
PMI) used in prior work (Li et al., 2016; Zhang
et al., 2020) filters out responses that are not specific
enough, a generated response that simply copies
over the new factual content while largely ignoring
the conversational history can still have high mutual
information (MI) with the input.
To quantify the amount of information drawn
from each context (i.e., new factual content and
conversational history), we propose using pointwise conditional mutual information (PCMI).
We show that responses with a higher PCMI w.r.t
conversational history given factual content (pcmih )
are judged by humans to be better at acknowledging
prior turns 74% of the time.1 Then, we use pcmih to
identify Max. PMI responses that lack acknowledgement and find alternative responses (Fused-PCMI)
that trade off pmi for pcmih . For 10% of the evaluated instances, we are able to find such alternative
candidates and find that despite a lower PMI, human
annotators prefer Fused-PCMI alternative over the
Max. PMI response 60% of the time.1 We release2
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Statistically significant with p < 0.05 (Binomial Test).
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annotated conversations from the Switchboard corpus, code for fine-tuning and calculating scores
along with human evaluations of proposed methods.

2

Strategies for informative conversations

To understand strategies used by humans while
talking about factual knowledge, we annotate turns
in human-human conversations. We adopt and extend Herbert Clark’s approaches to conversational
analysis. According to his given-new contract
(Clark and Haviland, 1977), the speaker tries to
connect their utterances with the given information
(assumed to be known to the listener) and add
new information. This builds up common ground
(Stalnaker, 2002) between the two participants,
defined to be the sum of their mutual, common
or joint knowledge, beliefs and suppositions. We
identify the following four aspects to the process
of adding new information to a conversation.
Acknowledgement strategies According to
Clark and Brennan (1991), the listener provides positive evidence for grounding.
We
classify all mentions of prior context into various
acknowledgement strategies.
Transition strategies According to Sacks and
Jefferson (1995), topical changes happen step by
step, connecting the given, stated information to
new information. We annotate these as different
transition strategies.
Detail selection strategies According to
Isaacs and Clark (1987), the speakers inevitably
know varying amounts of information about the
discussion topic and must assess each other’s
expertise to accommodate their differences. We
posit that each speaker applies detail selection
strategies to select the right level of detail to be
presented and classify utterances as such.
Presentation strategies According to Smith
and Clark (1993), the presentation of answers is
guided by two social goals – exchange of information and self-presentation. While we do not consider
social goals in this work, we hypothesize that people
talk about factual information in non-factual forms
(e.g. opinion, experience, recommendation) which
we classify into various presentation strategies.
Our eventual goal in this paper is to build a system
that conversationally paraphrases facts. However,
in real life conversations, new information can come
from a variety of sources, not all of them relevant
to the task. Thus, for the purposes of this annotation, we divide new knowledge into general, specific

Strategy

Example

Agreement

Prev:
Reply:

Well, I think they are a lot better at making movies than they used to
The quality I think maybe has improved in that respect . . .

Shared Experience

Prev:
Reply:

I am more interested in watching some of the movies that are on TV.
Well, that’s probably what I watch most frequently the movies . . .

Backchannel

Prev:
Reply:

There is a lot of places in the United States I still want to go to.
Uh huh, yeah. Now, have you been to Yellowstone? . . .

Table 1: Some Acknowledgement strategies from Switchboard. Parts of the turns have been omitted for brevity.

and experiential, similar to the division of common
ground into personal and communal (Clark, 2006).
General knowledge is expected to be known to the
population as a whole, whereas experiential knowledge can only be derived from embodied experiences. We categorize all other knowledge as specific
knowledge, which is knowledge that can be “looked
up” but isn’t widely known. We are interested only
in specific knowledge in this work as it is a source of
new information in a conversation and is also likely
to be available as text for machine-learned systems.
2.1

Analysis of strategies

Dataset We annotate part of the The Switchboard
Dialog Act Corpus (Stolcke et al., 2000) which
extends the Switchboard Telephone Speech Corpus
(Godfrey et al., 1992) with turn-level dialog-act tags.
The corpus was created by pairing speakers across
the US over telephone and introducing a topic for
discussion. This dataset is uniquely useful because
as a speech dataset, the conversations are more
intimate and realistic than text-based conversations
with strangers. We annotate conversations on social
topics which might include specific knowledge
(like Books, Vacations, etc.) but leave out ones
about subjective or personal experiences.
First, we look at the prevalence of specific
knowledge (as defined in the previous section) in
our annotated corpus. Out of 408 annotated turns,
111 (27%) incorporate specific knowledge. If we
look at whitespace-separated tokens, turns incorporating specific knowledge account for 56% of
overall tokens. Next, we analyze various strategies
employed in turns containing specific knowledge:
Acknowledgement Strategies We find three
major categories of acknowledgement strategies:
agreement (or disagreement), shared experiences
(or differing experience) and backchanneling
(Table 1). Together, these account for around 60%

of the turns (Figure 2), while around 30% of the
turns offer no acknowledgement corroborating
Clark and Brennan (1991). In certain cases such
as answering a question, the answer itself is an
acknowledgement of understanding the question
and thus any explicit acknowledgement isn’t
necessary (categorized as N/A).
Transition Strategies New information added
to a conversation is semantically connected to the
previous turns using a transition strategy (Table 2;
Figure 2). The discussion theme is typically used
(13%) at the beginning of conversations, or as an
anchor point after a certain conversational direction
has been exhausted. Using commonalities and
differences is a more prevalent strategy (28%) in
the middle of a discussion when a person wants
to steer the conversation in a particular direction.
In other cases, a speaker may elaborate their own
turn (self-elaboration, 32%) with a supportive
listener or may elaborate the other person’s turn
(other-elaboration, 22%) to signal interest.
Detail-selection strategies We find that people
probe the other speaker’s knowledge about an entity
before diving into details about it. Around 50% of
times, an entity is introduced just by name and without any details (introduce entity) compared to 66%
of times when the details are laid out (details). Note
that a turn can have both labels, i.e. it can introduce
an entity for the first time, can have details about
it and also introduce another entity. Interestingly,
sometimes an entity’s name is omitted (7%), either
as an abstraction or because they can’t recall, creating an opening for the other speaker to chime in.
Presentation strategies A single utterance can
have multiple modes of presentation. In Figure 2,
we can see their frequencies in our annotated corpus.
Surprisingly, a factual (objective) statement of
specific knowledge occurs only 25% of times,

Shared
experience

Commonality
None

26%
29%
18%

Agreement

5%
15% 7%

Backchannel

Differences

Discussion
Theme
Other
None
N/A

Acknowledgement

21%
7%
13%
5%

Elaborate
Other
22%

32%

Elaborate
Self

Transition

Experience
Opinion
Statement
Answer
Question
Others
Fact. Stat.

53%
34%
25%
16%
9%
7%
25%

0

50

Presentation

Figure 2: Distribution of acknowledgement, transition and presentation strategies

Strategy

Example

Commonality
(with new topic)

Prev:
Reply:

... interested in watching some of the movies that are on T V ...
... like nostalgic older movies ... like the MARX BROTHERS ... .

Differences
(with new topic)

Prev:
Reply:

... I go from classical all the way to, uh, jazz and country ...
... certain types of country western I can’t handle that twangy stuff,

Elaborate other
(same topic)

Prev:
Reply:

And it was shocking at the end too. So, Absolutely. Uh, but much more true to life and I think that is, the point.

Elaborate self
(same topic )

Self:
Prev:
Reply:

how to build things and, um, they have a calligraphy show, I watch that.
Oh, that’s nice.
And, um, they have a lot of cooking shows, And, oh, you know ...

Discussion Theme

Prev:
Reply:

... But other than that, I like pretty much everything.
so, other than, uh, - as far as instruments, I can go from piano to the ...

Table 2: Some Transition strategies from Switchboard corpus. Parts of the turns have been omitted for brevity.

whereas a subjective rendering as an experience
(53%) or opinion (34%) is more common. Questions (9%) and answers (16%) often occur as
adjacency pairs. Other modes (7%) include specific
knowledge-based recommendations or hypotheses.
Implications for dialogue agents Among the
four strategies outlined above, transition involves
choosing new factual content to be introduced. This
is a hard task that needs methods from the field of
information retrieval and we consider it beyond
the scope of this work. On the other hand, based
on advances in neural language generation and the
authors’own experience, we find that current methods demonstrate detail selection and presentation
strategies to an acceptable degree. However, neural
generation methods fail to acknowledge prior
turns as well as humans do, because the generated
responses are not specific w.r.t conversational
context. In the following section, based on this key
insight, we propose methods to select generations
with better acknowledgement, thus significantly
improving their overall quality.

3

Methods for human-like rephrasing

In this section, we first define the task of conversational rephrasing followed by the description of
our approach. We use a base model to generate
candidate responses and select a single best
response. The candidates are of variable quality and
the goal is to pick the most human-like candidate
as the best response. As a scoring function, we first
consider pointwise mutual information (PMI) (as
used by Zhang et al. (2020)) between the generated
response and the conversational contexts (i.e. new
factual content and conversational history) but show
that it might not be specific to conversational history.
Instead, we propose using pointwise conditional
mutual information (PCMI) to maintain specificity
with conversational context. As we shall see later,
it also serves as a measure of acknowledgement.
Finally, we propose a combination of PMI and
PCMI scores to select overall better quality
responses than we could have with PMI alone.
Conversational rephrasing We define conversational rephrasing as a generation task where

conversational history (h) and new factual content
(k) are inputs and a response (g) is generated as
the output (as shown in Figure 1). We expect the
generation g to paraphrase the new factual content
k in a conversational manner by utilizing the conversational history h. Not including the prior task of
finding the right k simplifies the task and analysis.
Base model As is standard, we train a sequence
to sequence model to take h and k as input and generate g as the output with the language modelling
loss, i.e. we minimize the token-wise negative log
likelihood. During generation, we sample tokens
autoregressively from left-to-right. While sampling
each token, we truncate the probability distribution
using nucleus sampling (Holtzman et al., 2020)
but keep top-p very high, implying less truncation.
Thus, by using the base model, we are able to
generate multiple diverse candidates and our task
is to now pick the best candidate.
PMI for overall specificity Language models
can produce unspecific responses that may be
bland and low-quality. Li et al. (2016) suggest
improving their quality by selecting the response
with maximum PMI (referred to as MMI in their
work) to maintain specificity. Pointwise Mutual
Information (PMI) between two events (x, y) is a
measure of change in the probability of one event
x, given another event y: pmi(x;y) ≡ log p(x|y)
p(x) . We
use pmi to determine the increase in likelihood of
g, given h and k.
pmi(g;h,k) = log

p(g|h,k)
p(g)

A high PMI indicates that a candidate generation
g is more likely given the two contexts h and k
than otherwise and is therefore considered specific
to the contexts. While we can discard a low PMI
candidate because it is specific to neither context,
we cannot necessarily conclude that high PMI is
specific to both the contexts simultaneously, since
mutual information could come from either context.
PCMI for contextual specificity Pointwise
Conditional Mutual Information (PCMI) considers
a third variable (z) and removes information due
to z from pmi(x;y,z) to keep only the information
uniquely attributable to y.
pcmi(x;y|z) = pmi(x;y,z)−pmi(x;z)
We propose using pcmi for contextual specificity,
i.e. pcmih = pcmi(g;h|k) for specificity w.r.t to

conversational history h and pcmik = pcmi(g;k|h)
for specificity w.r.t new factual content k.
Since acknowledgement strategies are primarily
based on the history of the conversation so far, we
would expect candidates with higher pcmih to exhibit more human-like acknowledgement strategies.
As a point of comparison, consider using
pmi(g;h) instead of pcmih and the case where k
and h have topical overlap (common in this setting).
If g merely copied over the new factual content
k without any reference to h, it would still have
a high pmi(g; h) but a low pcmih . For instance,
in Figure 3, the word Shakespeare is common to
both contexts, so it has high pmi(g;h) but has a low
pcmih because it is not unique to h.
Combining PMI & PCMI for overall quality
To show the utility of pcmih in improving overall
quality, we propose a heuristic method to find a
more balanced response (Fused-PCMI) than the
Max. PMI response. For every Max. PMI response
with a low pcmih , we consider an alternative that
has both high pcmih and an acceptable PMI. If
such an alternative is found, we select that as the
Fused-PCMI response; otherwise we default to the
Max. PMI response as the Fused-PCMI response.
We consider a PMI score in the top 50% of the
candidate set as acceptable. To compute pcmi
thresholds, we calculate quantiles based on the
entire validation set and consider pcmih in the first
quartile to be low and pcmih in the fourth quartile
to be high. Note that there may exist yet better
ways of combining the two scores to pick the best
candidate but we leave that for future work.

4

Evaluation Setup

We derive data for the conversational rephrasing
task (as outlined above) from the Topical Chat
dataset (Gopalakrishnan et al., 2019). We then
use it to fine-tune a large pre-trained neural
language model. This forms the base model as
described in Section 3. To evaluate our proposed
methods, we design three experiments and perform
a comparative study with human annotators.
Topical Chat Dataset This is a human-human
chat dataset where crowd-workers were asked to
chat with each other around certain topics. They
were provided with relevant interesting facts from
the “Today I learned” (TIL) subreddit which they
could use during the conversation. TILs are are
short (1–3 sentences), self-contained, interesting
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Figure 3: Token-wise probabilities (top), pmi (middle) and pcmi (bottom) scores for the generated response g from
Figure 1. The pcmi graph is computed from the pmi graph which in turn is computed from the probability graph.
Tokens predictable without h, k (e.g. ’s), have high probability but low pmi. Tokens unique to either context (e.g.
Shakespeare) have high pmi but low pcmi. Tokens unique to conversational history h (e.g. names, today) have high
pcmih . Tokens unique to new factual content k (e.g all of last sentence) have high pcmik .

facts, most of them from Wikipedia articles. When
an utterance can be matched to a TIL (based on
a low TF-IDF threshold of 0.12), we create an
instance for the conversational rephrasing task;
with the utterance as g, the two previous utterances
as h and the corresponding TIL as k. We split
the instances into training, validation and test sets
(sizes in Section A.1) such that all utterances about
an entity belong to the same set.
Base Model We use the GPT2-medium model
(24-layer; 345M params) pretrained on the English
WebText dataset (Radford et al., 2019) as implemented in HuggingFace’s TransferTransfo (Wolf
et al., 2019b,a) framework. Fine-tuning is performed using the language modelling objective on
the training set with default hyperparameters until
lowest perplexity is reached on the validation set.
During generation, we sample tokens using nucleus
sampling (Holtzman et al., 2020) with p = 0.9 and
temperature τ = 0.9 and get candidate responses.
To compute auxiliary probabilities {p(g|h), p(g|k),
p(g)} for these candidates, we use separate ablation
models. The ablation models are trained similarly
to the base model but after removing respective
contexts from the training inputs.
4.1

Experiment Design

To validate our proposed methods, we do a comparative study (on Amazon Mechanical Turk) where
human annotators are shown two prior turns of
conversational history and asked to choose between

two candidate responses. Annotators are allowed to
mark both candidates as nonsensical if the responses
don’t make sense. In Section A.2, we show the
interfaces used to collect annotations from Amazon
Mechanical Turk. Each pair of responses was
compared by three annotators and we consider a candidate to be better than the other when at least two of
them agree upon it. For each of the following three
experiments, we compare 100 pairs of candidates
generated using instances from the test set.
Exp 1: PMI and overall quality We first reconfirm that high PMI responses are overall better.
To do so, we first generate 10 responses for each instance and compare the response having maximum
pmi(g;h,k) (Max. PMI) with a randomly chosen
response from the remaining 9. We ask human annotators to pick the overall better candidate response.
Exp 2: pcmih and acknowledgement We test
if responses having high pcmih provide better
acknowledgement. To do so, we first sample 100
responses (larger than previous experiment) and out
of all possible pairs keep those with |∆pcmih | > 15
(larger than population interquartile range; see
Figure 4). To control for the amount of new information being added, we pick pairs with closest values
of pcmik (recall that pcmik denotes information
uniquely attributable to k). Such selected pairs have
Median|∆pcmik | = 0.42. We ask annotators to pick
the response that provides better acknowledgement
and select the span of text that indicates it.
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pcmih
pmih
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Figure 5: Human annotated text-spans indicative of
acknowledgement contribute a large fraction to pcmik
but little to pcmih

0
0
All candidates

Max. PMI

Fused-PCMI

Figure 4: Distribution of pcmik (left) and pcmih
(right) for All candidates, Max. PMI responses and
Fused-PCMI responses. Note that they are on different
scales. Red horizontal lines indicate 75% quartile for
All candidates. Max. PMI responses have high pcmik
(median above red line), but low pcmih . Fused-PCMI
responses show balanced yet high pcmih and pcmik
(medians cross red lines).

Exp 3: Fused-PCMI vs. Max. PMI We test if
the proposed method, Fused-PCMI (that combines
PMI and PCMI) selects better responses than
Max. PMI. For Fused-PCMI, we set low and high
pcmih thresholds to be 5 and 14 respectively based
on population quartiles. For instances where the
Fused-PCMI response is different from the Max.
PMI response, we compare the two. We consider
10 candidate responses for each test instance
and find that around 10% of the instances have
Fused-PCMI response different from Max. PMI
response. Human annotators are then asked to pick
the overall better response of the two.

5

Results & Analysis

PMI indicates overall quality Based on human
annotations, majority decision was reached on 87
out of 100 instances from Exp 1. Out of the 87
instances, the Max. PMI generation was picked
by consensus in 55 instances (63.21%) over the
randomly chosen response.3 Furthermore, if PMI
of the random response was in the top 50% of the
candidates (ranked acccording to their PMI), then
the Max. PMI response is preferred only 52% of the
time (not significant). On the other hand, if it was
in the bottom 50%, then the Max. PMI response is
preferred 74% of the time.3 Thus, PMI is useful for
filtering out bad samples, but not necessarily for
selecting between the good samples.
3

Statistically significant with p < 0.05 (Binomial Test).

Max. PMI favors factual content We investigate if the Max. PMI response is specific to
both contexts (h and k) simultaneously. Recall
that pcmih and pcmik measure content unique to
respective contexts. In Figure 4, we see that Max.
PMI responses have high pcmik (median crosses
75% quartile) compared to all candidate responses.
On the other hand, pcmih does not increase as
much (median does not cross 75% quartile). This
is because there is an assymetry between the two
contexts and simply copying over content from
k can lead to a large increase in pmi. Thus, we
conclude that Max. PMI responses are highly
specific to k but not specific enough to h.

pcmih indicates acknowledgement Out of
100 instances in Exp 2, majority decision was
reached by human annotators for 95 instances.
The candidate response with higher pcmih was
chosen as providing better acknowledgement
than the one with lower pcmih in 70 instances
(74%).3 Moreover, text-spans annotated by human
annotators to indicate acknowledgement contribute
to 47% (median) of pcmih , whereas they contribute
only around 5% (median) of pcmik , as can be
seen in Figure 5. Thus, we conclude that pcmih is
representative of acknowledgement and localizes
it to individual tokens as well.

Fused-PCMI is better than Max. PMI Out
of 100 instances in Exp 3, majority decision was
reached by human annotators for 99 instances, out of
which Fused-PCMI was preferred 59 times (60%) 3 .
Moreover, as can be seen in Figure 4, Fused-PCMI
increases both pcmih and pcmik (medians cross
75% quartiles), indicating that the responses are
specific to both h and k. From this, we conclude that
Fused-PCMI responses are specific to both contexts
and are overall better compared to Max. PMI.

6

Discussion & Conclusions

Prior work has proposed datasets and models for incorporating Wikipedia article snippets (Dinan et al.,
2019; Parthasarathi and Pineau, 2018), foursquare
tips (Ghazvininejad et al., 2018) and Reddit TILs
(‘Today I learnt’) (Gopalakrishnan et al., 2019) into
conversations. Ren et al. (2020); Meng et al. (2020)
propose models to select new factual content from
a given document for “background-based conversations”. In this work, take a linguistic approach and
identify the main strategies used by humans while
including new factual content in conversations.
Our focus is to make the generated responses more
human-like with regards to these strategies. We find
that current models provide poor acknowledgement
due to lack of specificity towards conversational
history. We find evidence that while PMI is good
at filtering out bad responses, it biases the chosen
response towards having new factual content at
the expense of acknowledgement. Separately, we
establish that samples with higher pcmih provide
better acknowledgement. Finally, we propose
Fused-PCMI, a heuristic method to combine pcmih
with pmi and show that it improves overall quality
compared to Max. PMI. A current limitation is that
Fused-PCMI finds better alternatives over Max.
PMI in only 10% of the instances because of the
strict pcmi thresholds in the heuristic. There are
opportunities for combining the scores in better
ways, which we leave for future work.
Forward ablation models The utility of PMI in
maintaining specificity of responses in dialogue
was first proposed by Li et al. (2016) and recently
revalidated by Zhang et al. (2020). They use a
backward scoring model that computes probability
of the contexts given the generation. On the other
hand, in our forward ablation models, we remove
contexts and compute probability of the generation.
While these may lead to the same mathematical
formulation, there are two advantages to using
forward ablation models. Firstly, the pmi (and
pcmi in our case) can be computed individually
for each generated token, enabling fine-grained,
span-level analysis. Secondly, the backward model
conditions on human responses during training but
on model-generated responses during inference
(which are from two different distributions).
Whereas, there is no such train-test distribution
mismatch in our forward ablation models, leading
to more accurate pmi and pcmi scores.

Future work based on linguistic insights In this
work, while we make progress on improving the ability of current models to provide acknowledgement,
insights from linguistic analyses of other strategies
(Section 2) are yet to be applied. For transition
strategies, methods that retrieve new factual content
based on commonalities and differences would be
pertinent for topical transitions, whereas methods
that measure user interest and initiative would be
important for choosing between self-elaboration or
other-elaboration. Based on analysis of presentation
strategies, dialogue agents cannot seem human-like
until they express experiences and opinions as often
as humans do. However, if they do so, it raises
questions about the ethical responsibility of ascribing opinions and embodied experiences to virtual
agents. Lastly, while our analysis of detail selection
strategies provides a starting point, we believe
there is a need for a deeper understanding based on
linguistic principles of pragmatics. These principles
can guide models to avoid both abrupt introduction
of new factual content and unnecessary repetition
of content that has already been introduced.
Factual correctness There is increasing concern
about neural language models producing factually
inaccurate generations (Kryscinski et al., 2020).
While this work doesn’t tackle that problem, it
provides clues towards fixing it. Astute readers
might notice how “era-appropriate” (from k in
Figure 1) is replaced with “age-appropriate”
(from g in Figure 3). We can observe a sharp
dip in p(g|k) for the token “age” indicating that
it is relatively unlikely compared to surrounding
tokens. If a model were to compare it with “era” (a
high probability counterfactual sample), it could
potentially figure out that they are not equivalent.
In this work, we see that linguistic analysis
can lead to improvements in neural generation
methods that provide better acknowledgement.
Our proposed strategy to select the best candidate
response, Fused-PCMI, leads to better quality
responses than Max. PMI. As discussed in this
section, our linguistic analysis also lays the
groundwork to improve upon other strategies for
more human-like informative conversations.
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A
A.1

Appendix
Experimental details

Each model (main and ablation) was trained on a
single NVIDIA Titan Xp GPU for 5 epochs and took
approximately 8 hours to train. The training dataset
had 51407 instances, validation 2491 and test 2728.
The Topical Chat dataset and Switchboard corpus
are in English language. The main model used for
response generation had a validation loss (average
negative log liklihood) of 2.05 which it reached
after 2 epochs.
A.2

Annotation Interfaces

Figure 6: Annotation interface for Best PMI v/s rest

Figure 7: Annotation interface for acknowledgement differences due to pcmih

