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Abstract
In language development, children learn to form Question–Answer (QA) sequences through caregiver feedback
that adapts dynamically to their evolving linguistic abilities. Using expert annotated child-caregiver interaction, we
examine four feedback types that guide children’s acquisition of adult-like QA behaviour: caregiver instructions
through reformulating and affirming a child’s output as well as caregiver demonstrations through exemplifying and
modelling adult-like behaviour. Our analysis reveals that feedback incidence, frequency and complexity progress
and adapt over the course of development, akin to a tailored curriculum for pragmatic development. We release our
annotated dataset which offers a rich resource for studying pragmatic feedback and provides the first large-scale
empirical evidence of adaptive, tailored caregiver feedback on QA behaviour. Keywords: Dialogue, Language
Acquisition, Pragmatics, QA Feedback, Child development, Repetition

1. Introduction

Caregivers provide feedback to children in dia-
logue using strategies such as repetition, correc-
tive input, and exposing them to adult conversa-
tion (Snow, 1977; Bohannon and Stanowicz, 1988).
As children’s linguistic competence grows, the na-
ture and frequency of the feedback they receive
should adapt accordingly (Snow, 1977), supporting
a gradual progression from simple to more sophis-
ticated language use (Wood et al., 1976). Prior
research has primarily examined how caregiver
feedback supports syntactic development (Marcus,
1993; Hiller and Fernández, 2016), leaving open
questions about how context-specific modelling of
adult behaviour contributes to the acquisition of
pragmatic competence. Addressing this question is
urgently needed because of growing evidence that
language is learned in and through child-caregiver
interaction (Clark, 2020). A promising phenomenon
for studying pragmatic development is the acquisi-
tion of question-answer (QA) behaviour because
adult-like QA behaviour requires an understanding
of turn-taking, adjacency pairs, the relational over-
lap between questions and answers, and default
mappings of clause types and speech acts. These
properties have made question and their answers
the central topic for understanding conversational
dialogue, both in its development of shared beliefs
(Stalnaker, 1978) and the relation between individ-
ual conversational moves (Roberts, 2012).

We therefore investigate caregiver feedback on
early QA exchanges as a locus for understanding
how pragmatic competence emerges via interac-
tion. While previous investigations of caregiver
feedback have targeted caregiver interventions and
its relation to vocabulary growth (Ramírez et al.,
2020) or morphosyntactic development (Hiller

and Fernandez, 2016; Nikolaus et al., 2022), we
propose that QA feedback represents an important
window into the role of caregiver intervention on
early pragmatic development. Our work expands
the scope of prior work to include the distinction
between functionally distinct feedback types, pre-
dicting that their onset, incidence and complexity
will dynamically adapt to the learner’s competence,
thereby forming something akin to an unconscious
curriculum of responsive input. Learning via
exposure to a progression of increasingly complex
examples has received considerable attention in
the training of large language models under the
notion of curriculum learning (Bengio et al., 2009),
as has learning through feedback (Bai et al., 2022).
If the goal is to develop more human-like models of
language, then developmentally plausible reward
signals offer a promising direction (Stöpler et al.,
2025), enabling language models to learn through
communicative success. Yet, an open question re-
mains: Can systems that have been demonstrated
to be successful for morphosyntactic and semantic
output, also learn from developmentally plausible
pragmatic feedback? While this question presents
several challenges—particularly in identifying
the different functions of pragmatic feedback as
meaningful learning signal—our work takes an
initial step toward addressing it by examining the
nature and properties of pragmatic feedback in
child language acquisition.

We thus annotate1 and analyse a large collection
of four functionally distinct QA feedback types
(Heim et al., 2025) in early child-directed dialogue
corpora on CHILDES (MacWhinney, 2000),
showing their onset, incidence and complexity vary
systematically with development in distinctive ways.

1Corpus and analyses at: https://github.com/
the-context-lab/childQAfeedback

https://github.com/the-context-lab/childQAfeedback
https://github.com/the-context-lab/childQAfeedback


11462

We evaluate the ability of current large language
models to recognize these pragmatic distinctions,
finding that the LLM-as-a-judge approach, for the
models we investigate, performs poorly on the
nuanced pragmatic categories central to our study.
Finally, while we create a comparatively large, rich
resource of hand-annotated pragmatic feedback
examples, we demonstrate that these can be
useful to train automatic annotators that scale our
data and enable us to analyse incidence and onset
across CHILDES. We contribute a large-scale,
expert annotated dataset of caregiver feedback
QA sequences, from which we provide the first
large-scale evidence that pragmatic caregiver
feedback shows a curriculum-like, functionally
diversified progression over early language
development, suggesting a naturally structured
sequence of how caregivers engage with their
children’s early pragmatic output.

2. Background

2.1. Child directed feedback

There is growing consensus that language learning
happens in and through social interaction between
caregivers and their children (Clark and Wong,
2002; Hoff, 2006; Rowe, 2012). Even approaches
firmly believing in innate, language-specific capac-
ities now acknowledge that caregiver input and
its frequency play an important role in account-
ing for the stability and pace of language develop-
ment (Yang et al., 2017). Input in the form of care-
giver feedback is provided through various forms,
such as corrections of non-adult child utterances
(Demetras et al., 1986), repetitions (Bohannon and
Stanowicz, 1988), reformulations (Chouinard and
Clark, 2003), as well as corrective feedback (Hiller
and Fernández, 2016) and communicative feed-
back (Nikolaus and Fourtassi, 2023), which con-
stitute a multi-layered engagement from the care-
giver with the child’s learning process. Intensionally
exposing children to complex constructions or re-
casting their output with targeted constructions, for
instance, provide children with learning opportu-
nities to adopt adult-like linguistic forms, aiding in
syntactic and lexical development (Nelson, 1977).
Likewise, a combination of recasts and corrections
allow children to recognize and refine their errors
(Farrar, 2020). These caregiver interventions help
children learn the structural aspects of language
as evidenced for both morphological (Clark, 2018)
and syntactic (Hiller and Fernandez, 2016) devel-
opment. However, we are only beginning to un-
derstand the role of these interventions for the de-
velopment of pragmatic language skills, including
turn-taking, conversational repair, and understand-
ing social cues in communication (Dunn and Shatz,

1989; Clark, 2020; Nikolaus and Fourtassi, 2023).
It is yet to be shown how these individual cues con-
verge in early attempts of participating in dialogue.

We focus on QA behaviour because it captures
a central ingredient of human interaction. Conver-
sational dialogue is said to be structured by an
ordered set of implicit or explicit questions that
seek a shared understanding of what the (imme-
diate) world is like (Roberts, 2012). The fabric of
a conversation is therefore composed of conver-
sational moves that establishes these questions
and those that address them. The relations be-
tween these moves also explains how this fabric is
held together: if the relation between question and
answer is not obvious, interlocutors must negoti-
ate the relevance of a contribution (Heim, 2025).
Adult-like QA-behaviour therefore goes beyond un-
derstanding how to identify a correct question or
answer; it requires an understanding of their rela-
tion, or congruence. What can aid the recognition
of this functional congruence is an overlap in form.
So-called information-questions (which include a
wh-pronoun) are prime examples of lexical overlap
between questions and their answers because they
contain identical lexical strings (Reich, 2002). We
exploit this form-based overlap to identify relevant
instances of caregiver feedback on QA behaviour.

2.2. Mining dialogue interaction patterns
Large-scale examination of dialogue data from the
CHILDES database (MacWhinney, 2000) has shed
light on properties of child-caregiver interaction
across language development. One characteristic
of these dialogues is the between-speaker repe-
tition between child and caregiver. Sinclair et al.
(2021) observe that this repetition of both lexical
and morphosyntactic constructions is highly local,
as well as asymmetric; that is, the caregiver is far
more likely to repeat the child than the child is to
repeat the caregiver. This repetition can take the
form of echoes, immediately adjacent repetition of
the interlocutor’s prior utterance (Takahashi, 1991),
which this local finding captures.

Feedback will not always consist of direct repe-
tition. Indeed, the characteristic of corrective feed-
back is in reformulation; of subject omission er-
rors (Hiller and Fernández, 2016), development of
speech acts (Nikolaus et al., 2021), dependency
length minimization (Liu and Wulff, 2023), grammat-
icality (Nikolaus et al., 2024), and response contin-
gency (Agrawal et al., 2024). A key challenge for in-
vestigating caregiver interventions of different forms
lies in the identification of patterns across different
pragmatic categories of interaction. These patterns
cannot be captured through simple repetition-based
or similarity metrics. Instead, much like intent
recognition or speech/dialogue act classification,
they require a more context-aware approach where
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the preceding utterances (Raheja and Tetreault,
2019; Tanaka et al., 2019; Ahmadvand et al., 2019),
speaker details, temporal information, and indeed
punctuation (Malhotra et al., 2022; Żelasko et al.,
2021) are often crucial for correctly determining
the label of a given speech act. From a cognitive
science standpoint, this context is essential, as it
is equally important to humans when predicting
dialogue act intents (Linders and Louwerse, 2023).

Influenced by more recent work demonstrating
the effectiveness of pre-trained transformer archi-
tectures for exploiting context and structure in di-
alogue act (Żelasko et al., 2021) and sentence
structure (Liu and Wulff, 2023), we explore effec-
tive approaches for interaction-sequence labelling—
comparing a BERT-based (Devlin et al., 2018) pre-
diction model to a simpler logistic regression model
using linguistically-motivated semantic and informa-
tion theoretic features—and develop a sufficiently
effective automatic labelling technique to scale up
our analyses.

3. Question-Answer Feedback

Caregiver Feedback

Demonstration

Modelling Exemplifying

Instruction

Reformulating Affirming

Figure 1: Taxonomy of caregiver feedback types.

We focus on caregiver feedback in response
to early question–answer (QA) sequences in
dialogue, including both responses to child at-
tempts and adult-initiated modelling. All feedback
types we examine relate to the child’s developing
understanding of the functional congruence of QA
sequences, that is, how an answer appropriately
satisfies the intent of a preceding question.
Building on our work in (Heim et al., 2025), we
focus on four functionally distinct types of caregiver
feedback. These map on two broad pedagogical
functions strategies: instructing the child on how
to adjust their QA behaviour, and demonstrating
adult-like QA behaviour.2 Examples of each
interaction type can be found in Table 1. 3

2Appendix A.2 provides formal definitions of the feed-
back categories and details of the annotation guidelines.

3Depending on the surrounding context, utterances
can form part of multiple feedback types. e.g. Modelling
could form part of Exemplifying: C: where Christmas
cookies ? A: where are the Christmas cookies ? A:
they’re all gone ., Exemplifying can also consist of Refor-
mulating e.g. C: where Christmas cookies ? A: where
are the Christmas cookies ? A: they’re all gone.

Demonstration strategies Some caregiver feed-
back serves to supply the child with an example
of an adult-like QA sequence. These can be ei-
ther adult initiated; whereby the desired QA be-
haviour is modelled by the adult in response to an
(extra)linguistic event, or it can be an adult exten-
sion of a child-initiated question attempt, whereby
this question is extended to a full QA-sequence into
an example. Modelling is thus defined as adult
initiated behaviour where an adult demonstrates
a full QA sequence; and Exemplifying as a child
initiated behaviour where an adult repeats a child’s
question and provides an answer to it.

Instruction strategies Some QA feedback is
more deliberate and directly responds to child’s at-
tempt at QA behaviour, often with some non-adult
phrasing during the early stages. Reformulating,
is defined as feedback where an ill-formed ques-
tion is reformulated by the adult. This feedback
most closely matches other studies into corrective
feedback and can serve as a counterpoint for mor-
phosyntactic development. Affirming is defined
as an adult confirmation of a child attempt at a
QA sequence. This confirmation is often made
through repeating parts of the answer or validating
it, thereby providing indirect evidence for adult-like
QA behaviour.

Adult Echoes We additionally examine adult-
repetitions of child utterances, which also serve
to ratify children’s utterances (Clark and Bernicot,
2008). Echoing the ambient language plays a key
role in first language acquisition in both children’s
output and caregiver feedback. We pay special
attention to echoes, the direct repetition of a pre-
ceding child utterance by the adult. Echoes can,
but not must coincide with exemplifying. This rep-
etition can also be a recast with a perspective or
pronoun change e.g. C: what are you doing? A:
what am I doing?, or the partial repetition of the
preceding utterance e.g C: Where doggy? A: The
doggy?.

4. Data

We extract data from the English portion of the
CHILDES Database (MacWhinney, 2000),4 a re-
source of high-quality linguist-curated transcripts of
naturalistic dialogues between adults and children
of varying ages. We select only those transcripts in-
volving children between the ages of 1 and 4 years
old (12-48 months), that consist of only a single
child interacting with no more than 5 adults. This
resulted in 2,026 transcripts, of 46 children, with an

4This resource is available at
https://childes.talkbank.org/access
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Modelling Exemplifying Reformulating Affirming
A: What does the doggy say?
A: Woof-woof.

C: What doing ?
A: What’s he doing ?
A: He’s putting that flower into
some water .

C: What doing Nana?
A: What’s Nana doing?

C: What’s this?
C: Pyjamas.
A: Pyjamas, right.

Adult gives an example of how
to answer a question by asking
a question, then answering it
themselves.

Child asks a question, and
Adult repeats or reformulates
the question and answers it

Child asks a question, then
Adult rephrases it to give
the corrected version of that
question

Child asks a question and an-
swers it themselves, Adult re-
peats the correct answer, to
confirm it.

Table 1: Caregiver Question-Answer feedback definitions and examples.

average of ∼1000±600 utterances per dialogue, of
that ∼37% belonging to the child.

4.1. Corpus annotation & analysis

To facilitate the extraction of examples of each feed-
back category—as well as Adult Echos to com-
pare their incidence and properties to the other
implicit feedback types we consider—, we devel-
oped a rule-based approach with linguistic heuris-
tics to distinguish QA feedback types. Key fea-
tures included speaker sequence, punctuation pat-
terns, and lexical overlap between utterances. This
method yielded 82,409 Modelling, 1,296 Exempli-
fying, 5,540 Reformulating, and 591 Affirming can-
didates for human annotation.

A representative subset (∼400 per category) was
manually annotated by the second and third au-
thors, both academics & expert linguists. Our ex-
pert annotators were provided with an utterance
sequence along with five preceding turns for con-
text. This annotation process was done whilst defin-
ing and iteratively refining an annotation scheme
to allow for less expert future annotation efforts.
To assess guideline robustness, the first and last
authors annotated a final sample—including previ-
ously agreed items plus an additional 200 per cat-
egory—yielding 0.8 agreement with expert labels
and 0.83 between annotators. Remaining uncer-
tainties within the second batch of items were re-
viewed and resolved by an expert annotator. These
results indicate that the guidelines are sufficiently
robust, and yielded what we are satisfied are high-
quality labels.

A total of 1401 Modelling, 595 Exemplifying, 1052
Reformulating and 591 Affirming feedback candi-
dates were annotated, resulting in 250 Modelling,
238 Exemplifying, 284 Reformulating and 214 Af-
firming examples which make up our dataset. 5 An
overview of the data can be found in Table 2.

5To validate that the rule-based filtering does not ex-
clude a substantial number of valid candidates, we manu-
ally annotated 100 discarded items and found only 0.25%
were incorrectly excluded—sufficiently low to justify the
efficiency gains.

5. Measures

We define the following measures, used to analyse
the extracted feedback types in Section 7. These
are also used in our rule-based filter, as well as to
extract features for the classifiers in Section 6.

Vocabulary Overlap . To calculate the vocab-
ulary overlap (VO) between two utterances, we
exclude stop words6 and punctuation, then deter-
mine VO as the ratio of shared words between the
current utterance uc and the previous utterance up.

VO =
|uc ∩ up|

|uc|
(1)

Perplexity We take perplexity, as estimated by
GPT2 (Radford et al., 2019), as a useful proxy for
how well-formed an utterance is: our hypothesis
being that differences in perplexity in adjacent utter-
ances can capture useful information for predicting
feedback. We measure the perplexity P (U) of an
utterance U consisting of of words w—where N
is the total number of words in the sequence and
P (wi) is the probability of each word wi as pre-
dicted by the model—as:

P (U) = exp

(
− 1

N

N∑
i=1

log2 P (wi)

)
We hypothesise that badly-formed utterances

made by children will exhibit higher perplexity com-
pared to adult utterances, suggesting that these
are the regions where feedback is required for the
children. We compute the perplexity of an utter-
ance given the 5 previous utterances preceding it.7
We also compute the perplexity difference as the
difference in perplexity in two adjacent utterances:

∆P (Ui, Ui+1) = P (Ui)− P (Ui+1)

6For this analysis, the list of stop words used is based
on the compilation outlined by (Hiller and Fernández,
2016), which represent the 100 most commonly occurring
words within the CHILDES dataset (MacWhinney, 2000).

7Details can be found in Appendix B.1.
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M E R A
Age 0-2 2-4 0-2 2-4 0-2 2-4 0-2 2-4
Pos. examples 99 151 83 155 145 139 30 184
Neg. examples 510 642 67 289 236 533 49 329
Utt. length

Adult 7.54 ± 3.15 9.97 ± 4.59 8.43 ± 2.99 10.92 ± 5.17 4.35 ± 1.67 5.07 ± 2.37 4.60 ± 3.86 6.38 ± 4.73
Child - - 3.16 ± 1.44 4.58 ± 2.14 2.90 ± 1.38 4.32 ± 2.24 5.0 ± 2.13 7.97 ± 4.05

VO 0.13 ± 0.26 0.11 ± 0.22 0.50 ± 0.17 0.47 ± 0.22 0.46 ± 0.19 0.56 ± 0.19 0.39 ± 0.17 0.39 ± 0.21

Table 2: QA Feedback properties. Utterance length (Utt len) of child and adult utterances, and Vocabulary
Overlap (VO). M: Modelling. E: Exemplifying. R: Reformulating. A: Affirming. In total our dataset comprises
3639 annotations (both Pos. and Neg.), of which 986 are examples of the feedback we analyse.

such that a high positive value of perplexity dif-
ference indicates the later of the two is the less sur-
prising (e.g., where a child utters a poorly formed
question with high perplexity, and the adult corrects
with a well-formed alternative with lower perplexity,
∆P is positive).

Cosine Similarity We compute the sentence em-
beddings of all utterances in the feedback pair or
triple using Sentence-BERT (SBERT) (Reimers
and Gurevych, 2019). We then calculate pairwise
cosine similarity of adjacent utterances to assess
the semantic relationship between utterance pairs.

Lexical Sophistication As a measure of lexical
sophistication, we calculate the average age of ac-
quisition for each utterance by averaging the age-
of-acquisition ratings of its constituent words, using
norms for 30,000 English words (Kuperman et al.,
2012). Where informal or badly formed words were
used, and thus not present in the norm data, these
were not counted.

POS proportion To compute part-of-speech
(POS) proportions for each child utterance, we ex-
tract and count POS tags, including common con-
tractions (e.g., can’t, won’t) as negation, which are
not explicitly tagged in CHILDES (MacWhinney,
2000). Counts are then normalized by the total
number of tags to yield relative POS proportions.

6. Scaled up Feedback Annotation

To enable a full-scale annotation of
CHILDES (MacWhinney, 2000), we investi-
gate automatic annotation approaches which use
examples from our annotated corpus.

6.1. Automatic Annotation Approaches
Rather than training a multi-class classifier, which
may rely most on the signal present in the unique
speaker sequences for each feedback type, we opt
to train individual binary classifiers to distinguish
between positive and negative feedback examples

with the same speaker sequence. While this is not
the most general approach, it leads to the highest-
quality classifiers, which is our aim.

Logistic regression Four distinct binary classi-
fiers are developed, each corresponding to a feed-
back category. To ensure balanced class represen-
tation and mitigate potential biases, equal samples
of correct and incorrect feedback instances are in-
cluded for each category. As features, we calculate
the perplexity, perplexity difference, cosine similar-
ity, and vocabulary overlap between all adjacent
utterance pairs in the feedback sequence, aiming
to capture some of the key heuristics used during
human annotation.

BERT and ModernBERT We make use of our
data to fine-tune BERT (Devlin et al., 2018) and
ModernBERT (Warner et al., 2024) to create
binary classification models specific to each
feedback category e.g. feedback-type vs other.
We use the Adam optimizer with a learning rate
of 2 × 10−5, binary categorical cross-entropy as
the loss function, and train for 10 epochs, ∼1h
of compute per run. For input, we tokenize the
concatenated utterances and speaker labels of
each feedback instance, and the labels are C
child, and A adult. We include balanced negative
examples for each feedback type. We also
experiment with including a prior context utterance.

Prompting Finally, we make use of our dataset
to construct few-shot prompts from the labelled ex-
amples. We explore prompting using multiple per-
formant Instruction-tuned LMs: Llama 3 8b-Instruct
(Grattafiori et al., 2024), Gemma 2b-Instruct (Team
et al., 2024), and Falcon 7b-Instruct (Almazrouei
et al., 2023).

We experiment with the following settings:
Promptdef We provide the annotation instructions

for a particular target feedback category. We
specify to answer yes or no.

Promptdef+pos In addition to Promptdef , we pro-
vide a hand-chosen positive example of the
candidate feedback type.
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M E R A Av.
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc

BERT Base - - - - 0.51 0.51 0.98 0.67 0.50 0.50 1.00 0.67 0.49 0.00 0.00 0.00 0.50
Tuned - - - - 0.85 0.80 0.94 0.86 0.79 0.73 0.93 0.82 0.74 0.74 0.74 0.74 0.79

BERT + C Base 0.48 0.00 0.00 0.00 0.50 0.50 1.00 0.67 0.55 0.80 0.14 0.24 0.50 0.50 0.21 0.30 0.51
Tuned 0.75 0.82 0.64 0.72 0.78 0.74 0.88 0.80 0.78 0.79 0.77 0.78 0.70 0.68 0.74 0.71 0.79

MBERT Base - - - - 0.45 0.41 0.23 0.29 0.55 0.53 1.00 0.69 0.47 0.40 0.14 0.21 0.49
Tuned - - - - 0.83 0.78 0.94 0.85 0.79 0.80 0.77 0.79 0.76 0.69 0.98 0.81 0.79

MBERT + C Base 0.52 0.54 0.30 0.39 0.52 0.67 0.08 0.15 0.31 0.32 0.34 0.33 0.57 0.54 0.91 0.68 0.48
Tuned 0.56 0.69 0.22 0.33 0.67 0.90 0.96 0.74 0.73 0.96 0.47 0.64 0.72 0.68 0.81 0.74 0.73

Logistic Regression 0.57 0.58 0.57 0.54 0.72 0.72 0.72 0.72 0.67 0.68 0.67 0.67 0.70 0.60 0.51 0.45 0.67
Llama3 8b-Instruct Promptdef 0.57 0.60 0.39 0.47 0.56 0.55 0.65 0.60 0.69 0.62 1.00 0.76 0.64 0.61 0.79 0.69 0.62

Promptdef+pos 0.48 0.40 0.09 0.14 0.66 0.61 0.90 0.72 0.66 0.59 1.00 0.74 0.64 0.61 0.77 0.68 0.61
Promptdef+pos+neg 0.48 0.44 0.17 0.25 0.71 0.64 0.98 0.77 0.67 0.60 1.00 0.75 0.63 0.59 0.86 0.70 0.62

Table 3: Evaluation results across feedback types with average accuracy. M: Modelling. E: Exemplifying.
R: Reformulating. A: Affirming. Acc: Accuracy. Prec: Precision. Rec: Recall. F1: F1-score. Bold and
underline indicates the best overall model accuracy for each feedback category.

Promptdef+pos+neg In addition to Promptdef+pos,
we provide an additional hand-chosen nega-
tive example of the candidate feedback type.

6.2. Results
We find that our Bert-based classifiers are the most
performant (See Table 3 for an overview of the
results). Interestingly, we do not find that MBert
consistently outperforms Bert as we expected; in-
deed, it only performs best in one case. We explore
the effects of including an additional contextual ut-
terance8, and again find that this only improves
results for certain categories. We select the most
performant models for our automatic annotation
Modelling: Bert+C , Exemplifying: Bert, Reformu-
lating: Bert and Affirming: MBert.

We further examine the results of these mod-
els broken down by how complex it is to annotate
(see Table 9 in Appendix G). We make use of the
human-annotation labels to group items into easy,
where annotators both agreed upon the label with
no discussion, and hard, where initial annotations
were not the same and labels were resolved via
discussion with an additional annotator. We ob-
serve that the accuracies are consistently higher
for these less-ambiguous cases for Modelling and
Affirming, with very little difference for Exemplify-
ing, and mixed behaviour across models for Re-
formulating. We expect that the outcome of the
automatic annotation will allow us to understand
the patterns present in the most straightforward
feedback examples, but may not allow us to anal-
yse more complex nuanced cases without further
human-annotation effort. For our logistic regression
model, we observe, in line with our expectations
and annotation experience: for Reformulating and
the initial utterance pair in Exemplifying, the most

8For the Modelling category we decided to always
include a context utterance, since this was one of the
annotation guidelines relied upon to resolve ambiguous
cases in the final annotation stage.

predictive features are cosine similarity and VO be-
tween utterances. A similar pattern emerges for
Modelling and Affirming, though the effect is less
pronounced. We note that our logistic regression
model performs on-par with, if not better than most
of our experiments with prompting larger instruc-
tion tuned models. We experimented with a variety
of different prompts, following standard formatting
guidelines, and found mixed results when including
positive and negative examples across categories.
The best performing LLM-as-a-judge model was
Llama3 8b, which only performed marginally better
than our logistic regression model for the prompt
with no examples.9

7. Analysis: Changes in Feedback
with Child Development

Questions and answers are central to conversation
(Roberts, 2012), often receiving encouraging and
positive feedback from caregivers at their children’s
early attempts. Using our gold and scaled up au-
tomatic annotations (Section 6), we examine how
feedback categories vary with children’s develop-
ment. Since we hypothesise that caregiver interven-
tion adapts to the child’s linguistic ability, as seen
in previous analyses of corrective feedback, we
use Reformulating as a reference category against
which to compare other feedback types.

7.1. Incidence of feedback types vary
over time

We expect the proportion of feedback types that
caregivers provide to children will vary as the child
develops their linguistic competence (Heim et al.,
2025). As shown in Figure 2, we observe a greater

9Results of feature importance for the logistic regres-
sion models as well as results of our other LLM-as-a-
judge experiments can be found in Appendix G.
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and earlier incidence10 of Modelling and Reformu-
lating, and lower incidence of Exemplifying and
Affirming. In line with our predictions, paired t-tests
with Holm-Bonferroni correction of p-values for mul-
tiple tests find significant differences across age-
bins. We observe a greater proportion of Modelling
in under-2-year-olds, reducing with age; a signifi-
cant increase in Exemplifying as children reach 2
years of age; a significantly higher incidence of Re-
formulating in children between 20 and 30 months
old, with the arrival of (complex) syntax; and a sig-
nificant increase over development with Affirming
feedback as child competence grows.

Figure 2: Feedback rate over child development.
Min-max scaled rate of incidence for easier onset
comparison. * shows significant differences in age
bins.

7.2. Relationship between child
complexity and feedback over
development

To explain and provide context for the feedback rate
results of Figure 2, we now investigate the relation-
ship between the complexity of the feedback—or
the complexity of the question attempt and its re-
sulting feedback—and child development.

Utterance Length In line with child development,
we observe a steady increase in child utterance
length with age. In terms of the adult’s complexity,
for Exemplifying and Affirming, with increasing
competence, the caregiver expands to include
more lexical material with increasing age (e.g.,
Lustigman and Clark, 2019), indicating the care-
giver is more nuanced in how they correct the
child. That is, adults are more likely to reformulate
or paraphrase child attempts rather than directly
repeat back to them.

Figure 3 shows that mean length of utterance
significantly increases for children over time (see
Table 4, MLU), that is their attempts of asking and
responding to questions increase in complexity
with development, and that in their response to

10Normalised incidence rate: number of feedback in-
stances in a dialogue normalised by feedback opportuni-
ties, which we define as dialogue length in utterances -
(feedback length in utterances - 1).

these attempts adults remain more static. For Mod-
elling, however, we observe a significant increase
in complexity of adult example question answer
sequences, in-keeping with the observation of con-
tinued modelling in later stages, it is likely that these
examples become more complex.

Figure 3: Utterance length by age across feedback
type.

Lexical Sophistication As with utterance length,
the complexity of vocabulary grows with child de-
velopment, in line with expectations. As shown in
Figure 4 the relationship between the vocabulary
sophistication of child and adult affirms that care-
giver feedback grows in complexity with output of
the child, that is, the more sophisticated the child
gets the more sophisticated the feedback is. Com-
paring this to the lexical sophistication observed
in adult echoing (which also contain direct adult
repetition of child question, see Section 7.3), we
observe that in Exemplifying and Reformulating,
caregivers match child level. We interpret this as
caregivers adapting their feedback input to child
ability (Lustigman and Clark, 2019).

Figure 4: Lexical sophistication (average per-word
Age of Acquisition) by age across feedback types.

Part of Speech Distribution We also analyse the
incidence and proportion of parts of speech present
in the child utterances based on the morphologi-
cal tags provided in CHILDES, and how these vary
across stages of child development. While Figure 2
contrasts trends of pragmatic versus reformulating
feedback incidence, syntactic development may
still constrain the child in expressing adult-like QA
behaviour. POS proportion within the child ques-
tion attempts can provide further context to under-
stand the trends we observe, and the relationship
with the complexity of the child attempt. It is only
at later stages of child development that children
will begin to use auxiliaries and negations, while
determiners are a good indicator of syntactic and
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pragmatic complexity, which help contextualise our
observations on QA behaviour.

In keeping with expectations, in Figure 5 we ob-
serve significant increase in child use of Auxiliary
and Verb usage, most so for Aux. in Exemplifying,
and most so for Verb in Affirming. We also observe
a steady increase for Determiner in Exemplifying
and Affirming. In terms of negation this has a later
increase in for Affirming. 11

Figure 5: Proportion of child POS tags across de-
velopment. Points are average value per age.

7.3. Repetition as feedback
A key aspect of all QA feedback is the extent and
frequency of the repetition present across develop-
ment. We examine both lexical and syntactic repeti-
tion, distinguishing between repetition between- vs.
within-speaker. Between-speaker repetition is inter-
preted as reflective of feedback style, while within-
speaker repetition may signal question–answer co-
hesion, shedding light on the emergence of QA
congruence. Figure 6 shows that lexical repetition
declines with development in both Modelling and
child QA attempts, suggesting a shift toward more
abstract question–answer relations.12 These find-
ings suggest that corrected question attempts grow
in complexity (Figure 3), while corrections them-
selves become less precise in their repetition (Fig-
ure 6), reflecting competence-matching—caregiver
adaptation to children’s increasing linguistic sophis-
tication (Lustigman and Clark, 2019).

Adults are more likely to reformulate or para-
phrase child attempts rather than directly quote
them (Lustigman and Clark, 2019). As a result, we
observe a peak in between speaker VO—indicating
a decrease in direct repetitions—with only minimal
change overall, which aligns with expectations. The
within-speaker repetition, which we take as the de-
gree of simplicity between QA pairs: e.g., early

11Not shown is the proportion of Nouns and Adjectives,
which exhibit a decrease in proportion as children learn
a wider range of syntax, then a more gradual settling to
adult-like proportions (see Table 4 for r coefficients).

12We also investigate Syntactic repetition, which shows
a complementary trend, reflecting children’s progression
toward adult-like syntactic differentiation (Figure 10, Ap-
pendix H).

Figure 6: Vocabulary Overlap changes between
and within speaker across feedback categories.

child QA attempts can look like Q:dog?, A:it dog,
while later attempts may look more like Q:where
doggy going?, A:gone fido gone. Thus, we see a
sharp decline in Affirming, indicating the attempts
receiving affirmation grow in complexity.

Adult Question Echos Echos of child questions
by the caregiver can serve to signal what is consid-
ered common ground or given information (Schief-
felin et al., 1979), to ratify the child’s question (Clark
and Bernicot, 2008), to signal agreement without
taking up the floor in conversation (Yngve, 1970), to
indicate information uptake, or to express confirma-
tion (Tannen, 2007). What we expect, therefore, is
heavy reliance on repetition for multiple uses, with
a decrease in frequency and more specialisation
with increasing vocabulary size (Kuhl and Meltzoff,
1996). We observe in Figure 7 that adults extend
and expand on the child questions, both in length
and lexical complexity, this shows a distinct pat-
tern from the question repetition patterns present in
Exemplifying and Reformulating, where the lexical
sophistication of the child approaches the adults,
and that the length increase of the adult repetition is
more steady. This comparison provides further evi-
dence that Adult feedback is adaptive to child ability.

Figure 7: Adult echos of child questions.

8. Discussion & Conclusion

Our findings support the view that pragmatic QA
feedback provides a highly adaptive learning
environment for shaping children’s understanding
of how to recognize and respond to questions.
Building on accounts that situate language learning
in collaborative interaction (e.g. Clark, 2018), this
study makes several key contributions: We provide
the first large-scale evidence that pragmatic care-
giver feedback occurs in distinct forms and shows
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Property M E R A
MLU

child - 0.470 0.494 0.509
adult 0.231 0.090 0.036 0.582

AoA
child - 0.116 0.159 0.056
adult 0.191 0.089 0.100 0.072

POS Prop.
Verb - 0.073 0.011 0.094
Adj - -0.031 -0.026 -0.036
Noun - -0.169 -0.139 -0.153
Aux - 0.056 0.004 0.021
Det - 0.069 0.085 0.039
Neg - 0.077 0.040 0.077

VO
between - -0.031 -0.058 -0.104
within -0.224 -0.181 - -0.329

Struct. Dist
between - 0.182 0.255 0.213
within 0.176 0.146 - 0.514

Table 4: Pearson correlation coefficients (r). In-
significance (p > 0.05) in light gray. Mean length of
utterance (MLU), lexical sophistication (AoA), POS
proportion, vocabulary overlap (VO) and Structural
Distance (levenshtein edit distance between- or
within-speaker utterances) with respect to child
age in months, by feedback and speaker.

a curriculum-like progression of child-adapted
complexity over early language development,
suggesting a naturally structured sequence of
learning. Caregiver feedback not only adapts
to the children’s ability in type - with Modelling
setting in before children ask multiword questions,
and Affirming engaging with children’s first QA
sequences - but also in terms of the complexity
of the feedback itself, which increases as a func-
tion of the growth in children’s utterance complexity.

We present a comparatively large-scale, expert
annotated dataset of caregiver feedback QA se-
quences (∼ 1000 positive examples, from ∼ 3500
total annotated samples). This resource captures
fine grained pragmatic distinctions and can support
future research into pragmatic feedback in humans
and for evaluating language models for nuanced
intent detection in dialogue. Finally, while task-
specific classification models demonstrate mod-
erate performance in classifying feedback types,
our results highlight limitations in using language
models to make judgements about such nuanced
pragmatic distinctions. This resource can therefore
serve as a useful future test for identifying prag-
matic functions within dialogue interactions.

Our work provides new evidence of the impor-
tance of caregiver feedback through demonstra-

tion in the form of Exemplifying and Modelling
feedback—acting as role models who offer exam-
ples of successful QA behaviour, a form of support
rarely focussed upon in language development re-
search. While we initially hypothesised that Mod-
elling would decline once children reached a certain
complexity threshold, it remains frequent even at
later ages whilst becoming more complex: syntac-
tic and lexical complexity increases, and the rela-
tionship between questions and answers becomes
less explicit. We observe that later instances of
Modelling gradually adopt functions familiar from
adult dialogue where speakers use questions to
confirm the topic of discussion, which are then self-
answered (Bolden, 2009). Modelling thus not only
aids child development but also plays an active role
in shaping their understanding of discourse coher-
ence. The fact that caregiver feedback aligns with
child output complexity suggests a proactive—or
at least subconsciously adaptive—modelling to the
child’s level, highlighting its relevance to language
acquisition.

One additional outcome of this work is an in-
creased interest and attention to echoes and prag-
matic repetition in dialogue. Future work can inves-
tigate echoes and repetition in more depth to in-
vestigate differences between adult and child echo
behaviour: Children often repeat back to their care-
giver a new label for an object that they attend to,
which marks an uptake of new word or information
(Clark, 2010; Clark and Wong, 2002), or to endorse
an interpretation by their caregiver of what the child
tried to express earlier (Veneziano et al., 1990).

Building on Lustigman and Clark (2019) and
(Nikolaus et al., 2022), taking in the distinctions be-
tween pragmatic variables contributing to question
interpretations (Heim and Wiltschko, 2020), we de-
velop and refine an annotation scheme and frame-
work for extracting candidate instances. Identifying
this feedback signal in language can be useful for
understanding the nuance present in caregiver in-
put to children, while also offering an alternative
source of feedback when considering LM language
learning; indeed, our findings provide motivation for
a curriculum of pragmatic feedback, one potential
direction for providing cognitively plausible signal
for language learning that could inform the training
regimes of more human-like LMs such as in (e.g.
Stöpler et al., 2025; Zhu et al., 2022).
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Limitations

Our work is limited to the English portion of
CHILDES, thus our findings are only validated for
the English language. In this work we focus our
analyses on the full corpus of automatically an-
notated samples: while we are relatively satisfied
with the precision of our classifiers, there will be
some margin for error, which affects our analyses.
A further limitation lies in the comparatively small
number of manually annotated positive examples,
especially for certain sub-categories (0-2 years, Af-
firming, see Table 2. A fundamental assumption of
our approach is that the feedback sequences we
analyse conform to a specific sequence of speaker
utterances: this may result in excluding some se-
quences of slightly different composition which
could also display the same properties.

Since the nature of this work was incremental
and involved various stages of annotation and ex-
perimentation, our initial experiments comparing
classifier performance were reported for a slightly
smaller test set, and we note a degree of variability
in our results with our new expanded set. We re-
lease our train-test splits that we use for replicability
and advise in future work that results be reported
for a cross validated average.

We also recognise that our results for LLM as a
judge may be low due to the size of the models,
in future work it would be interesting to investigate
whether better results are achieved with larger mod-
els, or different configurations of judges.
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A. Feedback Definitions &
Annotation Guidelines

A.1. Definitions
Modelling Modelling indicates an adult modelling

how to answer a question. The adult initi-
ates a question-and-answer sequence with-
out any contribution from the child. This feed-
back type captures instances where an adult
demonstrates question-answering behaviour,
potentially serving as a model for the child.

Exemplifying Exemplifying refers to an instance
where an adult reformulates or rephrases a
child’s question and then provides an answer.
By reformulating the question and then provid-
ing an answer, the adult potentially aids the
child’s understanding of question-answering
patterns.

Reformulating Reformulating involves an adult
rephrasing or paraphrasing a child’s question.
It is considered a form of corrective feedback
because it encourages the child’s attempts at
communication. The caregiver’s rephrasing
serves to provide a corrected version of the
child’s utterance and encourages the child to
elaborate or explore their question further.

Affirming Affirming consists of the caregiver pro-
viding feedback on a question-and-answer se-
quence initiated by the child. This feedback
occurs when the child answers their own ques-
tion. The caregiver’s role is to confirm the cor-
rectness of the child’s utterance. The adult’s
confirmation reinforces the child’s answer and
potentially fosters their confidence in exploring
and answering their own questions.

A.2. Extraction Rules

Feedback candidates are extracted using algo-
rithms created to reflect the broad linguistic heuris-
tics used when developing the annotation guide-
lines. Algorithms are outlined in 1, 2, 3 and 4. Pre-
processing used SpaCy and NLTK for tokenization.

Algorithm 1 Modelling Extraction
Require: list(utterances u, speaker roles s)

for each utterance pair p (u1, u2): do
if speaker s1 = s2 and s1, s2 ∈ Adult then

if u1 ends with ? then
if not(u2 ends with ?) then

Extract p
end if

end if
end if

end for

Algorithm 2 Exemplifying Extraction
Require: list(utterances u, speaker roles s, vocabulary

overlap vo)
for each utterance triple t (u1, u2, u3): do

if speaker s1 ∈ Child then
if speaker s2 = s3 and s2, s3 ∈ Adult then

if u1 ends with ? then
if u2 ends with ? then

if not(u3 ends with ?) then
get vo between (u1, u2)
if 0 < vo < 1 then

Extract p
end if

end if
end if

end if
end if

end if
end for

Algorithm 3 Reformulating Extraction
Require: list(utterances u, speaker roles s, vocabulary

overlap vo)
for each utterance pair p (u1, u2): do

if speaker s1 ∈ Child and s2 ∈ Adult then
if u1 ends with ? then

if u2 ends with ? then
get vo between (u1, u2)
if 0 < vo < 1 then

Extract p
end if

end if
end if

end if
end for

https://books.google.co.uk/books?id=pSip87DmDoYC
https://books.google.co.uk/books?id=pSip87DmDoYC
https://books.google.co.uk/books?id=pSip87DmDoYC
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Algorithm 4 Affirming Extraction
Require: list(utterances u, speaker roles s, vocabulary

overlap vo)
for each utterance triple t (u1, u2, u3): do

if speaker s1 = s2 and s1, s2 ∈ Child and speaker
s3 ∈ Adult then

if u1 ends with ? then
if not(u2 and u3 end with ?) then

get vo between (u2, u3)
if 0 < vo < 1 then

Extract p
end if

end if
end if

end if
end for

A.3. Annotation Process and Guidelines

We provide annotators with a feedback candidate
(which we extract from a dialogue if it matches a
specific speaker interaction sequence, see A.2)
with the 5 utterances preceding it in a dialogue. We
provide a definition of the feedback category, and
ask annotators to label whether this item should be
labelled with that feedback category.

Initially, two linguists created the definitions and
guidelines (second and third authors). They inde-
pendently annotated and arrived at refined coding
scheme. The other two authors (computational
linguistics, NLP training, no formal linguistics back-
ground) annotated a final set to test the robustness
of the guidelines. Cohen’s kappa was used: the re-
sulting agreement was substantial, nearing almost
perfect for certain categories. Any non-agreement
cases were referred to the trained linguists. The
four authors of this paper worked as annotators and
refined the guidelines and distinctions between cat-
egories in stages. Inter-annotator agreement was
recorded at each stage. Details are provided in
Table 5.

M E R A Av.
JH + EE First Set 0.43 0.17 0.67 0.39 0.42
JH + EE Second Set 0.80 0.45 0.75 0.60 0.65
AS + JH,EE Agreed 0.68 0.96 0.91 0.80 0.83
MB + JH,EE Agreed 0.71 0.86 0.81 0.73 0.77
AS + MB 0.77 0.86 0.85 0.82 0.82

Table 5: Inter Annotator Agreement (IAA) scores
measured with Cohen’s kappa. M: Modelling, E:
Exemplifying, C: Reformulating, A: Affirming. Av.:
average across categories All final labels were ar-
rived at via re-annotation of any ambiguous items,
and any remaining items were resolved by discus-
sion. We report the progress of agreement and
refinement here.

Childes annotation formatting Within the
CHILDES corpus, some sequences will contain
unheard or muffled words which in the transcript
look like the following:

Child: I think yyy , know , know know why ?
Child: they don't yyy yyy yyy , they don't bite

Mommy , they don't bite yyy .
Adult: so the , so that they don't bite any of

us .

We deal with these cases when calculating lexi-
cal overlap by excluding them from the utterance
length.

B. Measures

B.1. Perplexity
We compute the perplexity values for each utter-
ance in the annotated dataset using the pre-trained
GPT-2 model (Radford et al., 2019). We hypothe-
sise that badly-formed utterances made by children
will exhibit higher perplexity compared to adult utter-
ances, suggesting that these are the regions where
feedback is required for the children. We compute
the perplexity of an utterance given the 5 previous
utterances preceding it. These utterances, referred
to as the context utterances, are concatenated with
the current utterance to form the input sequence,
excluding their speaker labels.

B.2. Age of Acquisition
We compute the average age of acquisition of all
utterances in the feedback pair/triple using the age-
of-acquisition ratings for 30,000 English words (Ku-
perman et al., 2012). With this, we take the age of
acquisition of each word in an utterance and cal-
culate the average of these values to give us the
average age of acquisition of an utterance.

B.3. POS proportion
To calculate the proportion of different part of
speech (POS) for each child utterance, we extract
the tags and the count of each tag is calculated.
The negation count also includes common con-
tractions like "can’t" and "won’t", which are not
explicit labelled as negation in the morphosyntac-
tic (MOR) analysis of the CHILDES (MacWhinney,
2000) database. To account for this, we included
words ending in n’t as negation to ensure a more
comprehensive measure. These counts are then
normalized by the total number of POS tags in each
utterance to provide the relative proportion for each
POS category.

B.4. Structural Distance
As a method to capture the structural difference be-
tween a child question and an adult reformulation,
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or a question and it’s answer, regardless of speaker,
we make use of the Levenshtein distance (Leven-
shtein et al., 1966) in terms of the part of speech
tags between the two utterances. This is a common
method for measuring the distance between two
sequences, and has been used in previous work
on child language acquisition (e.g., (Brodsky and
Waterfall, 2007)). We use the implementation of
the Levenshtein distance provided by the Python
library ‘distancia‘ 13. This allows us to capture the
structural similarity between the two utterances, re-
gardless of the specific words used. We then anal-
yse how this structural distance changes with the
age of the child, and how it differs across different
types of feedback.

C. Data

We extracted all dialogues that met our criteria from
the childes corpus, and provide a breakdown of the
resulting makeup of the data in Table 6.

Corpus Start Age End Age Dialogues
Belfast 2;0 4;0 70
Bloom1970 1;8 3;1 25
Braunwald 1;5 3;11 173
Brown 1;6 4;0 147
Clark 2;2 3;2 45
Demetras1 2;0 3;11 26
Kuczaj 2;4 4;0 152
Lara 1;9 3;3 120
Manchester 1;8 2;11 271
Providence 1;0 4;0 349
Sachs 1;2 3;8 90
Snow 2;5 3;9 40
Suppes 1;11 3;3 51
Thomas 2;0 4;0 326
Weist 2;1 4;0 141

Table 6: Overview of the unique corpora included
in the dataset.

D. Experimental Setup

We split the data from each feedback type into an
80-20 train test split, from a balanced set of posi-
tive and negative examples, sampling equivalent
negative examples from our annotations to match
the positive examples.

E. Logistic Regression Features

Features used for each feedback category are pre-
sented in the following:

13Levenshtein implementation https://
distancia.readthedocs.io/en/latest/
Levenshtein.html

Modelling This category includes two adult utter-
ances (A1, A2). The features used are:

• A1_perp, A2_perp: Perplexity of each utter-
ance.

• cosine_sim: Cosine similarity between the two
utterances.

• perp_diff: Difference in perplexity between the
two utterances.

• VO: Vocabulary overlap between the utterances.

Exemplifying For utterance triples (C, A1,
A2), the following features are used:

• C_perp, A1_perp, A2_perp: Perplexity of each
utterance.

• cosine_sim1, cosine_sim2: Cosine similarity
between C and A1, and between A1 and A2.

• VO1, VO2: Vocabulary overlap between C and A1,
and between A1 and A2.

Reformulating For utterance pairs (C, A), the
following features are used:

• C_perp, A_perp: Perplexity of the child’s and
adult’s utterances.

• cosine_sim: Cosine similarity between C and A.
• perp_diff: Difference between C_perp and

A_perp.
• VO: Vocabulary overlap between C and A.

Affirming For a triple of utterances (C1, C2,
A), the following features are used:

• C1_perp, C2_perp, A_perp: Perplexity of the first
and second child utterances C1, C2, and the adult
utterance A.

• cosine_sim1, cosine_sim2: Cosine similarity
between C1, C2 and C2, A.

• VO1, VO2: Vocabulary overlap between (C1, C2)
and (C2, A).

F. Prompting Design

We create 3 types of prompt template. We include
include definitions given and positive and negative
examples in Table 7. Models were instructed to re-
spond with “yes” or “no”. To ensure consistency, re-
sponses containing variations of ‘yes’ were mapped
to 1 (positive label), while other responses, includ-
ing ambiguous of unclear outputs, were mapped to
0 (negative label).

Promptdef

You are an expert AI assistant designed to
recognise feedback in child-adult dialogue
excerpts. The category you are recognising
is [Feedback Name] Feedback.
Carefully pay attention to the definitions
provided below!

Definitions:
[Feedback Definition]

Consider the excerpt carefully, and determine

https://distancia.readthedocs.io/en/latest/Levenshtein.html
https://distancia.readthedocs.io/en/latest/Levenshtein.html
https://distancia.readthedocs.io/en/latest/Levenshtein.html
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if it is Modelling Feedback based on the
definitions provided.
Respond only with Yes or No
Excerpt: {dialogue}
Answer:

Promptdef+pos

You are an expert AI assistant designed to
recognise feedback in child-adult dialogue
excerpts. The category you are recognising
is [Feedback Name] Feedback.
Carefully pay attention to the definitions
provided below!

Definitions:
[Feedback Definition]

Below is a positive example of [Feedback Name]
Feedback:
[Feedback Example]

Consider the excerpt carefully, and determine
if it is
Modelling Feedback based on the definitions
provided.
Respond only with Yes or No
Excerpt: {dialogue}
Answer:

Promptdef+pos+neg

You are an expert AI assistant designed to
recognise feedback in child-adult dialogue
excerpts. The category you are
recognising
is [Feedback Name] Feedback.
Carefully pay attention to the
definitions provided below!

Definitions:
[Feedback Definition]

Below is a positive example of [Feedback Name]
Feedback:
[Feedback Example]

Below is a negative example of [Feedback Name]
Feedback: [Feedback Example]

Consider the excerpt carefully, and determine
if it is Modelling Feedback based on the
definitions provided.
Respond only with Yes or No
Excerpt: {dialogue}
Answer:

G. Results

Table 8 shows performance for two additional in-
struction tuned LMs. These results are disappoint-
ing and far lower than llama the best performing of
this method, thus we only included it in the main
body of the paper. We include these results to
demonstrate that a labelling task of this complexity
is beyond the capability of the smaller LMs, it is
likely that if we were to use a larger, 70b parameter
model (out of compute scope for this project) that
we would see a boost in performance.

G.1. Easy and Hard Sets
Results for easy and hard sets can be found in
Figure 8. These show in line with our expectations
and experience with annotation: that the highest
predictive features are cosine similarity and VO

between utterances for Reformulating and the first
pair of utterances in Exemplifying, we observe a
similar pattern for modelling and affirming, but to
a lesser extent. We include examples of some
common errors in Table 10.

Figure 8 shows the feature importance for the
Logistic regression models, demonstrating the im-
portance for between utterance coherence and co-
hesion, measured by lexical and semantic similar-
ity.

Figure 8: Feature importance for logistic regres-
sion.

H. Analysis

H.1. Incidence Across Development
Results of the significance tests across age bins
are reported in Table 11. These tests support the
significance labels in Figure 2.

H.2. Gold annotation analysis
With all our analyses excepting the feedback inci-
dence over development, which we cannot directly
compare, we compared trends observed in the full
corpus against the original set of gold labels, ob-
serving similar relationships between the utterance
length; lexical sophistication; POS proportion; lexi-
cal repetition; and structural repetition present in the
feedback across development. We conducted this
analysis as a sanity check of the results and anal-
ysis present in our work. Results can be found in
Table 12, directionality differences are highlighted,
we observe these for POS proportion and VO in
Reformulation feedback. We report the incidence
of feedback present in the gold dialogues to demon-
strate that at a coarse scale we can observe the
same ordering across feedback types with devel-
opment, highlighting that without the scale of the
automatic annotation, we would be far less able
to conduct an analysis of this level of detail. We
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Modelling Exemplifying Reformulating Affirming
Definitions:
- Modelling Feedback refers to a
situation when an ADULT demon-
strates how to answer a question to
a CHILD.
- ADULT initiates a question-and-
answer sequence without any con-
tribution from the CHILD.
- If the ADULT **does not** answer
their own question, the answer is
**NO**.

Definitions:
- Exemplifying Feedback refers
to a situation where an ADULT
rephrases of a CHILD’S question
due to non-adult grammar.
- The CHILD first asks a question,
then ADULT repeats or reformu-
lates the question.
- The ADULT then provides an an-
swer after rephrasing the CHILD’S
question.
- If the ADULT **partially repeats**
the CHILD’S question, the answer
is **NO**.

Definitions:
- Correcting Feedback refers to a sit-
uation where an ADULT rephrases
a CHILD’S question due to non-
adult grammar. - The CHILD
first asks a question, then ADULT
rephrases the question.
- The ADULTS’s rephrasing HAS to
provide a corrected version of the
CHILD’s utterance.
- If the ADULT **partially repeats**
the CHILD’S question, the answer
is **NO**.

Definitions:
- Affirming Feedback refers to a
situation where an ADULT pro-
vides feedback on a question-and-
answer sequence initiated by a
CHILD.
- The CHILD HAS to ask a question
and then ANSWER it.
- The ADULT then VALIDATES the
CHILD’S answer.
- If the CHILD **does not** answer
their own question, or if the ADULT
**does not** validate it, the answer
is **NO**.

Positive example M:
ADULT: are your hands clean now
?
ADULT: oh they’re pretty clean .

Positive example E:
CHILD: a Anne’s juice ?
ADULT: where’s Anne’s juice ?
ADULT: it’s here

Positive example C:
CHILD: where’s moon ?
ADULT: where’s the moon ?

Positive example A:
CHILD: who is that ?
CHILD: this is Nathaniel’s pancake
pan .
ADULT: that’s Nathaniel’s pancake
pan that’s right .

Negative example M:
ADULT: can you narrow it down a
little bit ?
ADULT: bye bye pirates .

Negative example E:
CHILD: the monster’s growing all
up our cars .
ADULT: okay .
ADULT: but I’ll hafta make him first
won’t I ?

Negative example C:
CHILD: more grape juice .
ADULT: more ?

Negative example A:
CHILD: where is Mama ?
CHILD: if Laura raise the bathroom
door to tell Jack that it’s breakfast
time and she’s saying knock knock
.
ADULT: okay Laura .

Table 7: Prompt definitions of each category presented to the instruction-tuned LMs we investigate. Note:
in our initial experiments we referred to Reformulating as Correcting, which we later refined to more closely
reflect the nature of the feedback we focus on.

M E R A Av.
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc

Llama3 8b-Instruct Promptdef 0.57 0.60 0.39 0.47 0.56 0.55 0.65 0.60 0.69 0.62 1.00 0.76 0.64 0.61 0.79 0.69 0.62
Promptdef+pos 0.48 0.40 0.09 0.14 0.66 0.61 0.90 0.72 0.66 0.59 1.00 0.74 0.64 0.61 0.77 0.68 0.61
Promptdef+pos+neg 0.48 0.44 0.17 0.25 0.71 0.64 0.98 0.77 0.67 0.60 1.00 0.75 0.63 0.59 0.86 0.70 0.62

Gemma 2b-Instruct Promptdef 0.50 0.50 1.00 0.67 0.49 0.49 0.98 0.66 0.50 0.50 1.00 0.67 0.55 0.52 1.00 0.69 0.51
Promptdef+pos 0.51 0.51 0.87 0.65 0.44 0.46 0.69 0.55 0.50 0.50 1.00 0.67 0.47 0.48 0.86 0.62 0.48
Promptdef+pos+neg 0.52 0.51 0.91 0.66 0.47 0.48 0.94 0.64 0.50 0.50 1.00 0.67 0.48 0.48 0.74 0.59 0.49

Falcon 7b-Instruct Promptdef 0.50 0.50 1.00 0.67 0.48 0.49 0.96 0.65 0.48 0.48 0.48 0.48 0.50 0.50 1.00 0.67 0.49
Promptdef+pos 0.50 0.50 1.00 0.67 0.49 0.49 0.98 0.66 0.36 0.41 0.62 0.49 0.50 0.50 1.00 0.67 0.46
Promptdef+pos+neg 0.50 0.50 1.00 0.67 0.50 0.50 1.00 0.67 0.43 0.46 0.83 0.59 0.50 0.50 1.00 0.67 0.48

Table 8: Evaluation results across feedback types with average accuracy. M: Modelling. E: Exemplifying.
R: Reformulating. A: Affirming. Acc: Accuracy. Prec: Precision. Rec: Recall. F1: F1-score. Bold and
underline indicates the best overall model accuracy for each feedback category.

Figure 9: Distribution of annotated dialogues. la-
bels compare quantity of dialogues containing pos-
itive (1) vs false (0) examples of feedback.

include the distribution across feedback types for
completeness in Figure 9.

H.3. Syntactic Repetition
Figure 10 shows the Levenshtein edit distance be-
tween and within speaker of POS tags, a measure
of syntactic repetition. Complementary to the Vo-
cabulary overlap analysis in Figure 6, this demon-

Figure 10: POS Levenshtein Edit Distance between
and within speaker across feedback categories.

strates the child’s progression towards adult-like
syntactic relationship between questions and an-
swers.
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M E R A
Acc Prec Rec F1 ∆F1 Acc Prec Rec F1 ∆F1 Acc Prec Rec F1 ∆F1 Acc Prec Rec F1 ∆F1

BERT Easy - - - - - 0.85 0.80 0.92 0.85
+0.06

0.80 0.74 0.93 0.82 −0.15
0.78 0.77 0.79 0.78 −0.19Hard - - - - 0.89 0.83 1.00 0.91 0.60 0.50 1.0 0.67 0.61 0.63 0.56 0.59

BERT + C Easy 0.78 0.83 0.69 0.75 −0.25
0.78 0.73 0.87 0.80

+0.02
0.77 0.78 0.76 0.77

+0.23
0.76 0.75 0.79 0.77 −0.27Hard 0.60 0.75 0.38 0.50 0.78 0.75 0.90 0.82 1.0 1.0 1.0 1.0 0.44 0.45 0.56 0.50

MBERT Easy - - - - - 0.83 0.78 0.92 0.84
+0.03

0.79 0.80 0.78 0.79 −0.12
0.79 0.72 0.97 0.83 −0.08Hard - - - - 0.83 0.77 1.0 0.87 0.80 1.0 0.50 0.67 0.67 0.60 1.0 0.75

MBERT + C Easy 0.58 0.69 0.26 0.34 −0.34
0.65 0.59 0.97 0.73

+0.05
0.72 0.96 0.47 0.63

+0.04
0.75 0.72 0.82 0.77 −0.10Hard 0.47 0 0 0 0.72 0.69 0.90 0.78 0.80 1.0 0.50 0.67 0.61 0.58 0.78 0.67

Table 9: Evaluation results across feedback types for easy and hard sets. M: Modelling. E: Exemplifying.
R: Reformulating. A: Affirming. Acc: Accuracy. Prec: Precision. Rec: Recall. F1: F1-score. ∆F1:
difference in F1 (Hard − Easy); gray indicates higher performance on harder—more ambiguous to a
human rater—items. Bold and underline indicates the best overall model accuracy for each feedback
category. + C is plus context.

Modelling Exemplifying Reformulating Affirming
Positive example:
- ADULT: they get cross don’t they ?
- ADULT: they get sick of it .

Negative example:
CHILD: where she gone ?
ADULT: where’s she gone ?
ADULT: has she gone shopping .

Negative example:
CHILD: where’s green ?
ADULT: green what ?

Negative example:
CHILD: where Percy ?
CHILD: in Percy .
ADULT: here’s Percy .

Difficulty level: Easy
Misclassified as negative by BERT,
Logistic Regression and Llama3
8b-Instruct.

Difficulty level: Hard
Misclassified as positive by all
models

Difficulty level: Easy
Misclassified as positive by BERT,
Llama3 8b-Instruct, Gemma 2b-
Instruct and Falcon 7b-Instruct

Difficulty level: Hard
Misclassified as positive by all mod-
els

Table 10: Examples of Incorrectly classified examples from the test set

Comparison M1 M2 t pcorrected

Modelling
< 20 vs. < 30 0.149 0.090 7.659 <0.001
< 30 vs. < 40 0.090 0.075 7.852 <0.001
< 40 vs. < 50 0.075 0.062 5.175 <0.001

Exemplifying
< 20 vs. < 30 0.004 0.006 -5.616 <0.001
< 30 vs. < 40 0.006 0.006 2.014 0.133
< 40 vs. < 50 0.006 0.005 0.218 0.828

Reformulating
< 20 vs. < 30 0.020 0.025 -2.735 0.029
< 30 vs. < 40 0.025 0.022 3.022 0.015
< 40 vs. < 50 0.022 0.018 4.626 <0.001

Affirming
< 20 vs. < 30 0.007 0.016 -8.735 <0.001
< 30 vs. < 40 0.016 0.017 -1.550 0.243
< 40 vs. < 50 0.017 0.020 -2.826 0.025

Table 11: Incidence across development. Inde-
pendent t-test results, adjusted with Bonferroni cor-
rections for multiple tests. gray indicates insignifi-
cance.

Property M E R A
MLU

child - 0.333 0.550 0.402
adult 0.209 0.213 0.195 0.441

AoA
child - -0.043 0.075 -0.008
adult 0.024 -0.098 0.003 0.026

POS Prop.
Verb - 0.095 -0.055 0.125
Adj - 0.009 0.235 0.060
Noun - -0.063 -0.118 -0.008
Aux - -0.038 0.041 -0.038
Det - 0.064 0.112 0.049
Neg - 0.047 0.230 0.157

VO
between - -0.072 0.216 -0.031
within -0.079 0.061 - 0.028

Struct. Dist.
between - 0.148 0.222 0.159
within 0.196 0.064 - 0.374

Table 12: Gold annotations: Pearson correlation co-
efficients (r). Insignificant values (p > 0.05) in light
gray. Different relationships from the scaled up an-
notation (Table 4 highlighted in teal. Mean length of
utterance (MLU), lexical sophistication (AoA), POS
proportion, vocabulary overlap (VO) and Structural
Distance (levenshtein edit distance between- or
within-speaker utterances) with respect to child age
in months, across feedback types and speakers.
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