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Abstract

Human infants, with only a few hundred hours
of speech exposure, acquire basic units of
new languages, highlighting a striking effi-
ciency gap compared to the data-hungry self-
supervised speech models. To address this
gap, this paper introduces SpidR-Adapt for
rapid adaptation of speech units to new lan-
guages using minimal unlabeled data. We cast
such low-resource speech representation learn-
ing as a meta-learning problem and construct
a multi-task adaptive pre-training (MAdaPT)
protocol which formulates the adaptation pro-
cess as a bi-level optimization framework.
To enable scalable meta-training under this
framework, we propose a novel heuristic solu-
tion, first-order bi-level optimization (FOBLO),
avoiding heavy computation costs. Finally,
we stabilize meta-training by using a robust
initialization through interleaved supervision
which alternates self-supervised and super-
vised objectives. Empirically, SpidR-Adapt
achieves rapid gains in phonemic discriminabil-
ity (ABX) and downstream spoken language
modeling scores (sWUGGY, sBLIMP, tSC),
surpassing in-domain toplines after training
on less than 1h of target-language audio and
delivering 100x greater data efficiency than
standard multi-task training. These findings
highlight a practical, architecture-agnostic path
toward biologically inspired, data-efficient rep-
resentations. We open-source the training code
and model checkpoints at https://github.
com/facebookresearch/spidr-adapt.

1 Introduction

Human infants demonstrate a remarkable capac-
ity for language acquisition: at under 6-months
of age, they begin specializing their perception of
phonemic contrasts to the structures relevant to
their native language (Eimas et al., 1971; Werker
and Tees, 1984; Kuhl, 2004), all from continuous
auditory input and with only 50 to 500 hours of

speech exposure (Bergelson et al., 2019; Cychosz
et al., 2021; Cristia, 2023).

In contrast, current self-supervised learning
(SSL) models such as HuBERT (Hsu et al., 2021)
and WavLM (Chen et al., 2022) require thousands
of hours of training data to learn meaningful lin-
guistic representations, and even then, their learned
units are brittle—sensitive to acoustic and contex-
tual variability (Gat et al., 2023; Hallap et al., 2023).
When used as the basis for spoken language mod-
els (SLMs), these representations lead to limited
language modeling performance compared to text-
based systems (Lakhotia et al., 2021; Hassid et al.,
2023) and far worse than the learning trajectories
of human infants (Bergelson and Swingley, 2012).

A key reason for this discrepancy lies in in-
ductive biases: infants begin with strong predis-
positions for speech perception, such as sensitiv-
ity to phones, rhythmic regularities, and speaker-
invariance (Kuhl, 1979, 2004; Saffran et al., 2007).
These biases constrain learning to plausible linguis-
tic structures, enabling rapid generalization from
sparse input. By contrast, most machine learn-
ing systems are initialized from random weights
and rely solely on statistical regularities of massive
datasets. Without built-in inductive priors, they fail
to discover linguistic abstractions of new languages
efficiently.

To move toward the inductive efficiency of hu-
man learners, we propose a fast-adaptive self-
supervised framework for speech representation
learning including three broad components:

* Multi-task Adaptive Pre-training (M AdaPT),
a novel protocol that frames model learning as
a bi-level optimization problem. The model is
meta-optimized across several data-scarce adap-
tation episodes, each simulating a “lifetime” of
low-resource language learning. Conceptually,
this episodic design draws loose inspiration from
evolutionary processes, with a second-order op-
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timization occurring at an outer, population-like
level that shapes the model’s inductive biases
over generations. To further encourage cross-
lingual abstraction, we introduce controlled ac-
tive forgetting between episodes, resetting key
model components to simulate the onset of a new
“lifetime,” thereby promoting robust, transferable
representations.

First Order Bi-level Optimization (FOBLO), a
meta-optimization heuristic that efficiently ap-
proximates the second-order bi-level problem
posed by MAdaPT. The inner loop trains the
model to learn on unlabeled, under-resourced
data, while the outer loop calibrates the meta-
parameters using feedback from a gold-standard
labeled set.

* Interleaved light supervision, which incorpo-
rates self-supervised training with occasional
phone supervised steps, yielding an initializa-
tion that imitates human-robustness to contextual-
and acoustic-variations of speech while being
label-efficient.

Together, these mechanisms produce a model that
achieves performance comparable to monolingual
SSL systems trained on 6,000 hours of language
data, despite seeing only 10 minutes to 100 hours of
data in the target language. We further demonstrate
that the resulting fast-adaptive model learns speech
representations of an unseen language significantly
faster than standard multi-task training.

We build on SpidR (Poli et al., 2025b), a speech
SSL model that achieves state-of-the-art (SOTA)
performance on phonemic discrimination and SLM
metrics with efficient training. Our framework
extends SpidR with the above fast-adaptive com-
ponents, yielding SpidR-Adapt. Although our
current implementation of MAdaPT-FOBLO uses
SpidR as the backbone and focuses on speech rep-
resentation, our framework is architecture-agnostic
and broadly applicable to self-supervised models.
Our results demonstrate a step toward data-efficient
speech representation learning, conceptually mo-
tivated by the efficiency of early human language
acquisition.

2 Related Works

2.1 Self-supervised learning

Self-supervised learning has enabled speech mod-
els to learn rich representations from unlabeled au-
dio, underpinning a wide range of downstream ap-

plications including ASR, emotion recognition, and
spoken language modeling (SLM). Among these,
SLM—where the objective is to capture linguis-
tic structure directly from speech (Lakhotia et al.,
2021; Dunbar et al., 2021; Borsos et al., 2023)—is
particularly relevant for our work, given our moti-
vation to build SSL models that enable human-like
acquisition of spoken language. In the context of
SLM, recent research has demonstrated that the
semantic representativeness of learned units, in par-
ticular their phonemic discriminability, directly im-
pacts downstream spoken language performance
(Poli et al., 2024; Hallap et al., 2023). Hence, in this
work, when evaluating the performance of speech
SSL models, we employ measures of phonemic dis-
criminability such as ABX (Schatz, 2016), PNMI
(Hsu et al., 2021), and phone error rate.
Self-supervised models like HuBERT (Hsu et al.,
2021) and WavLM (Chen et al., 2022) use masked
prediction and clustering to build speech represen-
tations, but require extensive training time. SpidR
(Poli et al., 2025b) improves on prior SSL models
by combining self-distillation and online clustering,
achieving SOTA SLM results with more efficient
training. This efficiency makes SpidR an ideal
backbone for current meta-learning approaches.

2.2 Meta-learning

Meta-learning aims to optimize models for rapid
adaptation to new tasks, often in low-resource set-
tings (Finn et al., 2017; Nichol et al., 2018). This
is typically achieved by performing two loops of
optimization: in the inner loop, the model is repeat-
edly adapted to a new task, and in the outer loop,
its meta-parameters are updated based on how well
it adapts to that task. First-order model-agnostic
meta-learning and Reptile (Nichol et al., 2018), in
particular, use first-order outer loop updates, mak-
ing them computationally attractive heuristics for
large-scale meta-learning.

Meta-learning has demonstrated significant ef-
fectiveness in improving out-of-domain (OoD) gen-
eralization. Recent studies have introduced risk-
aware task selection frameworks that significantly
improve adaptability and robustness without sacri-
ficing training efficiency when facing distribution
shifts (Wang et al., 2025; Qu et al., 2025) while
others have proposed meta-learning for OoD de-
tection and model selection (Qin et al., 2025). In
this paper, we evaluate generalization capability by
meta-testing on OoD languages that are not avail-
able during meta-training.
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Recent work has also explored active forget-
ting as a complementary mechanism for improving
model plasticity (Chen et al., 2023; Aggarwal et al.,
2025). By periodically resetting parts of the model,
such as embeddings or prediction layers, active for-
getting encourages the formation of weights that
can be reconfigured for new linguistic domains and
prevents overfitting to unstable patterns. Here, we
blend traditional meta-learning with active forget-
ting to amplify the adaptive benefits of both.

Despite their success in few-shot learning, meta-
learning methods have seen limited application in
speech models, where training typically relies on
large, static corpora. Only a few studies explore
meta-learning for speech classification or ASR
(e.g., Chen et al., 2021; Hsu et al., 2020), and none
target self-supervised speech representations. In
contrast, we apply meta-learning at the level of SSL
itself for the goal of spoken language modeling.

3 Methodology

Here we introduce SpidR-Adapt, a speech repre-
sentation model tailored for rapid and robust adap-
tation to new languages with limited unlabeled
audio data. First, we build a general multi-task
training setup (MAdaPT; Sec. 3.1) that imitates
fast-adaptation to new languages in low-resource
scenarios, incorporating active forgetting to encour-
age stronger cross-lingual abstraction. This ap-
proach builds the adaptation process as a bi-level
optimization problem. Then, to efficiently solve
the nontrivial bi-level problem, we introduce an
empirical solution called first-order bi-level opti-
mization (FOBLOj; Sec. 3.2), which avoids the
heavy computational cost of second-order gradient
steps in the outer loop. Finally, to stabilize meta-
optimization, we propose initializing with a pre-
trained model and design an interleaved supervised
objective (interleaved supervision; Sec. 3.3).

3.1 Multi-task Adaptive Pre-Training
(MAdaPT)

The goal of MAdaPT is to address the OoD gener-
alization challenge: the model is pre-trained on
source (seen) linguistic domains with sufficient
data and subsequently adapted on target (new) lin-
guistic domains for which only limited unlabeled
data is available.

Notation. Let S denote the set of source lan-
guages available during training and 7 represent
the set of unseen target languages encountered dur-

ing adaptation. For each source language ¢ € S,
we assume access to a sufficiently large unlabeled
corpus D} and, optionally, a small labeled corpus
Dj. In contrast, for each target language in 7, only
a limited unlabeled corpus is available.

Episodic multi-lingual setup. We cast the OoD
challenge from seen to new languages as a meta-
learning problem. To simulate fast adaptation to
target languages with limited speech data, we parti-
tion the large unlabeled corpus D} of each source
language into multiple smaller data chunks {D} }.
Thus, one task in this work corresponds to a specific
language ¢ and one scarce data chunk D} as the
training set. During meta-training, the model is pre-
sented with a mini-batch of task-specific episodes
and is optimized in the outer loop based on learn-
ing performance of the inner loops. At the meta-
test stage, we fine-tune the learned model on data-
scarce tasks derived from each target language,
evaluating adaptation in low-resource scenarios.

SpidR as backbone speech model. In this work,
we deploy the SOTA speech representation model
SpidR (Poli et al., 2025b) as our backbone, which
has a teacher-student architecture. We represent it
as 0 = { £(-), By, Er, {W"}, {CF} ), where f(.)
is a convolutional downsampler, and E, E; are
Transformer encoders for the student and teacher,
respectively. The teacher is an exponential moving
average of the student. W is the prediction head
of the student and C* is the target codebook of the
teacher at the intermediate layer k£ (where L — K <
k < L, with L the number of Transformer layers
and K the number of codebooks).

Given a language ¢ with its low-resource dataset
Dy, we formalize the adaptation process as:

0; = argmeinﬁssl(‘g;D?)v M

where L denotes a self-supervised loss function,
0 represents all learnable parameters of the speech
model SpidR, and @; are the optimal model param-
eters specific to the language . We note that D} is
not sufficient to train a specific speech model from
scratch due to severe overfitting (Dupoux, 2018).

Bi-level optimization. To mitigate model’s over-
fitting to source languages, we propose a generic bi-
level optimization framework which aims to learn
meta-parameters from source languages that adapt
rapidly to target languages. Within this framework,
training with pure SSL in Equation (1) serves as
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Figure 1: Overview of SpidR-Adapt for few-shot speech adaptation. It consists of three main phrases: (1)
meta-initialization performs multi-task pre-training with interleaved supervision, learning a robust initialization ¢
from a mixture of source domains. (2) meta-training through MAdaPT-FOBLO optimizes this initialization for fast
adaption to Dy. Each worker conducts inner loop adaptation with active forgetting (AF) on unlabeled data, followed
by outer loop updates that refine ¢» by minimizing the expected task loss on labeled data. (3) at meta-test time, the
learned ¢* is fast adapted to a new, unseen domain using only unlabelled data.

an inner optimization; meanwhile, lightweight la-
beled data are deployed to supervise these adapta-
tion processes at the outer level by shaping meta-
parameters. Meta-parameters are shared across
concurrent tasks and can be intuitively viewed as
inductive biases for speech representation learn-
ing. Concretely, we interpret the learned meta-
parameters ¢ as an adaptation prior: an initializa-
tion that can be efficiently reorganized toward the
phonemic structure of a new language under lim-
ited unlabeled data.

For clarity, we instantiate meta-parameters ¢ as
the initial parameters of the backbone model in
Equation (1). Thus, the expected bi-level objective
for MAdaPT is:

mqin Eevs[La(0;(4); D)),

2
5.61(8) — argmin La(6,6:D7),
where L denotes a self-supervised loss function
in the inner level, performing adaptation from un-
labeled speech data; and L denotes a supervised
loss function in the outer level. In contrast to regu-
lar meta-learning frameworks designed for super-
vised learning (Finn et al., 2017), supervised infor-
mation here is only used in the outer optimization
while inner adaptations remain unsupervised. This

preserves the assumption of low-resource, unla-
beled data usage within the inner loop, while lever-
aging supervised information in the outer loop to
resolve the ambiguities of pure self-supervision.

Active forgetting in task adaptation. To sup-
press unstable and language-specific learning from
past episodes, we introduce an active forgetting
mechanism. During meta-training, SpidR’s predic-
tion heads and codebooks tend to be dominated
by phonemic knowledge from source languages,
hindering its generalization to new languages.

To this end, we reinitialize these components
at the start of each inner loop. Concretely, we
copy the student and teacher parameters from the
shared meta-parameters ¢ as default but reset all
heads and codebooks, yielding the optimization
with initialization @ar(¢) for each inner loop at
both meta-training and meta-test stages:

mein L’SS](OAF((;')); D?)’ where (3)

Oar(¢) = {(9).5:(9).Eu(¢) {WE}{C} }

Each codebook C£ is sampled from a normal
distribution A/(0, 1) and each head W is warmed
up for 20 steps using the first batch of Dy.
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3.2 First-Order Bi-Level Optimization
(FOBLO)

Solving the bi-level optimization in Equation (2) is
non-trivial because both the inner and outer loops
require multiple gradient steps. To make meta-
training scalable, we introduce a first-order bi-level
optimizer that yields a principled first-order ap-
proximation to the meta-gradient. In contrast to
other first-order approximations (Finn et al., 2017;
Nichol et al., 2018), our optimizer is intended for
a more challenging case where the inner and outer
loops are served by different loss functions.

Given a specific language ¢, the update of meta-
parameters ¢ can be formulated as:

¢ ¢ = BV La(0;(4); D7), (4)

where [ is a learning rate in the outer loop used
to update the meta-parameters ¢. Assume that the
inner and outer loops perform M and N gradient
steps, respectively. By applying chain rule to Equa-
tion (4) during backpropagation over M inner steps,
we can reformulate the meta-update as:

b — ¢ — BV L0} (); DY)

M
I [1- 0V (ToLa(87 (@)

m=1

&)

where « is the learning rate in the inner loop up-
date and the task-specific parameters 8" denote the
model’s parameters after the m‘"-inner step. To
avoid the heavy computational cost in computing
the Jacobian product of the second derivative in
Equation (5), we adopt a first-order approximation
by dropping the second-order term (i.e., we stop
the gradient through the inner loop).

The outer loop typically performs N supervised
steps on labeled speech corpora Dj. Following
Reptile (Nichol et al., 2018), we approximate the
outer loop gradient by the parameter difference
between the end of the inner loop and the end of
the outer loop:

VoLla(0)(0); D)) =0} — 0N, (6)

where Géw is obtained after M self-supervised in-
ner steps starting from € and Bé\/[ +N is obtained
by taking an additional N supervised steps from
Oé\/l . By substituting Equation (6) into Equation (5),
FOBLO updates the meta-parameters as follows:

¢ ¢ — BB 5[0 — 0N (D)

Both Reptile (Nichol et al., 2018) and the proposed
FOBLO method use an outer loop learning rate
5, but with different semantics: in Reptile, 5 con-
trols how far the meta-parameters move toward the
task-adapted parameters along the full adaptation
trajectory; in Equation (7), 5 controls how much
the meta-parameters move in the direction of the
supervised correction defined in Equation (6), en-
couraging the model to meta-learn an initialization
whose SSL adaptation aligns well with supervised
targets. Illustration of our work is provided in Fig-
ure 1. This work provides a principled and practical
solution for few-shot self-supervised adaptation by
nesting self-supervised inner loops within super-
vised outer loops.

3.3 Interleaved Supervision

In practice, we find that initializing the meta-
parameters from random weights leads to unstable
learning dynamics and poor convergence (see Ap-
pendix D.2). Thus, to facilitate effective bi-level
optimization, it is necessary to perform a dedicated
pre-training phase prior to the meta-training stage.
To this end, we introduce an interleaved pre-
training objective to obtain the most performative
meta-initialization, denoted as ¢y. During the dedi-
cated pre-training phase, we alternate between self-
supervised and supervised objectives in an inter-
leaved manner. This mechanism leverages both
unlabeled and labeled data, allowing the model
to benefit from large-scale unsupervised corpora
while grounding representations with supervised
signals. This pre-training objective is defined as:

®)

arg min

A Lssl(¢’0§ {,DEL})
bo

+ (1= ) La(eo: {D;})

where A € {0, 1} is a binary hyperparameter. Here,
L denotes the self-supervised loss, applied to
the union set of unlabeled corpora from all source
languages, {D},¢ ~ S}; while L is the super-
vised loss, applied to the union of labeled corpora
{Dj,t ~ S}.

In the current work, we use two distinct meta-
initializations: 1) Multi-Task-PT [SSL]: setting
A to 1 throughout pre-training, corresponding to
standard SSL; and 2) Multi-Task-PT [SSL/SL]
switching A to 0 periodically, interleaving occa-
sional supervised steps into the self-supervised
training regime. The latter provides a stronger ini-
tialization for meta-training.
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4 Experiments

We seek to address the following key questions: (1)
How data-efficient is SpidR-Adapt in generaliz-
ing to the linguistic structure of new languages?
(2) Can the MAdaPT framework lead to improve-
ments when labeled data is unavailable during pre-
training? (3) Can SpidR-Adapt produce improve-
ments in downstream spoken language modeling?
(4) Can SpidR-Adapt outperform existing speech
models under the OoD setup?

Datasets. We collect data from 27 languages to
evaluate adaptation capabilities of speech encoders
under in-domain (ID) and out-of-domain (OoD)
setups. We partition the languages as follows: 19
source languages for training; 5 target languages
for development; and 3 target languages for testing.
Importantly, there are no overlaps between source
and target languages. Each source language is sup-
ported by a substantial unlabeled corpus (300 hours
per language) collected from VoxPopuli (Wang
et al., 2021) and a small phone-aligned corpus
(maximum 50 hours per language) collected from
VoxCommunis Corpus (Ahn and Chodroff, 2022)
to serve as labels for the FOBLO outer loop and
for interleaved supervision.

Only small-scale unlabeled corpora are available
for fast adaptation to target languages (mimick-
ing infant learning settings). We construct four
subsets per target language with durations 10 min-
utes, 1 hour, 10 hours, and 100 hours. To quantify
the performance gap between ID and OoD train-
ing, we additionally collect large-scale in-domain
training corpora from VoxPopuli for each test
language. Each in-domain corpus comprises 6k
hours—comparable in scale to the combined dura-
tion of the OoD corpora. The small-scale adapta-
tion sets for these test languages are sampled from
the same in-domain training pool; consequently,
the OoD models are adapted using subsets of ID
data. These choices are made to enable fair com-
parisons between ID and OoD models.

Small-scale adaptation corpora were also cre-
ated for the meta-development languages, sourced
from Common Voice (Ardila et al., 2020) and used
for model development. Further details on dataset
construction are provided in Appendix A.

Training Setup. We perform multi-task pretrain-
ing of SpidR with self- or interleaved-supervised
objectives (interleaving supervision every 10 steps;
see Sec. 3.3). These models serve as initializa-

tions for meta-training wherein we train across 800
episodes, each episode consisting 1800 inner and
200 outer steps. In each inner loop, the model is
trained on a random 10 hour data chunk of a ran-
dom source language. Training is performed across
16 GPUs in a distributed fashion. Details regarding
training can be found in Appendix B.

4.1 Data-Efficiency When Adapting on New
Languages

To evaluate data efficiency, we adapt meta-trained
models to new target languages using only lim-
ited unlabeled data. We benchmark our approach
against baselines using ABX (lower is better), com-
puted with the fastabx toolkit (Poli et al., 2025a).

ABX scores quantify how well model embed-
dings capture phone distinctions and correlate
strongly with downstream SLM performance (Poli
et al., 2025b), serving as an efficient zero-shot
proxy. In the ABX task, embeddings are computed
for three triphones: A, B, and X. Here, A and X are
instances of the same triphone, while B differs in its
central phone (e.g., /bag/ vs. /beg/). The model
succeeds if X is closer to A than to B in embedding
space. The within-speaker condition uses triphones
from the same speaker, while the across-speaker
condition uses A and B from one speaker and X
from another, making the task more challenging.

Figure 2 shows results: the x-axis indicates adap-
tation data size, and the y-axis shows ABX scores
averaged across our three test languages and be-
tween within- and across-speaker ABX conditions
(individual trends are consistent). Using SpidR as
the backbone under two meta-initialization strate-
gies, self- and interleaved-supervised initialization
(Sec. 3.3), we compare: 1) In-Domain Mono-
Task-PT: Standard in-domain pre-training on suf-
ficient data (6k hours) from the target language,
serving as topline. Since every small-scale eval-
uation subset is drawn from the in-domain train-
ing pool, we do not perform additional small-scale
adaptation: In-Domain PT therefore appears as a
horizontal line in Figure 2. 2) Multi-Task-PT:
Standard OoD pre-training with ample unlabeled
data from all source languages, using the same data-
feeding protocol as In-Domain PT. This serves as
our primary OoD baseline. 3) MAdaPT-FOBLO:
Our proposed approach, combining MAdaPT with
its first-order approximation FOBLO. When used
with SpidR as the backbone and with interleaved-
supervised initialization, this constitutes our few-
shot learning speech encoder, SpidR-Adapt.
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(a) self-supervised [SSL] initialization

(b) interleaved-supervised [SSL/SL] initialization
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Figure 2: Data-efficiency of SpidR-Adapt on new languages across different adaptation data scales. We
report ABX scores (lower is better) averaged across three test languages (French, German, English) for two
initialization strategies (a) self-supervision [SSL] and (b) interleaved-supervision [SSL/SL]. Each sub-figure
compares our approach with the following: In-Domain Mono-Task-PT, the topline method, pretrained on 6k hours
of in-domain data and Multi-Task-PT, standard multi-task pretraining baseline using [SSL] or [SSL/SL] regimes.
By integrating the proposed solution, MAdaPT-FOBLO, with Multi-Task-PT as meta-initialization, we achieve highly
efficient adaptation to new languages. For detailed results, refer to Appendix C.1.

Figure 2 (a) shows that Multi-Task-PT under-
performs In-Domain PT especially when the adap-
tation budget is small (< 100 hours). This sug-
gests that regular multi-task pre-training lacks the
adaptation capacity needed for unseen targets, and
simply mixing several source languages during pre-
training does not guarantee better generalization.

In contrast, MAdaPT-FOBLO improves rapidly,
demonstrating strong adaptability to OoD data. No-
tably, with just 1 hour of unlabeled target-language
audio, MAdaPT-FOBLO reaches parity with In-
Domain PT—a 100x improvement in data effi-
ciency over Multi-Task-PT. This efficiency is crit-
ical for real-world scenarios where language cor-
pora are scarce.

As shown in Figure 2 (b), the interleaved-
supervised initialization (Multi-Task-PT [SSL/SL])
provides a better starting point (lower initial ABX)
than self-supervised initialization (Multi-Task-PT
[SSL]). However, regardless of initialization, the
incorporation of MAdaPT-FOBLO delivers the
largest gains in rapid adaptation to unseen lan-
guages. This suggests that while initialization can
set a stronger baseline, the adaptation strategy is
the primary driver of sustained performance im-
provements.

We also note an important stability—plasticity
tradeoff: MAdaPT-FOBLO has a weaker zero-shot
performance, reflected in the high 0 hour ABX
scores under SSL initialization. This is a caveat
of the current formulation, since Equation (2) op-

Avg. ABX (w/o Oh) |
Method Within- Across-
Speaker  Speaker
Multi-Task-PT [SSL] 4.33 5.89
+ MAdaPT-Reptile 4.19 5.59
+ MAdaPT-FOBLO 4.01 5.24

Table 1: Comparisons with MAdaPT-Reptile, a purely
SSL solution for MAdaPT. ABX scores averaged across
10 minutes to 100 hours training (excluding zero-shot,
0 hours). Although Reptile under-performs FOBLO,
it achieves better results than baseline Multi-Task-PT,
demonstrating the effectiveness of MAdaPT.

timizes ¢ exclusively for post-adaptation perfor-
mance without explicitly preserving zero-shot be-
havior. However, this also reveals that strong plas-
ticity does not necessarily entail strong zero-shot
performance. MAdaPT-FOBLO (with SSL initial-
ization) yields a model that reorganizes more effec-
tively once even minimal unlabeled data is avail-
able (> 10 minutes), consistently surpassing Multi-
Task-PT baselines.

4.2 MAdaPT for Pure Self-Supervision

Here we consider an extreme setting in which no
supervised training data is available for source lan-
guages. In this regime, MAdaPT must be optimized
using a purely self-supervised procedure.

To instantiate MAdaPT without labels, we adopt
Reptile (Nichol et al., 2018), a first-order meta-
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Method Oh 10m

1h 10h 100h Avg. (w/o Oh) 1

In-Domain Mono-Task-PT

6000 hours in-domain training; Topline score is 65.27.

Multi-Task-PT [SSL] 63.49 63.80
+ MAdaPT-Reptile 64.42 64.42
+ MAdaPT-FOBLO 59.08 65.30
Multi-Task-PT [SSL/SL] 64.72 65.34
+ MAdaPT-Reptile 65.73 65.44
+ MAdaPT-FOBLO 65.31 65.79

64.63 64.51 65.20 64.54
64.47 64.59 64.72 64.55
65.19 65.73 66.39 65.65
65.77  66.02 66.07 65.80
66.02  66.77 67.00 66.31
66.32  66.55  66.85 66.38

Table 2: Spoken language modeling results (in %) of the English-adapted models. We report the average SLM
metrics, including sSWUGGY, sBLIMP, and tSC (higher is better). Across both meta-initalizations, MAdaPT-FOBLO
consistently outperforms the Multi-Task-PT baseline, surpassing the In-Domain topline. MAdaPT-Reptile comes
a close second. The best results are shown in bold, and second-best are underlined. For detailed results, refer to

Appendix C.2.

learning heuristic that approximates the meta-
gradient assuming identical inner and outer loop
objectives. Here, the meta-update is written as
¢ (1—-pP)p— BEgNS[OéWJrN], where [ trades
off the previous meta-parameters and the task-
specific solution after each episode. In contrast
to our FOBLO update in Equation (7), Bé\/[ N in
Reptile denotes parameters obtained by pure self-
supervised training for a total of M+ steps.

In Table 1, we report ABX (in %) averaged
over adaptation budgets from 10 minutes to 100
hours and three test languages. The results em-
phasize that MAdaPT-based optimization consis-
tently improves over standard Multi-Task-PT, with
FOBLO (which requires supervised labels) achiev-
ing the strongest performance. Notably, when all
source languages lack supervision, Reptile, used as
a purely self-supervised instantiation of MAdaPT,
outperforms the baseline Multi-Task-PT. These
findings underscore the importance of a tailored
multi-task framework for low-resource OoD adap-
tation.

4.3 Evaluating Downstream Spoken
Language Models

We use OPT-1.3B (Zhang et al., 2022) as SLM
backbones to evaluate the language modeling per-
formance of SSL models adapted on English test
sets, using three complementary linguistic met-
rics. 1) Lexical: sWUGGY (Nguyen et al.,
2020) tests whether the model assigns higher
probability to true words than to matched non-
words. 2) Syntax: sBLIMP requires the model
to choose grammatical sentences from minimal

pairs. 3) Discourse/Narrative: Spoken Topic Sto-
ryCloze (Mostafazadeh et al., 2017) asks the model
to select appropriate continuations for short stories.
We report accuracy (in %) averaged across the three
metrics in Table 2. Detailed per-task results are in-
cluded in the Appendix C.2.

Table 2 shows that MAdaPT-FOBLO achieves
rapid gains under the few-shot adaptation sce-
nario (for both SSL and SSL/SL initializations).
MAdaPT-Reptile comes a close second, with espe-
cially strong zero-shot performance.

4.4 Evaluating on Phoneme Discovery

To further investigate the adaptability of the pro-
posed methods, we compare them with perfor-
mant speech SSL models, HuBERT (Hsu et al.,
2021) and DinoSR (Liu et al., 2023) trained under
the OoD Multi-Task-PT setup, on the DiscoPhon
benchmark (Poli et al., 2026). This benchmark
targets the automatic discovery of phoneme inven-
tories from limited raw speech (10 hours maximum,
in 6 development and 6 test languages). Models are
evaluated by mapping the discrete speech units to
their most frequently associated phonemes prior to
evaluation (fixing the number of units either to 256
in the many-to-one setting or to the ground truth
number of phonemes in the one-to-one setting).
Evaluating our models in the many-to-one setting,
we report the following metrics: 1) phone error rate
(PER); 2) R-value (Risinen et al., 2009) and F}
segmentation scores; 3) phone-normalized mutual
information (PNMI), measuring the uncertainty
about a phone label eliminated by a predicted unit;
4) ABX on continuous representations (within- and
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Method Backbone | pop  Rvalwet F 1 PNMIT  ABX|
Model

Multi-Task-PT [SSL] ~ HuBERT | 98.02 24.37 61.16 5756 5.49

Multi-Task-PT [SSL]  DinoSR | 69.79 43.96 66.63 6591 6.64

Multi-Task-PT [SSL] SpidR 48.63 61.84 7110 69.34 4.47

MAdaPT-Reptile SpidR 37.05 75.01 78.14  69.42 4.11

MAdaPT-FOBLO SpidR 36.58 73.91 7751  71.64 4.10

Table 3: Results on phoneme discovery. We present the scores on the DiscoPhon benchmark after finetuning
models on 10 hours of language data and mapping their 256 speech units to the ground truth phonemes. Models
were individually finetuned on one of six test languages and aggregate results across languages is presented here.
MAdaPT-FOBLO outperforms alternative speech SSL. models (HuBERT, DinoSR) and is on par with MAdaPT-
Reptile. Both MAdaPT-FOBLO and MAdaPT-Reptile are initialized using Multi-Task-PT [SSL/SL] here. Complete
results are provided in Appendix C.3. Best scores (in %) are in bold and second best are underlined.

across-conditions). As shown in Table 3, SpidR-
Adapt (i.e., MAdaPT-FOBLO) consistently outper-
forms the alternative speech SSL models (HuBERT,
DinoSR) with the alternative meta-learning frame-
work (Reptile) also demonstrating strong perfor-
mance. Full results are reported in Appendix C.3.

5 Conclusion

We present SpidR-Adapt, a speech representation
model that enables data-efficient adaptation to new
languages by combining meta-adaptive pretraining,
bi-level optimization, and interleaved supervision.
Improving over in-domain model performance with
as little as 1 hour of target-language audio, SpidR-
Adapt is over 100x more data efficient than tra-
ditional multi-task methods and demonstrates the
effectiveness of a tailored meta-learning framework
for flexible representation learning in low-resource
settings.

Limitations

This work offers promising data-efficiency in few-
shot speech representation learning, but several
limitations remain. Model performance is influ-
enced by the choice of meta-initialization, suggest-
ing that further research is needed into more robust
meta-learning that can be trained without meta-
initialization. Supervised information from source
languages is still required at the outer-level, which
limits scaling of source languages. Further hyper-
parameter exploration is needed to identify supe-
rior configurations of SpidR-Adapt—some initial
explorations in this direction are summarized in
Appendix E. Additionally, training of spoken lan-
guage models has not been included into the meta-

learning framework and hence is not data-efficient;
future work could focus on applying meta-learning
directly to SLM training to enhance efficiency and
reduce data requirements.
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Appendix

A Details of Datasets

Table 4 summarizes the unlabeled datasets used for
meta-training, meta-development, and meta-testing.
To prepare the unlabeled training data, we apply
the Silero Voice Activity Detector to the au-
dio files, segmenting them into smaller audio files
ranging from 0.5 to 30 seconds in duration (with
mean 14.6 seconds). This pre-processing step en-
sures that the model is exposed to realistic, variable-
length speech segments during both training and
evaluation. For reproducibility, the start and end
timestamp metadata for all processed audio files
used in training and evaluation are available in the
accompanying GitHub repository.

In addition to the unlabeled dataset, we also
use a small supervised dataset, mainly sourced
from VoxCommunis Corpus (Ahn and Chodroff,
2022). This corpus comprises phoneme alignments
inferred on Common Voice (Ardila et al., 2020) data
using Montreal Forced Aligners (MFA; McAuliffe
et al., 2017). While CommonVoice has data for 18
training languages, it does not contain data for one
language—Croatian. To obtain a labeled set in
Croatian, we use the transcribed set of VoxPopuli
(Wang et al., 2021) and align phonemes using off-
the-shelf MFA models. We clean the alignment
data by applying similar filtering and phoneme
mapping measures employed by Ortiz Tandazo
et al. (2025). This includes filtering out alignments
with spn segments or with non-silent phones that
are excessively long (which indicate alignment er-
rors), fixing diacritics that were wrongly attached to
adjacent phones, and replacing some MFA phones
with their IPA equivalents ([g] becomes [g]). The
amount of phoneme-aligned data available varied
widely based on language—to avoid overfitting on
any one language, we limit the maximum quantity
to 50 hours per language, which results in a labeled
dataset of 372 hours.

To compute ABX scores on test languages in
experiments Sec. 4.1 and Sec. 4.2, we use phoneme
alignments obtained from the test set of the Zero
Resource 2017 Challenge (Dunbar et al., 2017).
For the development languages, we use data from
Common Voice (Ardila et al., 2020) and alignments
from VoxCommunis (Ahn and Chodroff, 2022).
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. . . . Out-of-Domain Training
Split | In-Domain Training Pre-Training Fast Adaptation
5700 hours 10 minutes, 1 hour, 10 hours
CV Swahili
Dev In-domain Training VP 19 langs. CV Tamil
’ not performed (w/o target CV Thai
adaptation langs.) CV Turkish
CV Ukrainian
6000 hours 5700 hours 10 minutes, 1 hour, ]0. hours., ?00 hours
- - (subset of In-Domain Training set)
Test VP English VP 19 langs. VP English
VP French (w/o target VP French
VP German adaptation langs.) VP German

Table 4: Summary of unlabeled datasets utilized across training and evaluation. Data was accumulated from
VoxPopuli (VP; Wang et al., 2021) corpus and Common Voice (CV; Ardila et al., 2020).

B Details of Training Setup

B.1 Pre-training

Models are trained using a distributed setup across
16 GPUs. Default SpidR hyperparameters (Poli
et al., 2025b) are used for pre-training the ID mono-
task and the OoD multi-task models. In inter-
leaved supervised pre-training (i.e., Multi-Task-PT
[SSL/SL]), every tenth step is backpropagated us-
ing phone supervised loss (hence in equation 8,
A = 0 if step mod 10 = 0, else 1). For prediction
of supervised labels, language-specific classifier
heads (19 heads in total) are attached to the 8"
transformer layer of the SpidR model. Here, the
8" layer was used because exploration of hyperpa-
rameters indicated it as being optimal for few-shot
performance on developmental languages. During
supervised training steps, utterances are batched
by language; while during self-supervised training
steps, each batch consists of a mix of languages.
In self-supervised pre-training (i.e., Multi-Task-PT
[SSL]), standard SSL loss (as defined by the SpidR
architecture) is used throughout. The OoD multi-
task models trained under these schema are used as
initialization weights for meta-training.

B.2 Meta-Training

Eight MAdaPT episodes are trained in parallel
across 16 GPUs. During meta-training, each
episode consists of 2,000 steps, with 1,800 steps
for the inner loop (self-supervised adaptation) and
200 steps for the outer loop (supervised meta-
optimization). For each inner loop task DY, we
use a randomly chosen 10-hour data chunk from

a randomly chosen source language. For the
outer loop otimization, the inner loop language
{ is retained, but data duration is not fixed at 10
hours. The overall training spans 200,000 steps,
resulting in a total of 800 episodes (calculated as
200,000/2,000 x 8 = 800 episodes). This meta-
training setup is chosen for both practicality of im-
plementation (on limited compute and with limited
time) and to closely mimic the low-resource adap-
tive fine-tuning scenario central to our research.

For the self-supervised initialization of FOBLO,
the supervised outer loop optimization is applied
to the 6 layer of the model; while, for the
interleaved-supervised initialization, it is applied
to the 8 layer (staying consistent with the su-
pervised layer during meta-initialization). The
FOBLO supervised layers are selected based on
best performing layers of the meta-initialization
models computed on the development language set.
When computing ABX scores, we thereby report
results from the 6" and 8" layers for the self- and
interleaved-supervised models, respectively. For
Reptile, since no layer-specific optimization is em-
ployed, we identify the best-performing layers of
models through exploration on the development set,
finding 6" and 8*" layers to be optimal for the self-
and interleaved-supervised models, respectively,
across all adaptation scales.

In SpidR, the teacher is trained as an exponen-
tial moving average of the student, with the de-
cay of the teacher at the timestep ¢ defined as
1 — (1 — Bo)exp(—t/T). We find that some
meta-training configurations (specifically, trainings

28717



initialized using interleaved supervision or meta-
trained using FOBLO) perform better when trained
with By = 1, effectively producing a frozen teacher.
Hence, we select the best performing value of S
(from 1.0 and the default 0.999) for each meta-
training variant (i.e., Reptile or FOBLO with SSL
or SSL/SL initializations) based on few-shot per-
formance on the development language set.

Within each meta-training inner loop, we use
a constant learning rate adding a small warmup
for 600 timesteps at the beginning of each loop.
The learning rate within each episode is identi-
fied through a tri-stage learning rate scheduler with
maximum learning rate of 5 x 10~°. The detailed
scheduler is illustrated in Figure 3.

B.3 Fast Adaptation Training

For fast adaptive fine-tuning to the OoD target
languages, we use a single GPU. For each model
variant (i.e., Multi-Task-PT, MAdaPT-Reptile, or
MAdaPT-FOBLO with SSL or SSL/SL initializa-
tions) and each adaptation dataset size (10 minutes
to 100 hours), we conduct a hyperparameter explo-
ration on the development language set to identify
optimal training timesteps (varied between 4,000
and 24,000), learning rate (constant learning rate of
5x107%or 5 x 10~?), and By for the teacher decay
(1.0 or default 0.999). The best checkpoint for each
adaptation run is selected based on the lowest vali-
dation loss, ensuring optimal model performance
for downstream evaluations.

C Detailed Experimental Results of the
Main Manuscript

C.1 Detailed Results of ABX scores

Here, we present detailed ABX scores for both
within-speaker and across-speaker setups as illus-
trated in Figure 2. As shown in Table 5, the In-
Domain Mono-Task-PT [SSL] models are trained
with sufficient in-domain data (6k hours per lan-
guage), and hence are the toplines. Moreover, we
evaluate all methods on the five development lan-
guages, with their ABX scores reported in Table 6.
Due to the lack of unlabeled corpora for these five
development languages, the in-domain topline per-
formance is not reported in the table. Across both
tables, our proposed MAdaPT-FOBLO consistently
outperforms the multi-task baseline and achieves
performance comparable to the MAdaPT-Reptile
method. Notably, when self-supervised initializa-
tion is applied, our approach rapidly improves per-

formance as adaptation time increases, highlighting
its data efficiency and overall effectiveness.

C.2 Detailed Results of Spoken Language
Modeling

Detailed results for downstream spoken language
modeling are provided under Table 7. As described
in Experiment 4.3, we used sWUGGY, sBLIMP,
and spoken tSC to estimate performance of the spo-
ken language models. For all tasks, candidates are
scored by length-normalized log-likelihood (log-
likelihood divided by token count) for compara-
bility across strings, and decisions are made by
selecting the higher-scoring alternative.

We use SSL models finetuned on the English
adaptation sets (0 hours to 100 hours) as encoders
for the downstream SLM. A K-means model (with
256 units) is trained on the model embeddings
to produce discrete tokens for language model-
ing. OPT-1.3B models (Zhang et al., 2022) are
used as the SLMs, trained with fairseq2 (Balioglu
et al., 2023) and following the architectural deci-
sions made by previous works (Hassid et al., 2023;
Poli et al., 2025b). The full 60k hour dataset of
Libri-Light (Kahn et al., 2020) is used for training.
We train on 16 GPUs, with a context length of 2048,
and a batch of at most 40960 tokens, for 150000
steps. The learning rate is set at 1e — 3 with a 1000-
step warmup period and with a cosine annealing
schedule. Remaining hyperparameters follow OPT-
1.3B defaults. We select the checkpoint with the
lowest validation loss.

C.3 Detailed Results on Phoneme Discovery

DiscoPhon (Poli et al., 2026) is a benchmark specif-
ically designed to investigate the abilities of speech
representation models to encode phonemic infor-
mation in a low resource setting. The benchmark
includes 6 development languages (Swabhili, Tamil,
Thai, Ukrainian, Turkish, and German) and 6 test
languages (French, English, Japanese, Mandarin,
Wolof, and Basque) selected to span a diverse range
of phonemic categories. Note that the development
and test language sets in the benchmark differ from
our previous experiments but are still disjoint from
our training set.

In the current experiment, we apply our previ-
ously tuned Multi-Task-PT, MAdaPT-Reptile, and
MAdaPT-FOBLO models with SpidR as backbone.
Our models are trained on 19 VoxPopuli languages
(Wang et al., 2021). We compare our approaches to
OoD HuBERT (Hsu et al., 2021) and DinoSR (Liu
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to represent the learning rate for self-

supervised inner steps and supervised outer steps, respectively. The overall training has 200,000 steps. The learning
rate scheduler alternates between inner loop and outer loop steps within each episode, with resets every 2,000 steps.
The inner loop uses a constant rate after a warmup, while the outer loop follows a tri-stage schedule.

et al., 2023) models trained on 20 VoxPopuli lan-
guages. Notably, supervised ASR encoders such as
Whisper (Radford et al., 2023) exhibit poor phone-
mic discriminability despite strong recognition ac-
curacy (Poli et al., 2025b), and are therefore not
included in our comparisons. For HuBERT and Di-
noSR, the best performing layer for ABX as deter-
mined by the development languages is used. For
discrete unit metrics (PNMI and PER) a K-means
is trained on HuBERT embeddings while the model
codebooks are used for DinoSR and SpidR (with
256 codewords across all models).

Test languages results are reported in Table 8 and
development languages results in Table 9. As can
be observed, on aggregate, our proposed MAdaPT-
FOBLO achieves improved performance over al-
ternate speech SSL models (HuBERT, DinoSR),
with MAdaPT-Reptile also demonstrating strong
performance.

D Ablation Studies

D.1 Impact of Active Forgetting

To investigate the impact of active forgetting in our
approach we conduct ablation studies by remov-
ing the active forgetting mechanism from the inner
loop on the 5 development and 3 test languages. As
shown in Table 10 and Table 11, incorporating ac-
tive forgetting consistently outperforms the variant
without this mechanism. This demonstrates that
resetting the prediction heads and codebooks helps
the model alleviate overfitting to previous episodes,
thereby improving overall performance.

D.2 Impact of Meta-Initialization

To explore the influence of meta-initialization,
we meta-train our model from three types of
initialization. Multi-Task-PT [SSL] and Multi-
Task-PT [SSL/SL] have been introduced in the
main manuscript, both obtained via multi-task pre-
training. Here we attempt random initialization,
wherein the backbone is initialized by random sam-
pling from the default parameter distribution. Ta-
ble 12 and Table 13 present ablation studies with
different meta-initializations on 5 development and
3 test languages, respectively.

We find that random meta-initialization does
not work for meta-training. Without a meaning-
ful starting point, meta-training may fail to con-
verge or require significantly more data and itera-
tions to achieve competitive performance for self-
supervised speech models. Thus, the success of
meta-learning for speech representation learning is
tightly coupled with the quality and relevance of
the initial representations encoded in the backbone.

D.3 Analysis of Meta-Learning Rate

To systematically investigate the impact of the
meta-learning rate 3 in our approach, we conduct
a series of experiments with SpidR-Adapt, utiliz-
ing interleaved supervised meta-initialization and
varying ( across 0.001, 0.01, 0.1 and 1. Table 14
presents the results, with the left and right sub-
tables corresponding to the 5 development and 3
test language sets, respectively. Our analysis re-
veals a clear trend on the development set as 3 in-
creases: ABX scores initially become lower, reach-
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Method Oh

10m 1h

Avg.

10h (w/o Oh) |

100h

Within-Speaker ABX

In-Domain Mono-Task-PT

6000 hours training; Topline score is 4.10.

Multi-Task-PT [SSL] 4.65
+ MAdaPT-Reptile 4.50
+ MAdaPT-FOBLO 10.05
Multi-Task-PT [SSL/SL] 4.10
+ MAdaPT-Reptile 3.89
+ MAdaPT-FOBLO 4.00

4.56
4.34
4.51
4.08
3.94
4.07

440 423 413 4.33
429 410 4.03 4.19
405 3.78 3.69 4.01
394 378 3.1 3.88
3.82 3.62 3.66 3.76
3.84 3.62 3.0 3.80

Across-Speaker ABX

In-Domain Mono-Task-PT

6000 hours training; Topline score is 5.47.

Multi-Task-PT [SSL] 6.60
+ MAdaPT-Reptile 5.97
+ MAdaPT-FOBLO 15.12
Multi-Task-PT [SSL/SL] 5.42
+ MAdaPT-Reptile 5.19
+ MAdaPT-FOBLO 5.28

6.44
5.82
5.96
5.36
5.16
5.23

599 568 548 5.89
572 545 5.38 5.59
526 492 483 5.24
5.06 493 4.88 5.06
497 4798 4.9 4.93
496 4.76 4.77 4.93

Table 5: Detailed Within-Speaker and Across-Speaker ABX scores (in %) on 3 TEST languages. MAdaPT-
FOBLO and MAdaPT-Reptile with SSL/SL regimes show superior performance, surpassing In-Domain Mono-Task-
PT with limited data. The best scores are in bold and second best are underlined.

ing its peak at 5 = 0.01 before declining at higher
values. This suggests that a moderate meta-learning
rate strikes the best balance between adaptation and
stability, while excessively high rates may lead to
suboptimal generalization.

To ensure robust hyperparameter selection and
prevent overfitting to the 3 test languages, we rely
on the 5 development results to identify the optimal
3. Consequently, all reported results in the paper
are based on 5 = 0.01, which consistently yields
the strongest performance across our evaluation.

D.4 Layer-wise Analysis on the Model’s
Discriminability.

To investigate how layer-specific embeddings af-
fect the model’s ability to discriminate between
phonemes, we present ABX scores for each stu-
dent layer in Figure 4. The scores are averaged
across (a) 5 development or (b) 3 test languages
and averaged across 10 minute to 100 hour adapta-
tion data scales. Our analysis reveals distinct trends
for different meta-initialization strategies applied
to MAdaPT-FOBLO: 1) with Multi-Task-PT [SSL],
the phone discriminability improves with increas-
ing layer depth, peaking at layer 6. Beyond this

point, performance declines, suggesting that inter-
mediate layers capture the most relevant phonetic
representations, while deeper layers may become
overly specialized or abstracted for the ABX task.
2) with Multi-Task-PT [SSL/SL], the optimal per-
formance is observed at layer 8.

These results suggest that the best performing
layer is consistent with the layer at which super-
vision is applied during the outer loop of FOBLO.
For SSL meta-initialization, the a supervision head
is attached to the 6th encoder layer for outer loop
supervision while for SSL/SL meta-initialization,
it is attached to the 8th layer (see Appendix B for
more details here).

E Extended Ablation Studies

E.1 Impact of Interleaved Steps in the
Multi-task Pretraining

We conduct an ablation over the number of inter-
leaved supervision steps € {2,10,50,100} (Ta-
ble 15). We observe a trade-off between zero-shot
and few-shot performance: more frequent inter-
leaving improves zero-shot transfer by injecting
stronger supervised structure, but degrades few-
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Avg.,

Method Oh 10m 1h 10h (w/o Oh) |

Within-Speaker ABX
Multi-Task-PT [SSL] 8.84 834 733 6.12 7.26
+ MAdaPT-Reptile 797 7.10 6.61 5.79 6.50
+ MAdaPT-FOBLO 13.89 7.70 6.21 5.29 6.40
Multi-Task-PT [SSL/SL] 7.57 6.84 6.20 5.65 6.23
+ MAdaPT-Reptile 7.05 640 6.04 5.59 6.01
+ MAdaPT-FOBLO 7.73 6.25 5.99 5.56 5.93

Across-Speaker ABX
Multi-Task-PT [SSL] 1048 9.77 8.18 6.80 8.25
+ MAdaPT-Reptile  9.14 8.05 7.50 6.58 7.38
+ MAdaPT-FOBLO 16.28 8.61 6.78 5.82 7.07
Multi-Task-PT [SSL/SL] 823 740 6.50 6.06 6.65
+ MAdaPT-Reptile 772 693 640 6.05 6.46
+ MAdaPT-FOBLO 8.40 6.82 6.37 5.96 6.38

Table 6: Detailed Within-Speaker and Across-Speaker ABX scores (in %) on 5 DEVELOPMENT languages.
MAdaPT-FOBLO outperforms alternate methods in phoneme representation. Hyperparameters are tuned using
results from the development language set. The best scores are in bold and second best are underlined.

shot adaptability. Crucially, few-shot performance
is roughly stable across steps {2, 10}, and only de-
grades noticeably at steps > 50. We select steps
= 10 as it offers the best balance: competitive few-
shot performance with substantially improved zero-
shot transfer over steps = 2.

E.2 Analysis on Supervised Steps N during
meta-training

To investigate the impact of supervised steps dur-
ing meta-training, we systematically vary N €
0,40, 200, 1000 under two pre-training regimes:
Multi-Task-PT [SSL/SL] and Multi-Task-PT [SSL].
As shown in Table 16, with SSL/SL pre-training, in-
creasing [NV improves few-shot performance while
slightly degrading zero-shot transfer, revealing a
trade-off between initialization generality and adap-
tation depth. With SSL-only pre-training, N = 0
leads to codebook collapse, confirming that super-
vised inner loop steps are essential for producing
informative meta-gradients. Note that we use the
same hyperparameter configuration (N = 200)
across all model variants, which may not be opti-
mal for each setting; we leave this exploration to
future work.
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Method Oh 10m 1h 10h  100h Avg.

(w/o Oh) |
sWUGGY (in-vocab and out-of-vocab)
In-Domain Mono-Task-PT 6000 hours training; Topline score is 64.51.
Multi-Task-PT [SSL] 63.74 64.07 6528 64.85 65.94 65.04

+ MAdaPT-Reptile 64.17 6399 6453 6454 64.88 64.49
+ MAdaPT-FOBLO 5482 6442 64.60 6630 67.46 65.70
Multi-Task-PT [SSL/SL] 62.68 65.17 65776 66.53 66.02 65.87
+ MAdaPT-Reptile 65.65 6637 6692 67.79 67.25 67.08
+ MAdaPT-FOBLO 6432 66.04 6699 6726 67.26 66.89

sBLIMP
In-Domain Mono-Task-PT 6000 hours training; Topline score is 56.94.
Multi-Task-PT [SSL] 5573 56.07 57.12 5646 57.94 56.90

+ MAdaPT-Reptile 56.23 56.88 56.75 5754 56.84 57.00
+ MAdaPT-FOBLO 5293 57.60 5746 58.17 58.11 57.84
Multi-Task-PT [SSL/SL] 56.37 56.59 5699 56.74 56.60 56.73
+ MAdaPT-Reptile 56.58 5693 5694 5847 58.01 57.59
+ MAdaPT-FOBLO 55.48 57.38 5799 57.54 57.87 57.69

Spoken tSC
In-Domain Mono-Task-PT 6000 hours training; Topline score is 74.36.
Multi-Task-PT [SSL] 7099 7126 7147 7222 T1.74 71.67

+ MAdaPT-Reptile 72.86 7238 7212  T71.69 72.44 72.16
+ MAdaPT-FOBLO 69.50 73.88 73.50 72770 73.61 73.42
Multi-Task-PT [SSL/SL] 75.11 7425 7457 7479 7559 74.80
+ MAdaPT-Reptile 7495 73.02 7420 74.04 75.75 74.25
+ MAdaPT-FOBLO 76.12 7393 7399 74.84 7543 74.55

Table 7: Detailed results of spoken language modeling metrics: sSWUGGY, sBLIMP, and spoken tSC (in %).
MAdaPT-FOBLO shows consistently superior performance across tasks. The best scores are in bold and the second
best are underlined.
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Method Backbone Oh 10m 1h 10h Avg.

Model (w/o Oh)
PER |
Multi-Task-PT [SSL] HuBERT 127.02 114.12 101.03 98.02 104.39
Multi-Task-PT [SSL] DinoSR 86.32 78.40 70.14 69.79 72.78
Multi-Task-PT [SSL] SpidR 85.40 75.24 56.51 48.63 60.13
+ MAdaPT-Reptile SpidR 153.77 66.00 60.03 54.42 60.15
+ MAdaPT-FOBLO SpidR 87.40 66.94 41.93 35.49 48.12
Multi-Task-PT [SSL/SL] SpidR 50.82 40.94 38.77 37.99 39.23
+ MAdaPT-Reptile SpidR 110.71 40.77 36.88 37.05 38.23
+ MAdaPT-FOBLO SpidR 51.06 39.32 37.23 36.58 37.71
R-value t
Multi-Task-PT [SSL] HuBERT 9.39 13.82 22.81 24.37 20.34
Multi-Task-PT [SSL] DinoSR 38.93 41.35 45.38 43.96 43.56
Multi-Task-PT [SSL] SpidR 39.96 45.46 57.29 61.84 54.86
+ MAdaPT-Reptile SpidR -7.66 52.87 55.61 58.50 55.66
+ MAdaPT-FOBLO SpidR 43.98 54.61 70.34 73.44 66.13
Multi-Task-PT [SSL/SL] SpidR 67.27 71.21 72.03 72.78 72.01
+ MAdaPT-Reptile SpidR 26.05 72.37 75.28 75.01 74.22
+ MAdaPT-FOBLO SpidR 67.26 72.47 73.50 73.91 73.29
A1
Multi-Task-PT [SSL] HuBERT 58.18 58.98 60.65 61.16 60.26
Multi-Task-PT [SSL] DinoSR 62.44 65.38 66.65 66.63 66.22
Multi-Task-PT [SSL] SpidR 63.88 65.46 69.69 71.10 68.75
+ MAdaPT-Reptile SpidR 53.18 66.01 66.94 66.75 66.57
+ MAdaPT-FOBLO SpidR 29.55 69.54 76.06 77.05 74.22
Multi-Task-PT [SSL/SL] SpidR 74.50 75.99 76.89 77.52 76.80
+ MAdaPT-Reptile SpidR 60.46 76.78 77.72 78.14 77.55
+ MAdaPT-FOBLO SpidR 74.24 76.62 77.06 77.51 77.06
PNMI 1
Multi-Task-PT [SSL] HuBERT 49.49 52.74 55.72 57.56 55.34
Multi-Task-PT [SSL] DinoSR 54.82 61.06 64.85 65.91 63.94
Multi-Task-PT [SSL] SpidR 58.25 61.89 67.16 69.34 66.13
+ MAdaPT-Reptile SpidR 40.45 61.15 62.96 64.62 62.91
+ MAdaPT-FOBLO SpidR 10.36 62.03 68.70 70.78 67.17
Multi-Task-PT [SSL/SL] SpidR 66.69 70.74 72.61 73.11 72.15
+ MAdaPT-Reptile SpidR 48.90 67.86 68.96 69.42 68.75
+ MAdaPT-FOBLO SpidR 66.48 70.12 71.25 71.64 71.00
ABX |
Multi-Task-PT [SSL] HuBERT 7.79 7.63 6.77 5.49 6.63
Multi-Task-PT [SSL] DinoSR 8.48 7.73 7.20 6.64 7.19
Multi-Task-PT [SSL] SpidR 6.45 6.05 5.23 4.47 5.25
+ MAdaPT-Reptile SpidR 5.76 5.25 491 4.30 4.82
+ MAdaPT-FOBLO SpidR 12.30 5.76 4.46 3.88 4.70
Multi-Task-PT [SSL/SL] SpidR 5.54 4.82 4.28 4.13 4.41
+ MAdaPT-Reptile SpidR 5.07 4.61 4.28 4.11 433
+ MAdaPT-FOBLO SpidR 5.60 4.56 4.26 4.10 4.31

Table 8: Detailed results (in %) on DiscoPhon on the 6 test languages (Mandarin Chinese, English, Basque,
French, Japanese, Wolof). Average ABX for within- and across-speaker conditions is reported. MAdaPT-FOBLO
and MAdaPT-Reptile outperform alternate speech SSL models (HuBERT, DinoSR). The best scores are in bold and
the second best are underlined.
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Method Backbone Oh 10m 1h 10h Avg.

Model (w/o Oh)
PER |
Multi-Task-PT [SSL] HuBERT 118.26 105.34 100.19 95.90 100.48
Multi-Task-PT [SSL] DinoSR 79.75 77.12 70.97 65.18 71.09
Multi-Task-PT [SSL] SpidR 81.41 76.02 58.22 51.47 61.90
+ MAdaPT-Reptile SpidR 146.87 67.26 61.14 55.41 61.27
+ MAdaPT-FOBLO SpidR 85.51 65.95 44.65 37.80 49.46
Multi-Task-PT [SSL/SL] SpidR 47.80 45.63 40.37 39.73 41.91
+ MAdaPT-Reptile SpidR 100.44 42.89 38.69 38.67 40.08
+ MAdaPT-FOBLO SpidR 48.19 43.83 39.69 39.93 41.15
R-value t
Multi-Task-PT [SSL] HuBERT 19.63 24.23 28.52 30.48 27.74
Multi-Task-PT [SSL] DinoSR 47.38 46.73 48.35 51.37 48.82
Multi-Task-PT [SSL] SpidR 46.18 48.69 59.44 62.64 56.92
+ MAdaPT-Reptile SpidR 0.05 54.58 58.62 59.00 57.40
+ MAdaPT-FOBLO SpidR 42.29 58.50 72.03 73.65 68.06
Multi-Task-PT [SSL/SL] SpidR 72.03 71.17 74.05 74.51 73.24
+ MAdaPT-Reptile SpidR 37.86 73.39 75.86 75.87 75.04
+ MAdaPT-FOBLO SpidR 71.85 72.30 74.20 74.51 73.67
A1
Multi-Task-PT [SSL] HuBERT 58.87 59.88 60.41 61.45 60.58
Multi-Task-PT [SSL] DinoSR 61.98 63.59 64.76 66.01 64.79
Multi-Task-PT [SSL] SpidR 63.13 64.21 67.37 68.62 66.73
+ MAdaPT-Reptile SpidR 53.20 63.96 66.13 64.53 64.87
+ MAdaPT-FOBLO SpidR 26.25 68.76 74.13 74.42 72.44
Multi-Task-PT [SSL/SL] SpidR 73.83 74.25 75.77 76.19 75.40
+ MAdaPT-Reptile SpidR 60.42 74.62 75.51 76.39 75.51
+ MAdaPT-FOBLO SpidR 73.48 74.22 75.62 76.14 75.33
PNMI 1
Multi-Task-PT [SSL] HuBERT 47.01 51.04 52.18 54.66 52.62
Multi-Task-PT [SSL] DinoSR 52.46 57.36 60.60 62.70 60.22
Multi-Task-PT [SSL] SpidR 55.09 58.22 63.20 65.83 62.42
+ MAdaPT-Reptile SpidR 37.80 58.22 60.13 62.06 60.14
+ MAdaPT-FOBLO SpidR 9.78 59.62 65.11 67.44 64.06
Multi-Task-PT [SSL/SL] SpidR 64.01 67.14 69.28 70.01 68.81
+ MAdaPT-Reptile SpidR 47.01 64.57 66.37 66.97 65.97
+ MAdaPT-FOBLO SpidR 63.75 66.43 68.19 68.67 67.76
ABX |
Multi-Task-PT [SSL] HuBERT 10.23 9.49 9.08 7.68 8.75
Multi-Task-PT [SSL] DinoSR 11.44 10.27 9.94 9.02 9.74
Multi-Task-PT [SSL] SpidR 8.79 8.26 7.12 6.02 7.13
+ MAdaPT-Reptile SpidR 7.80 6.95 6.48 5.75 6.39
+ MAdaPT-FOBLO SpidR 14.34 7.46 5.98 5.15 6.20
Multi-Task-PT [SSL/SL] SpidR 7.19 6.54 5.84 5.40 5.93
+ MAdaPT-Reptile SpidR 6.73 6.11 5.69 5.34 5.72
+ MAdaPT-FOBLO SpidR 7.30 6.01 5.67 5.31 5.66

Table 9: Detailed results (in %) on DiscoPhon on the 6 development languages (German, Swahili, Tamil, Thai,
Turkish, Ukrainian). Average ABX for within- and across-speaker conditions is reported. MAdaPT-FOBLO and
MAdaPT-Reptile outperform alternate speech SSL models (HuBERT, DinoSR). The best scores are in bold and the
second best are underlined.
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Avg.

Method Active Forgetting Oh 10m 1h 10h (w/o Oh) |
Within-Speaker ABX

Multi-Task-PT [SSL] + X 10.68 6.45 6.75 6.63 6.61

MAdaPT-FOBLO v 13.89 7.70 6.21 5.29 6.40

Multi-Task-PT [SSL/SL] + X 745 6.74 6.10 5.57 6.14

MAdaPT-FOBLO v 773 625 5.99 5.56 5.93

Across-Speaker ABX
Multi-Task-PT [SSL] + X 12.38 7.13 7.09 6.78 7.00

MAdaPT-FOBLO v 16.28 8.61 6.78 5.82 7.07
Multi-Task-PT [SSL/SL] + X 812 7.24 6.46 6.01 6.57
MAdaPT-FOBLO v 8.40 6.82 6.37 5.96 6.38

Table 10: Impact of active forgetting on 5 DEVELOPMENT languages. v/ and X denote whether we deploy the
active forgetting mechanism in the inner loop or not, respectively. Broadly, active forgetting improves adaptation
performance, preventing overfitting to training languages. The best scores are in bold and second best are underlined.

. . Avg.
Method Active Forgetting Oh 10m 1h 10h 100h (w0 Oh) |

Within-Speaker ABX
In-Domain Mono-Task-PT N.A. 6000 hours training; Topline score is 4.10.
Multi-Task-PT [SSL] + X 21.89 4.40 4.54 4.37 4.20 4.38
MAdaPT-FOBLO v 10.05 4.51 4.05 3.78 3.69  4.01
Multi-Task-PT [SSL/SL] + X 3.99 4.02 3.87 3.71 3.67 3.82
MAdaPT-FOBLO v 4.00 4.07 3.84 3.62 370  3.80

Across-Speaker ABX
In-Domain Mono-Task-PT N.A. 6000 hours training; Topline score is 5.47.
Multi-Task-PT [SSL] + X 29.11 5.62 5.77 5.56 5.33 5.57
MAdaPT-FOBLO v 15.12 5.96 5.26 4.92 4.83 5.24
Multi-Task-PT [SSL/SL] + X 5.29 5.32 5.01 4.84 4.80 4.99
MAdaPT-FOBLO v 5.28 5.23 4.96 4.76 4.77 4.93

Table 11: Impact of active forgetting on 3 TEST languages. v and X denote whether we deploy the active
forgetting mechanism in the inner loop or not, respectively. Similar to results in development languages, active
forgetting here improves adaptation performance, preventing overfitting to training languages. The best scores are
in bold and second best are underlined.
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e e Avg.
Method Meta-Initialization Oh 10m 1h 10h (w/o Oh) |

Within-Speaker ABX

Random 35.83 31.22 3573 37.37 34.77

MAdaPT-FOBLO | Multi-Task-PT [SSL] 13.89 7.70 6.21 5.29 6.40

Multi-Task-PT [SSL/SL] | 7.73  6.25 599 5.56 5.93
Across-Speaker ABX

Random 8.12 724 646 6.01 6.57

MAdaPT-FOBLO | Multi-Task-PT [SSL] 1628 8.61 6.78 5.82 7.07

Multi-Task-PT [SSL/SL] | 840 6.82 637 596 6.38

Table 12: Impact of meta-initialization on 5 DEVELOPMENT languages. Random initialization produces

unstable model training. The best scores are in bold and second best are underlined.

e e Avg.
Method Meta-Initialization Oh 10m 1h 10h  100h (w/o Oh) |
Within-Speaker ABX
In-Domain L . .
Mono-Task-PT N.A. 6000 hours training; Topline score is 4.10.
Random 32.68 25.12 24.61 23.75 24.52 24.50
MAdaPT-FOBLO Multi-Task-PT [SSL] 10.05 4.51 405 378 3.69 4.01
Multi-Task-PT [SSL/SL] | 4.00 4.07 384 362 3.70 3.80
Across-Speaker ABX
In-Domain L . .
Mono-Task-PT N.A. 6000 hours training; Topline score is 5.47.
Random 38.75 3325 32.81 3231 32.78 32.79
MAdaPT-FOBLO Multi-Task-PT [SSL] 1512 596 526 492 4.83 5.24
Multi-Task-PT [SSL/SL] | 5.28 5.23 496 476 4.77 4.93

Table 13: Impact of meta-initialization on 3 TEST languages. Random initialization produces unstable model
training. The best scores are in bold and second best are underlined.

3 0h 10m 1h 10h (w;':‘)v(fl'l) L, f Oh 10m 1h 10h 100h (wzv(i) |
Within-Speaker ABX Within-Speaker ABX

0.001 7.59 633 6.06 5.59 6.00 0.001 4.10 4.02 3.87 3.66 3.69 3.81

0.01 773 625 599 5.56 5.93 0.01 4.00 4.07 3.84 3.62 3.70 3.80

0.1 11.63 631 597 5.61 5.96 0.1 620 391 381 357 3.64 3.73

1 823 6.63 6.09 5.58 6.10 1 5.89 4.04 372 353 3.62 3.73
Across-Speaker ABX Across-Speaker ABX

0.001 8.22 692 642 6.05 6.46 0.001 5.39 525 497 479 477 4.95

0.01 842 682 6.38 5.96 6.39 0.01 528 523 496 4796 4.77 4.93

0.1 12.66 6.84 6.41 6.04 6.43 0.1 856 5.16 5.00 4.76 4.5 4.92

1 9.10 7.15 6.51 6.05 6.57 1 7.87 529 4.86 4.68 4.72 4.89

Table 14: Impact of meta-learning rate 5 on 5 DEVELOPMENT and 3 TEST languages. Best performing f is
0.01 for MAdaPT-FOBLO [SSL/SL] on development languages and is retained for test language inference. The
best scores are in bold and second best are underlined.
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Figure 4: Layer-wise analysis on the model’s discriminability over phonemes. We present the ABX scores
averaged over the target languages, and across the two within- and across-speaker conditions for two evaluation
sets: (a) 5 development and (b) 3 test language sets. We report results for our proposed MAdaPT-FOBLO
method with two types of meta-initialization, Multi-Task-PT[SSL] and Multi-Task-PT[SSL/SL]. The optimal
layer for ABX performance remains consistent across both ABX conditions, but varies depending on the meta-
initialization. Specifically, the optimal layer is 6 for Multi-Task-PT[SSL] initialization and 8 for Multi-Task-
PT[SSL/SL] initialization.

Interleaved Steps in Avg.
Multi-Task-PT [sSL/sL]  Of 10m Th 10 o on) |
Within-Speaker ABX
2 949 6.66 6.01 5.56 6.08
10 757 684 620 5.65 6.23
50 7.13 6.65 6.36 6.14 6.38
100 7.01 6.81 641 6.14 6.45

Across-Speaker ABX
2 10.17 725 6.47 593 6.55
10 823 740 6.50 6.06 6.65
50 7.88 730 6.83 6.52 6.88
100 771 742 692 6.70 7.01

Table 15: Impact of interleaved steps in the multi-task pretraining on 5 DEVELOPMENT languages. Overall
performance is stable across higher frequency interleaving with smaller steps {2, 10} and degrades at steps larger
than 50, revealing a trade-off between zero-shot transfer and few-shot adaptability.
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Avg.

Method Supervised Steps N Oh 10m 1h 10h (w/o Oh) |
Within-Speaker ABX
0 codebook collapse
Multi-Task-PT [SSL] + 40 23.16 7.81 6.83 5.62 6.76
MAdaPT-FOBLO 200 13.89 7.70 6.21 5.29 6.40
1000 8.02 6.62 580 5.16 5.86
0 7.62 653 6.16 5.64 6.11
Multi-Task-PT [SSL/SL] + 40 7.68 623 6.10 5.62 5.98
MAdaPT-FOBLO 200 773 625 599 5.56 5.93
1000 7.89 631 599 554 5.95
Across-Speaker ABX
0 codebook collapse
Multi-Task-PT [SSL] + 40 2731 8.78 745 6.36 7.53
MAdaPT-FOBLO 200 16.28 8.61 6.78 5.82 7.07
1000 928 742 645 5.60 6.49
0 835 698 648 6.03 6.50
Multi-Task-PT [SSL/SL] + 40 834 6.77 636 5.96 6.36
MAdaPT-FOBLO 200 840 6.82 637 596 6.38
1000 851 6.77 628 591 6.32

Table 16: Impact of supervised steps during meta-training on 5 DEVELOPMENT languages. Multi-Task-PT

[SSL/SL] makes the meta-model more robust to variation in the number of supervised steps compared to Multi-
Task-PT [SSL].
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