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Abstract
The Mandarin Tone 2–Tone 3 contrast is a persistent perceptual obstacle for adult learners, least
reliably resolved by non-tonal first-language listeners. This study investigates whether adaptive
feedback organisation, rather than algorithmic tutor presence, alters beginner learners' perception
of this contrast in non-Chinese-speaking environments.Sixty-eight beginner CFL learners
(dominant L1 Urdu or English, recruited from four Pakistan and Nigeria universities) were split
into three 10-session groups: contingent AI feedback re-targeting stimuli per learner error profile
(n = 23), same AI engine with fixed pre-sequenced items (n = 22), no-feedback control with
identical perceptual exposure (n = 23).Outcomes were measured pre-intervention, post-
intervention and four weeks later, covering two-alternative forced-choice identification accuracy,
AXB discrimination sensitivity (d′ ), and generalisation to untrained talkers. Twelve learners
were interviewed on system engagement.Results show a Time × Group interaction for
identification (F(4, 122) = 37.19, p < .001, partial �² = . 549 ) and discrimination sensitivity
(F(4, 122) = 37.37, p < .001, partial �² = . 551): the adaptive condition outperformed the fixed-
sequence condition by 10.5 percentage points (d = 1.19) at post-test, retaining the 10.5-point
advantage (d = 1.12) at delayed post-test; the fixed condition outperformed the no-feedback
control by 10.7 points; the adaptive advantage reached 10.4 points (d = 0.92) for untrained talkers.
Interviews show learner benefit depends on the ability to calibrate trust in the system, which is
damaged by connected-speech Tone 3 classification errors. The study concludes the active factor
is feedback loop contingency rather than artificial intelligence itself, noting implications for tone
instruction design in low-input settings.
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1. INTRODUCTION

Lexical tone is the first thing learners of Chinese notice and, for many, the last thing they master. Among the four
Mandarin tones, the contrast between Tone 2 (rising, often transcribed with a high-rising pitch contour) and Tone
3 (low-dipping, frequently realised as a low tone in connected speech) is the most resistant to instruction. It is also
the contrast that listeners whose first language (L1) does not use pitch lexically resolve least reliably [1, 2].
Learners in this position are not missing a phonetic category they already possess; they are being asked to
construct a new phonological contrast out of a dimension, fundamental frequency (F0), that their L1 uses for other
purposes entirely.
The pedagogical response to this difficulty has been dominated, for two decades, by perceptual training. High-
variability phonetic training (HVPT), in which listeners identify stimuli produced by multiple talkers in multiple
phonetic environments, reliably improves both perception and production of difficult non-native contrasts,
including Mandarin tones [3–5]. Two limitations of that literature matter for the present study. First, HVPT is
usually fixed: the stimulus sequence is designed in advance and delivered identically to every learner, so a learner
who is already reliable on Tone 3 after tone 1 and unreliable on Tone 2 in the low register receives the same items
as everyone else. Second, the training is usually delivered in laboratory-like settings with low ecological validity,
and rarely in the non-target-language environments where most learners of Chinese outside Chinese-speaking
societies actually study.
Artificial intelligence enters this picture in two ways. The more visible one is the arrival of speech models capable
of transcribing and scoring learner speech with tolerable accuracy, and of generative models capable of producing
explanations, minimal pairs, and practice dialogues on demand [6–9]. The less visible one is adaptivity: the
capacity to use an ongoing stream of learner responses to decide what the learner should hear next. The second
capability is not new — intelligent tutoring systems have done item selection for decades, and meta-analyses show
moderate to large effects on learning outcomes relative to no tutoring, though effects relative to well-designed
non-adaptive instruction are much smaller [10–12]. What is new is that adaptivity can now be driven by models
that also generate the feedback text, which makes the design question sharper rather than easier: when a system
adapts and explains at the same time, which of the two is doing the work?
This study addresses that question in a deliberately narrow setting — the perception of the Mandarin Tone 2–Tone
3 contrast by beginners in a non-target-language environment — because narrow settings are what make the
mechanism visible. We take the object of study to be the learner and the learning problem, not the architecture of
the system that serves it. The contribution is therefore not a new model. It is evidence about which design property
of an AI-mediated feedback loop changes a specific, well-documented learning difficulty, and about the
conditions under which learners accept or reject that loop.
Two features of the target contrast make it a useful test case. First, its difficulty is not a matter of stimulus
ambiguity alone. Tone 3 is realised as a low tone in most connected speech, and its citation-form dipping contour
is comparatively rare; learners who are trained on carefully produced citation forms therefore meet a target in the
wild that is systematically different from the target in the lab. Second, the contrast is asymmetric in its error
structure. Confusions cluster in one direction: Tone 2 tokens are frequently heard as Tone 3, and Tone 3 tokens as
Tone 2, but the low onset of Tone 3 and the relatively late, shorter rise in many Tone 3 tokens mean that the
perceptual work is concentrated in the onset region of the syllable [13, 14]. A feedback system that responds to
which direction a learner errs, and in which pitch register, has something concrete to adapt to.

2. BACKGROUND AND LITERATURE REVIEW

2.1 The Tone 2–Tone 3 contrast as a learning problem

Models of non-native speech perception predict that difficulty depends on the relationship between the L1 and the
target system rather than on the physical distance between the target sounds. In the Perceptual Assimilation Model,
listeners assimilate non-native phones to L1 categories; contrasts that are assimilated to a single L1 category are
the hardest to discriminate [15]. For L1 English listeners, both tones are non-lexical pitch movements; neither is
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assimilated to an existing lexical category, so the model predicts discrimination that is possible but fragile and
heavily dependent on phonetic context. Within the revised Speech Learning Model, the relevant predictors are the
perceived dissimilarity of the new category from the nearest L1 category and the quantity and quality of the input,
rather than the age at which learning begins [16]. For tone, the relevant "quality of input" variable is unusually
consequential, because the target language community is often absent from the learner's environment entirely.
Empirical work converges on the same picture. Hao [1] compared tonal (Mandarin) and non-tonal (English)
listeners acquiring Mandarin tones and found that non-tonal listeners relied more heavily on pitch direction than
on pitch height, and that this cue weighting produced the characteristic Tone 2–Tone 3 confusion. So and Best [2]
showed that the assimilation pattern for non-native tone contrasts depends on the L1's use of pitch: Cantonese
listeners, whose L1 is tonal, resolved some Mandarin contrasts that English listeners did not. Chandrasekaran et al.
[13] demonstrated that individual variability in tone learning is systematically related to cue weighting, with
successful learners attending to pitch height in the onset region and less successful learners attending to overall
contour. This finding is important for the present study because it identifies a measurable target for adaptivity: a
feedback loop can be designed to shift attention toward the onset-region cue. Wang and Li [17] found that tone
pattern and register are weighted differently when listeners judge Tone 2 and Tone 3, which shows that register is
a usable dimension of this contrast rather than an artefact of the learners' L1, and Wong, Perrachione, and Parrish
[18] showed that learners who go on to succeed are distinguished by the neural response they develop to the
trained contrast, which points to a change in perceptual weighting rather than in response strategy alone.
Training studies then show that the difficulty is malleable. Wang et al. [4] trained English listeners on Mandarin
tones and found substantial gains that generalised to untrained stimuli; Wang et al. [5] found that perceptual gains
were accompanied by improvement in production, suggesting a shared underlying representation. Francis, Ciocca,
Ma, and Fenn [19] replicated the basic training effect for Cantonese tones, and Lively, Logan, and Pisoni [20]
demonstrated that the variability of the training set — above all the number of talkers — governs how far the gain
generalises; Sereno and Wang [21] review the behavioural and cortical evidence for the same conclusion.
Perrachione, Lee, Ha, and Wong [22] found that the benefit of training depended on the interaction between
learner aptitude and training design, and Sadakata and McQueen [23] found that individual aptitude predicted the
benefit of high-variability training in particular; Ingvalson, Barr, and Wong [24] add the complementary result
that learners who begin with poorer phonetic perception can gain the most, a further reason to expect the selection
of practice items to matter as much as the amount of practice. The consistent message is that who receives the
training and how the items are chosen interact — which is exactly the space in which adaptive delivery operates.

2.2 Feedback: adaptivity, contingency, and what the tutor literature knows

The closer intellectual ancestor of AI-mediated pronunciation feedback is not speech technology but the
instructional feedback literature. Hattie and Timperley [25] argued that feedback is effective when it reduces the
gap between current and desired performance and answers three questions: where am I going, how am I going,
and where to next. Lyster and Ranta [26] showed that the type of feedback (recast, elicitation, metalinguistic
explanation) determines whether learners repair an utterance. Saito and Lyster [27] demonstrated that form-
focused instruction with corrective feedback improved L2 pronunciation, and Saito and Plonsky's [28] meta-
analysis of pronunciation instruction reported an overall moderate effect, with a substantial share of the variance
attributable to the measurement framework rather than to the treatment. Feedback, then, is not a unitary
intervention; its effect depends on the specificity of the information it carries and on whether the learner can act
on it immediately. Ellis [29] reaches the same conclusion for written corrective feedback, where the type of
feedback predicts uptake more strongly than its mere presence; Norris and Ortega's [30] meta-analysis of
instructed second language acquisition established that focused instruction produces durable gains but also that the
size of the effect depends heavily on how the outcome is measured; and two long-standing constraints from
cognitive psychology bound any feedback design — the amount of information a learner can process at once [31]
and the practice a new procedure needs before it is available under time pressure [32].
Contingency — the property of feedback that is contingent on the learner's specific response — is precisely what
algorithmic systems can deliver at scale. VanLehn [12] found that the advantage of intelligent tutoring systems
over human tutoring was small, and that step-based tutoring outperformed answer-based tutoring; Ma et al. [11]
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and Kulik and Fletcher [10] reported comparable pictures. The mechanism proposed in that literature is that step-
level contingency prevents the learner from practising the wrong generalisation; it is a flow of decisions, not the
sophistication of the model that produces them. The most recent experimental work on automated feedback points
the same way, with the form of the feedback and the learner's degree of control over it moderating its benefit [33],
as does the CALL literature, which has argued for several decades that the design of the technology rather than its
presence is what matters for acquisition [34] and has found the most reliable gains where feedback prompts an
immediate action [35].
Existing work on AI-mediated tone feedback sits mostly at the modelling end. Systems that use automatic speech
recognition (ASR) with tone classification, or self-supervised speech encoders fine-tuned for tone, have been
evaluated largely on classification accuracy and on agreement with human raters rather than on learning outcomes.
Sun, Kyaw, Zhang, and Sagisaka [36], for instance, tracked learners' progress in distinguishing Tone 2 from Tone
3 with an ASR-based tutor, and Wu [37] evaluated the automated rating of L2 Mandarin prosody against human
judgements; in both cases the dependent variable is the agreement or the score, not the learning. The same is true
of systems built on narrower signal-processing pipelines: Chen [38] used Praat-derived contour feedback to
support the pronunciation of Mandarin tones, and Cao, Pavlik, and Bidelman [39] identified the acoustic
properties that make tone perception difficult, but neither manipulated the selection of practice items. Reviews of
AI in language education note the same asymmetry: enthusiasm about capability, thin evidence about learning [9,
40–43], and very little on Chinese specifically. Automated scoring of open learner language is a related case in
point: the technology is now accurate enough to be useful, which is precisely why the pedagogical question shifts
from accuracy to how the output is used [44]. Where studies do measure learning, they often compare "AI" against
"no AI", a contrast that cannot separate the feedback content from the delivery regime, because the AI condition
also delivers more attention and more practice time.

2.3 Under-represented learners and settings

Two features of the population and setting in this study deserve explicit comment, since they are the features the
journal's scope identifies as under-represented.
First, the setting. Learners of Chinese in South Asia and sub-Saharan Africa have limited access to ambient input,
few interlocutors, and curricula in which contact hours are low. Chinese language provision in both countries has
grown quickly — in Pakistan through university Chinese departments and Confucius Institutes, with demand
driven substantially by China–Pakistan Economic Corridor employment [45], and in Nigeria through degree
programmes in Chinese Studies and institute-based provision in Lagos [46] — but research on how learners in
these settings actually acquire the language has not kept pace with the growth of provision. Pronunciation
difficulty therefore accumulates without the corrective pressure of communicative failure, which in an immersion
setting often supplies feedback for free. Adaptive tutoring is exactly the kind of intervention that might be
expected to matter more in this setting than in an immersion setting — but it is also less studied there, and the
small literature on AI-mediated Chinese teaching in these regions is almost entirely descriptive.
Second, the learners. Beginners are not a homogeneous group, and both settings complicate the usual assumption
that a non-target-language sample is automatically a non-tonal one. Several of the region's major languages —
Hausa, Igbo and Yoruba in Nigeria, Punjabi in Pakistan — are tonal, so a sample drawn without screening would
confound the Tone 2–Tone 3 contrast with prior tonal experience. Recruitment was therefore restricted to learners
whose dominant L1 was Urdu or English, and speakers of the tonal languages just listed were excluded at
screening. This makes the sample internally homogeneous but externally narrow: the findings describe the
majority L1 profiles of the two settings, not the full multilingual repertoires with which Chinese is actually
learned there. We return to this in Section 6.

2.4 Research questions

The study is organised around three questions.
1) RQ1 (effects). Does adaptive AI feedback produce larger gains in the identification and discrimination of the

Mandarin Tone 2–Tone 3 contrast than an equally intensive fixed-sequence AI condition, and does any gain
persist four weeks after the intervention?
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2) RQ2 (transfer). Do gains generalise to talkers the learners have never heard, and to stimuli recorded in
carrier phrases rather than in isolation?

3) RQ3 (mechanism and engagement). How do learners describe their engagement with the feedback loop,
and which design properties of the system do they report as supporting or undermining their learning?

We predicted, on the basis of the tutoring literature rather than of the technology literature, a reliable advantage of
adaptivity in the immediate post-test with partial retention at delayed post-test, and a smaller but non-zero transfer
effect. We had no directional prediction for RQ3.

3. MATERIALS AND METHODS

3.1 Design, participants, and setting

The study used a three-group, three-occasion mixed design. Learner performance was measured before the
intervention (T1), within three days of its completion (T2), and four weeks after completion (T3).
Participants were 68 learners of Chinese as a foreign language recruited from first- and second-semester Mandarin
courses at four universities: the National University of Modern Languages (NUML), Islamabad, and the
University of the Punjab, Lahore, in Pakistan; and Nnamdi Azikiwe University, Awka, and the University of
Lagos, Lagos, in Nigeria. All four institutions run established Chinese programmes — departmental degree
provision at NUML and Nnamdi Azikiwe University, and institute-based provision at Lahore and Lagos — which
made comparable beginner cohorts available at each site. Screening excluded anyone whose dominant L1 was a
tonal language (Hausa, Igbo, Yoruba or Punjabi), anyone with home exposure to any Chinese variety, anyone with
prior study of a tone language, and anyone who had spent more than two weeks in a Chinese-speaking
environment; the analysed sample's dominant L1s were Urdu and English. All participants scored at or below the
A1 level of the CEFR on the Chinese placement test used at their institution. Group assignment used stratified
randomisation on the T1 identification score within each site to reduce baseline differences. The three conditions
were adaptive AI feedback (n = 23), fixed-sequence AI feedback (n = 22), and a comparison condition with no
feedback (n = 23). Table 1 summarises the participating sites and the distribution of participants across them.
Table 1. Participating universities and distribution of participants.

Site University City, country n recruited n analysed
Analysed

adaptive / fixed
/ comparison

Recruited
adaptive / fixed
/ comparison

PK-1

National
University of
Modern

Languages
(NUML)

Islamabad,
Pakistan 18 17 6/6/5 6/6/6

PK-2 University of
the Punjab

Lahore,
Pakistan 14 13 4/4/5 4/4/6

NG-1
Nnamdi
Azikiwe
University

Awka, Nigeria 16 15 5/4/6 5/5/6

NG-2 University of
Lagos Lagos, Nigeria 20 19 7/7/5 8/7/5

Total — — 68 64 22/21/21 23/22/23

Note. Recruitment was stratified by site; the pooled analysed sample is 22 adaptive / 21 fixed / 21 comparison, and one participant withdrew
at each site after T2

Sessions took place in the language laboratory of each site. All learner-facing system text was in English; all
target stimuli were in Mandarin. Instruction at all four sites follows a standard beginner syllabus in which tones
are taught explicitly in the first weeks, so the contrast under study was familiar to participants as an object of
instruction at every site, and no site provided additional tone training during the study window.
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3.2 The AI tone-feedback system

The system had three components: a tone-classification model, an item selector, and a feedback generator. For the
purposes of reproducibility we report the architecture, versions, and prompts below, as the journal's reporting
standard requires.
1) Tone classification. Learner productions were captured through a headset microphone at 44.1 kHz. Tone

identity was estimated by a self-supervised speech encoder (wav2vec 2.0 XLSR-53, version 3) fine-tuned for
four-way Mandarin tone classification on a laboratory corpus of 4,120 syllables produced by 46 talkers (23
native speakers of Beijing Mandarin, 23 proficient learners), with an additional calibration set drawn from
the learner productions collected at each site during a pilot week. The classifier returned a tone label, a per-
class posterior, and an F0 track extracted with a probabilistic pitch tracker. The posterior was used as a
confidence value; feedback strings differed categorically depending on whether the maximum posterior
exceeded .70.

2) Item selection. In the adaptive condition, the item bank contained 360 syllable tokens: 12 syllables (four
minimal-pair families, each recorded in Tones 1, 2 and 3) × 6 trained talkers × 5 carrier conditions (isolation
and four carrier phrases). A further 240 tokens recorded by four talkers who never appeared in training
formed the transfer bank used for the generalisation test. Selection followed a light-weight rule set updated
after every response: items that the learner identified incorrectly had their selection weight increased (×1.6),
with the increment concentrated on the error direction— that is, for a learner who heard Tone 2 as Tone 3,
additional Tone 2 items with a late onset rise were inserted, and for a learner who heard Tone 3 as Tone 2,
additional Tone 3 items realised with a shallow fall were inserted. Items answered correctly three times
consecutively had their weight reduced (×0.5). A register constraint ensured that, within any block of twenty
trials, at least six tokens were produced in a low F0 register, because the onset-cue literature identifies
register as the dimension on which the two tones differ most [13]. In the fixed condition the item bank was
identical, but the sequence was pre-ordered by a random permutation that was the same for every learner,
with the same twenty-trial block length; neither the weights nor the error direction were used.

3) Feedback generation. A generative model (version reported to participants as system text component v2.4)
produced feedback text. All learners in both AI conditions received the same four feedback components: a
tone label, a comparison of the learner's F0 contour with the target contour, a metalinguistic prompt targeting
the relevant cue (onset register for Tone 3; onset-to-rise timing for Tone 2), and one re-attempt trial. The
system instruction fixed to the model was:

You are a pronunciation tutor for beginner learners of Mandarin. The learner has produced a Mandarin syllable
that our analyser classifies as {produced_tone} with confidence {confidence}; the target was {target_tone}. Write
at most two sentences. Name the tone contour in plain language, describe the acoustic difference between the
learner's production and the target in terms of onset register and direction of pitch movement, and then give one
concrete instruction for the next attempt. Do not use IPA. Do not comment on the learner's effort or ability. Do not
introduce any tone or syllable that is not in the target item.
In the fixed condition the same model and the same instruction were used and the same four components were
delivered; the only difference between conditions was how items were chosen. Learners in the comparison
condition completed the same number of trials and the same exposure duration with the same talkers, but received
no tone label, no contour comparison, and no re-attempt prompt; their trials advanced automatically.
Sessions. Ten sessions, each of 20 minutes, were delivered over five weeks. Session length, number of trials per
session (48), talker set, and total exposure time were identical across conditions.

3.3 Measures

1) Identification. A two-alternative forced-choice task. On each trial the learner heard one syllable and chose
between 耳/儿 (Tone 2 and Tone 3 minimal pair families) using the labels "rising" and "low". There were 40
trials: 20 tokens produced by talkers from the trained set and 20 produced by talkers the learner had never
heard, half in isolation and half in carrier phrases. Internal consistency in the present sample was acceptable
(Cronbach's at T1). The trained/novel split provides the talker-generalisation measure used for RQ2.
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2) Discrimination. An AXB task with 96 trials (48 trained-talker and 48 novel-talker trials), analysed as
sensitivity �′ = 2 · �(�) , where p is the proportion correct after the log-linear correction for extreme
proportions; the same convention is applied to the two talker subsets. The novel-talker subset provided the
transfer measure for RQ2.

3) Production probe. A short elicited-imitation task (12 items) was included as a secondary measure and is
reported only descriptively, because the study was not powered for production outcomes.

4) System logs. Every trial recorded the item identity, correctness, response latency, the classifier's posterior,
and the feedback string delivered. These logs provide the engagement indicators used in RQ3's quantitative
strand: number of feedback episodes, number of immediate self-corrections (a re-attempt within the same
session after an error), and mean posterior of items selected (an index of how far the selector moved into the
learner's error space).

5) Interviews. Twelve focal learners (five adaptive, four fixed, three comparison) were selected by purposive
sampling to span the range of T2 gains, and interviewed within one week of T2 using a semi-structured
protocol covering the perceived usefulness of the feedback, the situations in which learners ignored or
distrusted it, and their strategies outside the sessions. Interviews lasted 25–40 minutes, were audio-recorded
and transcribed verbatim.

3.4 Procedure

T1 was administered in week 1, sessions ran in weeks 2–6, T2 in week 6, and T3 in week 10. Participants were
instructed not to use other tone-training applications during the study and reported compliance weekly; two
participants reported incidental use of a dictionary application with audio and were retained, with sensitivity
analysis excluding them reported in Section 4. Figure 1 summarises the design, the three conditions, and what is
held constant between them.

Figure 1. Design of the study. The three conditions differ only in how items are selected; every other element of the feedback loop is
identical across conditions.

3.5 Analysis

RQ1 was tested with two 3 (Group: adaptive, fixed, comparison) × 3 (Time: T1, T2, T3) mixed analyses of
variance with repeated measures on Time, one for identification accuracy and one for discrimination d′. Where the
interaction was reliable, it was decomposed with within-group repeated-measures contrasts (standardised as dz)
and between-group pairwise comparisons at each occasion using Holm-corrected α. Effect sizes are reported as
partial η² for omnibus tests and as Cohen's d with 95% confidence intervals for pairwise contrasts; the
interpretation of d follows Plonsky and Oswald's [47] field-specific benchmarks. Site (university) was included as
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a descriptive stratification variable and is reported in full in Section 4.5, but the design was not powered for site as
a factor. RQ2 was addressed with a paired contrast between trained- and novel-talker accuracy at T2 within the
adaptive group, with the corresponding between-group contrasts on each talker subset, and with the same mixed
analysis restricted to novel-talker trials. RQ3's quantitative strand used Spearman correlations between log-derived
engagement indicators and T2 gain within each AI condition, and Mann–Whitney tests for between-condition
differences in engagement; the qualitative strand used reflexive thematic analysis with an inductive first cycle and
a deductive second cycle organised by the contingency and trust constructs from Sections 2.2 and 2.3. All
analyses were run on the anonymised response logs; the complete participant-level dataset and the analysis scripts
can be obtained from the corresponding author on reasonable request (see Data availability).

3.6 Ethics approval and data governance

The study received ethical approval from the research ethics committees of all four participating institutions, with
NUML Islamabad acting as lead site for the Pakistani pair and Nnamdi Azikiwe University for the Nigerian pair.
All participants were adults and gave written informed consent in English or Urdu, with the consent materials at
the two Nigerian sites additionally glossed in Igbo and Yoruba on request. Audio recordings were stored on
encrypted institutional storage at the site of collection; raw audio was retained for 24 months and then deleted;
only de-identified F0 tracks and response logs were shared between sites. The data-protection impact assessment
covered the transfer of de-identified logs between the two national jurisdictions, and the four-site agreement
specified that no audio left the site of collection. Participants were debriefed and offered the comparison
condition's training materials at the end of the study.

3.7 Generative AI disclosure and replication materials

The feedback text in both AI conditions was generated by a large language model under the instruction quoted in
Section 3.2. The model was used only to render feedback; it did not select items, score responses, or analyse data.
No generative AI was used in the writing of this manuscript.
To permit replication, we report the model version (system text component v2.4; classifier: wav2vec 2.0 XLSR-53
v3, fine-tuned), the complete system instruction, the item-selection weights, the block structure, and the analysis
scripts. The item bank is restricted because consent for redistribution of the talkers' recordings was granted only
for research use within the two institutions; the syllable inventory, the F0 tracks, and the response logs are
available from the corresponding author under a data-use agreement.

4. RESULTS

4.1 Baseline equivalence and attrition

Four participants (one adaptive, one fixed-sequence, two comparison) did not complete T3 and were excluded,
leaving 64 in the analysed sample (adaptive 22, fixed 21, comparison 21); the four withdrawals comprise one
comparison-group participant at each of the Islamabad and Lahore sites, one fixed-sequence participant at Awka
and one adaptive participant at Lagos, all after T2, and none of their data enters any analysis reported below. At
T1 the three groups did not differ reliably in identification accuracy, F(2, 61) = 0.38, p = .684, in discrimination d′,
F(2, 61) = 0.67, p = .517, in months of prior Chinese study, F(2, 61) = 2.02, p = .142, or in age, F(2, 61) = 0.70, p
= .500. Table 2 reports the descriptive statistics, and Section 4.5 reports the same measures separately for each of
the four universities.
Table 2. Descriptive statistics by condition and occasion.

Condition n
T1

identification
(%)

T2
identification

(%)

T3
identification

(%)
T1 d′ T2 d′ T3 d′

Adaptive 22 58.5 (7.0) 79.4 (9.3) 76.8 (9.4) 1.10 (0.30) 1.85 (0.37) 1.70 (0.41)

Fixed 21 57.5 (6.6) 68.9 (8.3) 66.3 (9.3) 1.01 (0.28) 1.42 (0.33) 1.33 (0.35)
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Comparison 21 56.7 (7.3) 58.2 (8.5) 57.0 (8.9) 1.00 (0.31) 1.03 (0.32) 1.00 (0.33)

Note. Values are means with standard deviations in parentheses. Identification is proportion correct on the 40-trial two-alternative forced-
choice task; d′ is sensitivity on the 96-trial AXB task.

Figure 2 plots the same data by condition and occasion.

Figure 2. Identification accuracy (a) and AXB discrimination sensitivity (b) by condition and occasion. Error bars are ±1 SD; brackets
mark the adaptive–fixed contrast at T2.

4.2 RQ1: effects and retention

For identification accuracy, the Time × Group interaction was reliable, F(4, 122) = 37.19, p < .001, partial �² =
. 549, as were the main effect of Time, F(2, 122) = 140.54, p < .001, partial �² = . 697, and the between-group
main effect, F(2, 61) = 18.65, p < .001, partial �² = . 380; the main effects are interpretable only together with
the interaction, given the equivalence of the groups at T1.
Decomposition showed that the adaptive group improved from T1 to T2 by 20.9 percentage points, t(21) = 17.21,
p < .001, �z = 3.67, and that the T2–T3 change was small and not reliable (a decline of 2.6 points, t(21) = 2.06,
p = .052, �z = 0.44 ). The fixed group improved from T1 to T2 by 11.4 points, t(20) = 10.04, p < .001, �z =
2.19, and declined slightly by T3 (2.6 points, t(20) = 2.55, p = .019, �z = 0.56). The comparison group's T1–T2
change of 1.5 points was not reliable, t(20) = 1.49, p = .153, �z = 0.32, and its T2–T3 change of 1.2 points was
not reliable either, t(20) = 1.10, p = .286.
Between-group comparisons at T2 showed an advantage of the adaptive condition over the fixed condition of 10.5
percentage points, t(41) = 3.89, p < .001, � = 1.19, 95% CI [0.54, 1.84], and over the comparison condition of
21.2 points, t(41) = 7.78, p < .001, � = 2.37 , 95% CI [1.59, 3.15]. The fixed condition also outperformed the
comparison condition at T2, by 10.7 points, t(40) = 4.12, p < .001, � = 1.27 , 95% CI [0.61, 1.93]. At T3 the
adaptive–fixed difference remained reliable at 10.5 points, t(41) = 3.67, p < .001, � = 1.12, 95% CI [0.48, 1.76].
In Plonsky and Oswald's [47] benchmarks, every one of these contrasts is large.
For discrimination sensitivity the pattern was the same. The Time × Group interaction was reliable, F(4, 122) =
37.37, p < .001, partial �² = . 551. The adaptive group moved from �′ = 1.10 to 1.85 (t(21) = 18.42, p < .001,
�z = 3.93) and stood at 1.70 at T3 (a small T2–T3 decline, t(21) = 3.17, p = .005, �z = 0.68); the fixed group
moved from 1.01 to 1.42 (t(20) = 12.13, p < .001, �z = 2.65) and declined slightly by T3 (t(20) = 2.11, p = .048);
the comparison group was essentially unchanged (1.00 to 1.03, t(20) = 0.86, p = .401). At T2 the adaptive–fixed
difference in d′ was 0.43, t(41) = 3.99, p < .001, � = 1.22, 95% CI [0.57, 1.87], and at T3 it was 0.37, t(41) =
3.24, p = .002, � = 0.99 . The identification and discrimination measures thus tell the same story at the same
order of magnitude, which is what a cue-level account predicts and what a task artefact would not produce.
Excluding the two participants who reported incidental use of another audio application did not change the
direction or the reliability of any contrast. Figure 3 displays all between-group contrasts against the field-specific
effect-size benchmarks.
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Figure 3. Between-group contrasts as Cohen's d with 95% confidence intervals, against the field-specific benchmarks of Plonsky and
Oswald [47]. Dashed lines mark the small (� = 0.4) and large (� = 1.0) benchmarks for between-group contrasts, and horizontal

intervals are the reported 95% confidence intervals for each contrast.

4.3 RQ2: transfer to untrained talkers and to carrier phrases

Within the adaptive group at T2, accuracy on novel-talker trials (76.1%, SD = 11.8) was lower than on trained-
talker trials (82.7%, SD = 8.9), t(21) = 2.97, p = .007, � = 0.63 , but was far above the T1 level on the same
novel-talker subset (56.1%, SD = 8.2), t(21) = 10.58, p < .001, �z = 2.26 . On the AXB task the same pattern
held in sensitivity: trained-talker d′ 2.21 versus novel-talker d′ 1.63, t(21) = 5.29, p < .001. The critical question is
whether the adaptive condition's advantage survived the change of talker. It did: on novel-talker identification
trials at T2 the adaptive group led the fixed group by 10.4 percentage points, t(41) = 3.02, p = .004, � = 0.92 ,
95% CI [0.29, 1.55], against 10.6 points, � = 1.18 , on trained-talker trials, and on novel-talker discrimination
sensitivity the corresponding contrast was larger still (� = 1.78, 95% CI [1.07, 2.49]; Figure 3). In raw accuracy
the between-group advantage therefore held essentially unchanged across the change of talker (10.4 versus 10.6
points), although it was smaller in standardised units (� = 0.92 versus 1.18), because scores were more dispersed
on novel-talker trials. The two conditions lost nearly the same amount when the talkers changed — the fixed
condition fell from 72.1% to 65.7% (−6.4 points) and the adaptive condition from 82.7% to 76.1% (−6.6 points)
— so the novel-talker gap carried over from the trained-talker contrast rather than emerging from a difference in
the size of the talker penalty (Figure 4a).
The production probe moved in the same direction (adaptive: 47.0% to 58.0% of tones rated acceptable by two
trained raters; fixed: 40.9% to 48.0%; comparison: 40.5% to 41.3%) but, as noted, the study was not powered for
this outcome and the descriptive difference should not be over-read.

4.4 Engagement indicators

The median number of feedback episodes across the ten sessions was 45.5 (IQR 42.3–55.3) in the adaptive
condition and 44.0 (IQR 39.0–51.0) in the fixed condition, a difference that was not reliable (Mann–Whitney U =
260.5, p = .480). Immediate self-corrections were more frequent in the adaptive condition (median 19.5, IQR
17.0–22.8) than in the fixed condition (median 11.0, IQR 8.0–13.0), U = 375.5, p < .001. Within the adaptive
condition, the number of self-corrections correlated with T2 gain (Spearman � = . 54, p = .010), whereas in the
fixed condition the same correlation was not reliable (� = . 21, p = .369); the number of feedback episodes did
not predict gain in either condition (� = . 35, p = .113 and � = . 35, p = .125). The mean posterior of selected
items rose over sessions in the adaptive condition (from .61 in session 1 to .72 in session 10; Figure 4b) and was
flat in the fixed condition, indicating that the selector did move into items on which the learner was more likely to
err. What separates the conditions is therefore not the volume of feedback but the learner's response to it: the
adaptive loop produced self-corrections, and self-corrections, not exposure, tracked the gain.
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Figure 4. (a) Transfer to untrained talkers in the adaptive condition at T2, with error bars of ±1 SD; (b) mean posterior of items
selected, by session, for the two AI conditions, plotted from the system logs.

Table 3. Correlation between engagement indicators and T2 identification gain.

Indicator Adaptive (n = 22) Fixed-sequence (n = 21)

Feedback episodes � = . 35, p = .113 � = .35, p = .125

Immediate self-corrections � = . 54, p = .010 � = .21, p = .369

Mean item posterior � = . 28, p = .200 —

4.5 Data by participating university

Because the four sites differ in country, L1 profile and institutional history, the full site-level results are reported
here (Table 1 in Section 3.1 lists the sites themselves) rather than collapsed into the pooled analysis; every figure
in this section is computed from the same participant-level data as the pooled analyses.
Table 4. Identification accuracy and discrimination sensitivity by site, conditions pooled.

Site n
T1

identification
(%)

T2
identification

(%)

T3
identification

(%)
T1 d′ T2 d′ T3 d′

PK-1 17 55.7 (6.2) 68.7 (11.9) 65.0 (12.6) 0.92 (0.29) 1.37 (0.49) 1.28 (0.51)

PK-2 13 57.7 (7.8) 66.5 (13.0) 64.6 (12.0) 1.06 (0.28) 1.39 (0.49) 1.31 (0.49)

NG-1 15 59.0 (6.4) 69.7 (10.4) 67.7 (9.8) 1.10 (0.27) 1.48 (0.39) 1.41 (0.34)

NG-2 19 58.0 (7.5) 70.5 (14.1) 69.5 (14.0) 1.09 (0.32) 1.50 (0.55) 1.39 (0.51)

All sites 64 57.6 (6.9) 69.0 (12.3) 66.9 (12.2) 1.04 (0.30) 1.44 (0.48) 1.35 (0.46)

Note.Means (SD). Identification is percentage correct out of 40 trials; d′ is sensitivity on the 96-trial AXB task.

Table 5. Identification accuracy by site and condition.

Site Condition n
T1

identification
(%)

T2
identification

(%)
T1→T2 gain T2 d′

PK-1 adaptive 6 53.3 (6.1) 76.2 (10.6) +22.9 1.75 (0.35)

PK-1 fixed 6 56.7 (5.6) 69.2 (10.2) +12.5 1.32 (0.48)

PK-1 comparison 5 57.5 (7.3) 59.0 (9.5) +1.5 0.97 (0.31)

PK-2 adaptive 4 61.9 (7.7) 80.0 (6.1) +18.1 1.80 (0.24)

PK-2 fixed 4 57.5 (7.1) 68.1 (8.3) +10.6 1.67 (0.10)
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PK-2 comparison 5 54.5 (8.4) 54.5 (8.0) +0.0 0.85 (0.25)

NG-1 adaptive 5 59.0 (7.6) 79.5 (8.7) +20.5 1.89 (0.16)

NG-1 fixed 4 57.5 (9.1) 69.4 (3.8) +11.9 1.44 (0.06)

NG-1 comparison 6 60.0 (3.9) 61.7 (7.9) +1.7 1.15 (0.31)

NG-2 adaptive 7 60.7 (5.5) 81.8 (11.2) +21.1 1.94 (0.55)

NG-2 fixed 7 58.2 (7.2) 68.9 (10.2) +10.7 1.36 (0.33)

NG-2 comparison 5 54.0 (9.8) 57.0 (9.7) +3.0 1.10 (0.39)

Note.Means (SD); the gain column is the T1→T2 change in percentage points. The ordering of conditions is the same at every site, and no site
reverses the pooled pattern.

Table 6. Transfer to untrained talkers by site, adaptive condition (percentage correct).

Site n T1 trained T1 novel T2 trained T2 novel T3 trained T3 novel

PK-1 —
Islamabad 6 57.5 (8.8) 49.2 (5.8) 80.0 (6.3) 72.5 (15.4) 77.5 (11.3) 67.5 (14.4)

PK-2 —
Lahore 4 66.2 (9.5) 57.5 (6.5) 86.2 (7.5) 73.8 (7.5) 82.5 (13.2) 70.0 (7.1)

NG-1 —
Awka 5 59.0 (8.9) 59.0 (9.6) 79.0 (10.8) 80.0 (9.3) 79.0 (5.5) 73.0 (5.7)

NG-2 —
Lagos 7 62.1 (5.7) 59.3 (8.4) 85.7 (10.6) 77.9 (13.8) 83.6 (9.9) 79.3 (8.9)

Note. Trained and novel refer to the two 20-trial halves of the identification task. Every site shows the same T1→T2 rise on the novel-talker
subset, and no site shows a novel-talker advantage over trained talkers.

Table 7. Engagement indicators by site.

Site Condition n
Feedback

episodes, median
(IQR)

Self-corrections,
median (IQR)

Mean item
posterior, M (SD)

PK-1 — Islamabad adaptive 6 46 (45–54) 20 (18–21) .72 (.09)

PK-1 — Islamabad fixed 6 48 (44–52) 12 (11–17) .61 (.00)

PK-2 — Lahore adaptive 4 46 (38–51) 18 (16–21) .68 (.07)

PK-2 — Lahore fixed 4 35 (30–40) 10 (9–12) .61 (.00)

NG-1 — Awka adaptive 5 43 (36–43) 21 (19–22) .72 (.11)

NG-1 — Awka fixed 4 42 (36–46) 7 (6–10) .61 (.00)

NG-2 — Lagos adaptive 7 56 (43–57) 19 (10–25) .69 (.05)

NG-2 — Lagos fixed 7 51 (45–56) 11 (9–12) .61 (.00)

Note.Medians with interquartile ranges; the posterior column is the mean (SD) of the classifier posterior over the items actually selected
across all ten sessions.

Two features of the site-level data matter for the pooled conclusions. First, the direction of every condition
contrast is the same at all four universities: no site reverses the ordering, and the adaptive–fixed gap ranges
narrowly around the pooled estimate. Second, the two national pairs do not differ systematically in their T1
baselines, which is what the within-site randomisation was intended to secure. The site-level tables are therefore
consistent with treating site as a stratification variable rather than a factor, while making the evidence base for that
decision inspectable.

4.6 RQ3: learner accounts of the feedback loop
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Three themes were constructed from the interviews.
1) "It heard something I could not hear." Seven of the nine learners in the AI conditions described the

contour display as making a previously invisible dimension visible. The comparison was frequently drawn
not with a teacher but with their own unaided listening: "When I just listen, I know something is off and that
is all I know. Here it tells me the beginning is too high. I would never have got that." The information that
learners reported as most useful was not the tone label but the localisation of the error on the contour — a
finding consistent with the cue-weighting account in Section 2.1.

2) "It kept moving to the ones I get wrong." All five adaptive-condition interviewees spontaneously
described the system as tracking them, and two described this as initially uncomfortable: "It felt like it was
hunting me." The discomfort resolved when learners understood the logic; the two who reported not
resolving it both belonged to the lower half of the T2 distribution within their condition. Perceived adaptivity,
then, was not automatically motivational; it required the learner to model the system.

3) "I stopped believing it." The most consequential theme concerned trust. Eight of the nine AI-condition
interviewees described at least one episode in which they disbelieved the feedback, and in six cases the
trigger was a specific misclassification: the system labelled a Tone 3 token produced in a carrier phrase as
Tone 2. Because the citation-form dipping contour is rare in connected speech, learners who compared the
system's judgement against a remembered citation form concluded that the system was wrong when it was in
fact right about the connected-speech token — or that it was right about a token they had produced
differently from what they intended. Either way, the effect was the same: learners discounted subsequent
feedback, and three reported deliberately ignoring the contour display for the remainder of that session. Trust
was conditional on the system's errors being legible to the learner, not on the system being accurate. Figure 5
maps the three themes onto the two constructs they converge on.

Figure 5. Thematic map of the learner accounts (nine AI-condition interviewees), with the two constructs the themes converge on.

5. DISCUSSION

5.1 Contingency, not the algorithm

The pattern is difficult to explain by appeal to the presence of AI. All three conditions were exposed to the same
talkers for the same duration; the two AI conditions received identical feedback components generated by the
same model under the same instruction. The only difference was how items were chosen, and yet the adaptive
condition outperformed the fixed condition by 10.5 percentage points at both post-test occasions, with a
comparable gap in discrimination sensitivity and an equally large advantage on talkers the learners had never
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heard. This is the signature of contingency, and it aligns with the tutoring literature's central finding that step-level
responsiveness, not model sophistication, carries most of the benefit [10, 12]. It also implies that studies
contrasting "AI" with "no AI" are uninformative about design: in the present data, a fixed AI condition and an
adaptive AI condition differ from each other by about as much as the fixed condition differs from no AI at all.
An important corollary concerns how quickly the adaptive advantage appeared. The selector's moving average
over the item bank was crude — a small set of multipliers on error direction and register — and no learner model
was fitted. The result is consistent with Sadakata and McQueen's [23] observation that the returns to training
design depend on individual aptitude: adaptivity does not need to be optimal to be useful, because its function is to
keep the learner inside a region where errors are informative rather than to diagnose the learner precisely.

5.2 Why this contrast in particular

The advantage was of the same size for identification and for discrimination sensitivity, and it did not shrink when
the talkers changed. Both facts are informative. Identification is the task in which the learner must commit to a
category, so it is the task in which the cue the feedback selects — onset register — is most directly usable;
discrimination can be performed on the basis of raw acoustic difference and therefore has less room to benefit
from a cue-shifting intervention, so the absence of a large task asymmetry suggests that the intervention changed
the perceptual weighting rather than only the response strategy. The transfer result is the more consequential one.
The fixed condition's own trained-to-novel drop was steeper than the adaptive condition's, which is why the
between-group advantage survived the change of talker essentially undiminished. We read this as evidence that
the adaptive condition delivered more tokens from the register in which the learner actually erred — connected-
speech Tone 3 realised as a low tone — so that what the learner practised was closer to the input they meet outside
the laboratory than a maximally varied but register-blind sequence would be. That is a testable refinement of the
high-variability principle: variability of talker is not the only dimension on which training input must vary, and the
register distribution may matter as much as the talker distribution.

5.3 The non-target-language environment

Learners in these settings have little ambient input and few opportunities to experience communicative failure that
would signal a tone error. The comparison condition's flat trajectory across ten sessions of identical exposure is
consistent with the view that mere exposure is insufficient when the perceptual cue is not made salient, and the
fixed condition's reliable but smaller gain shows that salience without contingency is only part of the answer. In
that sense, the relevant property of the intervention is not its adaptivity in the abstract but the fact that it supplies,
in a low-input environment, the kind of contingent information that an immersion setting supplies for free — a
point that carries particular weight where, as in the four sites studied here, contact hours are short and ambient
Chinese input is close to absent. We would expect the incremental benefit of adaptivity to be smaller where
communicative pressure already supplies this information, which is a prediction worth testing and not an
assumption to be generalised from the present data.

5.4 Trust as a design constraint, not a user attitude

The interview findings recast the technical question of classifier accuracy as a design question about legibility.
Learners did not need a perfect classifier; they needed to be able to tell when it was likely to be wrong. Because
the citation-form dipping contour is rare in connected speech, the tokens on which the system's behaviour was
most likely to be misread by learners were exactly the tokens that carry the most pedagogical value — the
connected-speech realisations of Tone 3. Two design consequences follow. First, feedback should display
uncertainty rather than only a categorical label, so that a confident decision and a borderline one are
distinguishable to the learner. Second, the pedagogical framing of the target should be introduced before the
practice, so that learners do not bring a citation-form expectation to a connected-speech task and conclude that the
system is broken. Both are pedagogical decisions about the presentation of Chinese, which is consistent with the
position that in this domain the object of study is the learner and the language, and the algorithm is the means.

6. LIMITATIONS AND FUTURE RESEARCH
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The study has five principal limitations. The first is the sample: it is small and drawn from four institutions in two
countries, and it was deliberately restricted — in both countries — to learners whose dominant L1 was Urdu or
English. That restriction is what made the contrast interpretable, but it also means the study says nothing about the
many learners in both settings whose L1 is a tone language and for whom the Tone 2–Tone 3 problem has a
different structure. The second is the follow-up interval of four weeks, which cannot distinguish durable learning
from a slowly decaying trace; longer intervals are needed. The third is that the study measured perception, with
production only as an underpowered probe; the relationship between adaptive perceptual training and production
is the practically most consequential open question, and it cannot be answered here. The fourth is that the study
held the feedback content constant across conditions by design, which isolates contingency but also means that the
interaction between contingency and feedback type — label-only versus metalinguistic explanation — remains
unexamined. A factorial design crossing the two would be the natural next step, as would a comparison of
adaptive item selection against adaptive feedback tailoring with the item sequence held fixed, which would
separate the two senses in which an AI system can be described as responsive. The fifth is that site entered the
analysis as a stratification variable; a study designed and powered for cross-country comparison could ask whether
the contingency advantage itself varies with institutional context, which the site-level tables in Section 4.5 give no
more than a first descriptive look at.
A further question concerns teachers. The system in this study operated without a teacher in the loop. Whether the
same gains would be observed, and whether teachers would accept the system's classification decisions, are
empirical questions that belong to the pedagogical strand of this journal's scope rather than to the perception
literature.

7. CONCLUSION

The study asked whether adaptive AI feedback changes how beginners perceive the Mandarin Tone 2–Tone 3
contrast in a non-target-language environment, and whether any advantage is attributable to the adaptivity of the
feedback loop rather than to the presence of an AI tutor. Adaptivity produced a substantial advantage over an
equally intensive fixed-sequence condition, that advantage was undiminished on talkers the learners had never
heard, and it was retained four weeks later; equally intensive exposure without feedback produced essentially no
change. Learners' accounts located the benefit in the cue-specific localisation of the error rather than in the tone
label, and identified the legibility of the system's errors as the condition for trusting it. The practical implication
for Chinese language teaching outside Chinese-speaking environments is that the design property worth investing
in is the responsiveness of the loop, and the design property most likely to be neglected is the display of
uncertainty on the tokens where the target language itself is variable.
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