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Abstract

The dominant paradigm for Audio-Text
Retrieval (ATR) relies on mini-batch-based
contrastive learning. This process is con-
strained by what we define as the Gradient
Locality Bottleneck (GLB), where optimiza-
tion is limited to in-batch contrasts. This
restricts the model from leveraging out-of-
batch knowledge and consequently hinders
long-tail learning. While external knowledge-
enhanced methods can alleviate the GLB, we
identify a critical, unaddressed side effect:
the Representation-Drift Mismatch (RDM),
where a static knowledge base becomes
progressively misaligned with the evolving
model, turning guidance into noise. To address
this dual challenge, we propose the Adaptive
Self-improving Knowledge (ASK) framework,
a model-agnostic, plug-and-play solution. ASK
breaks the GLB via multi-grained knowledge
injection, systematically mitigates RDM
through dynamic knowledge refinement, and
introduces a novel adaptive reliability weight-
ing scheme to ensure consistent knowledge
contributes to optimization. State-of-the-art
performance on established benchmarks
demonstrates the efficacy of our proposed
ASK framework. Our code is available at
https://anonymous.4open.science/r/Code-
FGL10.

1 Introduction

Audio-Text Retrieval (ATR) learns a shared em-
bedding space for audio and text (Mei et al., 2022;
Yan et al., 2024). The dominant paradigm relies on
dual-encoder architectures trained with contrastive
objectives like the NT-Xent loss (Chen et al., 2020),
which optimizes representations by exclusively
contrasting samples within a mini-batch (Figure 1,
left). However, the reliance on in-batch negatives
is a well-recognized limitation, often failing to pro-
vide sufficiently hard negatives to effectively struc-
ture the embedding space (Robinson et al., 2021).

Critically, this paradigm structurally prevents the
model from leveraging any out-of-batch informa-
tion, leaving the vast majority of the dataset’s se-
mantic knowledge untapped during each optimiza-
tion step.
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Figure 1: Comparison between the conventional batch-
only paradigm (left) and our proposed ASK framework
(right) with a periodically updated knowledge base and
an adaptive loss modulation module.

In this work, we formalize this constraint as the
Gradient Locality Bottleneck (GLB). We argue the
GLB manifests in two critical failures: (1) it exac-
erbates semantic sparsity from under-specified text,
as the model cannot access richer out-of-batch con-
text to learn fine-grained acoustic details; and (2) it
impairs long-tail generalization, a known challenge
for contrastive methods (Kang et al., 2020), by pre-
venting the model from forming robust decision
boundaries for rare events.

A promising remedy is to augment training
with an external knowledge base to access out-of-
batch information (Khandelwal et al., 2019; Guu
et al., 2020). However, this introduces a criti-
cal, unaddressed challenge: a Representation-Drift
Mismatch (RDM) arises as the model’s encoders
evolve while the knowledge base remains static.
The retrieved knowledge degrades from a source
of semantic guidance to one of representational
noise, destabilizing training and necessitating a co-
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evolution of the model and its knowledge.

To systematically address this dual challenge, we
propose the Adaptive Self-improving Knowledge
(ASK) framework, a model-agnostic, plug-and-
play solution (Figure 1, right). The ASK frame-
work breaks the GLB by injecting information from
a multi-grained knowledge base. To ensure the
quality of this injection, a novel adaptive reliability
weighting scheme modulates the final loss based on
the cross-modal consistency of retrieved neighbor-
hoods. Crucially, to prevent the knowledge from
becoming stale, a dynamic refinement mechanism
periodically updates the base, systemically mitigat-
ing RDM.

This synergistic design of reliability-governed
injection and dynamic refinement proves highly
effective. Extensive experiments show that ASK
consistently and significantly outperforms strong
baselines across multiple datasets, architectures,
and interaction strategies, achieving new state-of-
the-art performance.

Our main contributions are:

* We are the first to formally define the
Gradient Locality Bottleneck (GLB) in
contrastive learning and the consequent
Representation-Drift Mismatch (RDM) in
knowledge-enhanced methods, providing rig-
orous mathematical formalizations for both.

* We propose the ASK framework, a systematic
solution to these challenges, featuring novel
mechanisms for multi-grained knowledge in-
jection, adaptive reliability weighting, and dy-
namic knowledge refinement.

* We demonstrate through extensive experi-
ments that ASK achieves consistent state-of-
the-art performance across diverse architec-
tures and datasets, and validate the necessity
of each component via comprehensive abla-
tion studies.

2 Related Work

2.1 Feature Representations

Feature representation serves as the cornerstone
of audio-text retrieval. Early Audio-Text Re-
trieval (ATR) systems relied on pairing handcrafted
acoustic features like MFCCs (Huizen and Kur-
niati, 2021) with static word embeddings such as
Word2Vec (Mikolov et al., 2013). The advent of
deep learning has led to the adoption of powerful,
pre-trained unimodal encoders. Text representa-
tions are now predominantly extracted from large

language models like BERT (Devlin et al., 2019),
while audio features are derived from deep mod-
els pre-trained on large-scale audio datasets, such
as PANNs (Kong et al., 2020) and AST (Gong
et al., 2021). More recently, the field has shifted
towards large-scale cross-modal pre-training. Mod-
els like CLAP (Elizalde et al., 2022; Guzhov et al.,
2021) leverage contrastive learning on vast audio-
text datasets to directly learn a shared embedding
space, significantly enhancing zero-shot capabil-
ities. Our work builds upon these advanced en-
coders, proposing a novel mechanism to further
enhance their representations during downstream
fine-tuning.

2.2 Cross-Modal Interaction and Alignment

Cross-modal interaction is key to achieving se-
mantic alignment in ATR. Early and prevalent ap-
proaches perform this at a global, sentence-level,
using contrastive learning to align the final embed-
dings of entire audio clips and text descriptions
(Radford et al., 2021; Wu et al., 2021; Mei et al.,
2022). To capture more fine-grained relationships,
recent works have focused on local, token-level
interactions. These methods typically employ at-
tention mechanisms or cross-modal Transformers
to model correspondences between audio frames
and text tokens (Lee et al., 2018; Lu et al., 2019;
Xie et al., 2024; Yin et al., 2025). Our ASK frame-
work is orthogonal to these design choices; it op-
erates on the representations themselves and can
be seamlessly integrated with both global and local
interaction architectures.

3 Problem Formulation and Analysis

3.1 Preliminaries

In a standard Audio-Text Retrieval framework, a
dual-encoder architecture, comprising an audio en-
coder fy(-) and a text encoder g (-), maps an audio-
text pair (a;, t;) to L2-normalized embeddings u;
and v;. The encoders are optimized via a symmetric
NT-Xent loss (Chen et al., 2020) over a mini-batch
B. For a single view, the loss is:

exp(u] vi/7)

L; = —log
ZUJ‘GB exp(uz—'rvj/T)
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where 7 is a temperature hyperparameter. Crucially,
as shown in Eq. 1, the contrastive denominator is
computed exclusively over samples within the mini-
batch B. This inherent structural confinement is
the direct cause of the bottleneck we analyze next.



3.2 The Gradient Locality Bottleneck

The batch-centric nature of Eq. 1 creates a fun-
damental limitation. To formalize this, we define
the Out-of-Batch Influence (OBI) as the expected
gradient norm of the loss £p with respect to all
out-of-batch embeddings:
J
2

A training paradigm suffers from a Gradient Local-
ity Bottleneck (GLB) if its OBI is identically zero,
indicating no gradient flow from out-of-batch data.

For the standard contrastive loss, £p is ex-
clusively a function of in-batch embeddings
{uj,v;};ep. Therefore, the partial derivatives with
respect to any out-of-batch embedding uy or vy
(where k ¢ B) are necessarily zero. This directly
results in OBI(Lp) = 0, proving that standard
ATR is strictly constrained by the GLB and cannot
leverage the vast semantic information present in
out-of-batch data.

OBI(L5) = Exep s [

OLp
ouy

|5
9 ovg,

3.3 The Representation Drift Mismatch

A direct approach to break the GLB is to perform
knowledge injection, where out-of-batch knowl-
edge is retrieved and fused with the current sam-
ples. This, however, introduces a critical challenge
if the knowledge base remains static. A Represen-
tation Drift Mismatch (RDM) arises as the model’s
encoders at step ¢ evolve away from the parameters
used to build the knowledge base at step tj.

To formalize this, we define RDM as the KL
divergence (Kullback and Leibler, 1951) between
the ideal neighborhood distribution Py, and the
actual distribution P,¢qua- The ideal distribution is
computed over a hypothetically up-to-date knowl-
edge base, while the actual distribution uses the
stale one:

Pieal (j]7) = softmax; (sim( fy, (ai), fo,(a;)))
Pactual(j“) = SOftman(Sim(fgt (ai)> fetk (CLJ)))
3)

The total RDM is then the expectation of this diver-
gence over the dataset:

RDM(t, ;) =
Ea,ep [Drr (Pideal (+]7) || Pactual (+]7))]
4)

As the time difference At = t — t;, grows, RDM
increases. This corrupts the training gradients by

causing a deviation in the fused knowledge vec-
tors, AKX = Kacual — Kideal, Where each knowl-
edge vector K is the average of the Top-K retrieved
embeddings.

A larger deviation in the knowledge vector AKX
directly translates to a greater potential deviation in
the final parameter gradients. We provide a formal
proof of this entire causal chain in Appendix A.
The derivation first establishes the link between the
knowledge deviation AKX and the gradient devia-
tion, and then leverages Pinsker’s inequality (Cover,
1999) to bound || AKC||2 with the RDM, establishing
the key relationship:

|AK]2 < €2 - RDM(Z, t) (5)

where C'is a bounded constant. Eq. 5 proves that a
higher RDM widens the potential error margin for
the gradient, establishing a formal link to training
instability and motivating our dynamic refinement
mechanism.

4 The Adaptive Self-improving
Knowledge Framework

In this section, we elaborate on each component of
our proposed framework ASK, whose architecture
is shown in Figure 2.

4.1 Formulation of Knowledge Bases

Our framework’s first step is to construct multi-
grained knowledge bases from a source dataset, Dy.
The choice of source is flexible; in our experiments,
we explore three types to demonstrate versatility:
1) In-Domain T : the training set itself, 2) Out-
of-Domain *: WavCaps (Mei et al., 2024), and 3)
Enriched In-Domain *: training set re-annotated by
Gemini 2.5 (Comanici et al., 2025). From a chosen
source, we construct two complementary bases.

Fine-Grained Knowledge Base. The fine-
grained base, Ky, captures instance-level semantic
details. It is formed by encoding all audio-text
pairs in the source Dy, = {(af ) tf)};vz’“l using the
current model encoders fj(-) and gg4(-). The result
is a collection of L2-normalized embedding pairs:
Ky = {(uf, o))},

k ky ,k k ©6)

where uj = fy(aj), v = gy(t7)

Coarse-Grained Knowledge Base. The coarse-
grained base, K., provides a global semantic prior
by storing a set of learned prototypes. These pro-
totypes are generated by first partitioning the fine-
grained embeddings via K-Means clustering into



N, groups, and then distilling the salient features
from each group. For the m-th audio cluster C*,
which contains all member embeddings {ué‘“}, its
prototype cy, is computed via max-pooling:

ch o= MaxPool({u? | uf eCn}) (7)

An identical procedure is applied to the text embed-
dings to yield text prototypes {c};l}ﬁvnczl. The final
coarse-grained base is the set of these prototype
pairs, K. = {(c% v )} e

m> ~m/)Sm=1"
4.2 Multi-Grained Knowledge Injection

With the knowledge bases established, we perform
two parallel injection processes to create distinct
fine-grained and coarse-grained enhanced embed-
dings for each training sample.

For the fine-grained injection, we first retrieve
the Top-K nearest neighbors for a given embedding
(e.g., audio u;) from Ky, yielding the neighbor-
hood set N¢(u;). The retrieved embeddings are
averaged to form a knowledge vector af , which is
then interpolated with the original embedding u;:

uj = pui + (1 — p)ﬁ{,
;L ®
¢ K

where p is an interpolation hyperparameter. An
identical, parallel process is performed using the
coarse-grained base K. to produce the coarse-
grained enhanced representation, u; .. A symmet-
ric procedure is applied to the text embedding v;, ul-
timately yielding two distinct sets of enhanced em-
bedding pairs for the final optimization: (u; ;,v; ;)
and (u} ., v} ).

i,¢) Y1,C

where u

Breaking the Gradient Locality Bottleneck.
This injection mechanism breaks the GLB
(Sec. 3.2) by creating a gradient pathway to out-
of-batch knowledge. For any out-of-batch knowl-
edge item u’,: retrieved by an in-batch sample u;,
its gradient is non-zero. Let Sy, = {i € B | uf €
Ny (u;)} be the set of in-batch samples that re-
trieved u’lz The gradient of the loss £ w.r.t. u’lz
is:

oLl

ouf B

L, Ou;f
Gugyf 8u£

(©))
€Sy,
From Eq. 8, the second partial derivative is a non-
zero constant 1;Kp. Since the first derivative is also
non-zero, the total gradient is non-zero. Conse-
quently, the OBI, defined in Eq. 2, becomes strictly
positive: OBI(L’;) > 0. This quantitatively proves
that our injection process breaks the GLB.

4.3 Adaptive Reliability Weighting

To mitigate the risk of injecting noisy knowledge
from equally-weighted neighbors (Sec. 4.2), we
introduce an adaptive weighting mechanism. This
mechanism is based on the principle of cross-modal
consistency: for a well-aligned audio-text pair
(u;,v;), the neighborhoods retrieved by u; and v;
should themselves be semantically consistent. We
quantify this consistency to compute a reliability
score for each neighbor, which in turn modulates
its contribution to the final objective.

Fine-Grained Reliability Weighting. For each
pair (u;, v;), we consider two fine-grained neigh-
borhoods: the audio-retrieved audio set U, =
{uf}E | and the text-retrieved audio-text set
Ni(v;) = {(u?l,v;?) ]I-il. We first assign each
neighbor in Ny(v;) a consistency score §;, de-
fined as its average similarity to the audio-retrieved

neighborhood:
(10)

These scores are subsequently normalized via a
softmax function to yield the reliability weights

Wi = {wj}]K:13

exp(5;)

_ 11
5K exp(sm) o

w; =

The reliability-aware knowledge potential is then
computed as the weighted similarity between u;
and the audio components of N7 (v;):

K
\I/ZJ?A = ij -exp(u?uf/). (12)
j=1

A symmetric construction produces the text-side
potential W} f_’T, based on the audio-retrieved text

neighborhood.

Coarse-Grained Reliability Weighting. An
identical procedure is applied to the coarse-grained
neighborhoods to produce the coarse-grained po-
tentials, \I/sz 4 and \Iff‘f ', These potentials repre-
sent the model’s alignment with reliable, high-level
semantic prototypes.

The resulting four reliability-aware potentials are
core components that will be directly incorporated
into our final optimization objective, as detailed in
Section 4.5.
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Figure 2: The proposed ASK framework. A multi-grained knowledge base (K, K.) is periodically updated to
mitigate RDM. During training, knowledge is injected into samples (u; — ), and a cross-modal reliability weight
() is computed. A final loss is optimized using both an OT-realigned similarity matrix (S5*) and the reliability

weight U.

4.4 Dynamic Knowledge Refinement

As shown in Section 3.3, a static knowledge base
leads to Representation Drift Mismatch (RDM),
which induces increasing gradient misalignment
during training. To mitigate this, we employ a
dynamic refinement mechanism that periodically
reconstructs the knowledge bases Ky and K. us-
ing the current encoders. The update period T
specifies the number of epochs between successive
reconstructions.

This procedure directly controls the RDM. At
each update step ¢, refinement sets the knowledge-
base timestamp to ¢; = ¢, making the ideal and ac-
tual neighborhood distributions identical, Pgey =
Phctual- Thus, the RDM (Eq. 4) is reset to its mini-
mum value:

RDM(t,t) = E[Dgr(Pdea || Pdeal)] = 0. (13)
By periodically driving the RDM to zero, the mech-
anism also resets the upper bound on gradient de-
viation (Eq. 5), ensuring stable optimization and
enabling the knowledge base to co-evolve with the
model.

4.5 Unified Optimization Objective

The final optimization objective is constructed in
two main stages. First, we compute NT-Xent losses
on similarity matrices that have been realigned via

Optimal Transport. Second, these losses are modu-
lated by our reliability-aware knowledge potentials
to form the final composite objective.

Loss on OT-Realigned Similarities. The process
begins with the knowledge-enhanced embeddings
from Section 4.2. For a mini-batch, we compute
a fine-grained similarity matrix Sy and a coarse-
grained one S.. Since the audio and text knowledge
are retrieved independently, the distributions of
their nearest neighbors within the batch may differ.
To reconcile this potential discrepancy and find a
globally optimal batch-level matching, we employ
Optimal Transport (OT) (Cuturi, 2013) to learn an
optimal transport plan Q* (the full formulation is
detailed in Appendix C). This plan is then used to
produce the realigned similarity matrices S;i and

Sy
7= ((1=p)1+5Q7)S;

An identical process is applied to S.. Based on
these realigned matrices, we define two NT-Xent
loss components. The text-to-audio loss, L7, 4, is
the sum of the fine- and coarse-grained objectives:

(14)

eXp Sf)”/T)
>y exp((8%)i/7)
exp((8z)ii/T)

ST exp((82)/7)
(15)

ET—)A

Y

B

1
B 4
=1



The audio-to-text loss, £ 4,7, is formulated sym-
metrically.

Reliability-Aware Objective. The OT-realigned
losses above do not yet account for the cross-modal
consistency of the retrieved knowledge. To incor-
porate this, we use the knowledge potentials com-
puted in Section 4.3 as reliability modulators. We
first define the reliability-aware terms, e.g., for the
text-to-audio direction:

1B
1
Fj 7t = g 2 les Wi
=1
16
. (16)
fgw_ﬁA = @Z—log\ljng
=1

The final text-to-audio loss, £7._, 4, is then the base
OT-realigned loss, modulated by a weighted sum
of these reliability terms:

Liq= (A Ff AT Lroa (17)

where \; and A, are hyperparameters. The final
audio-to-text loss, £%_, -, is computed symmetri-
cally. The overall loss for the ASK framework is
the average of these two modulated objectives:
1

Lask = 5(3}—>A + L) (18)
This composite objective ensures the model learns
from multi-grained knowledge that is both glob-
ally aligned at the batch level and weighted by its
cross-modal reliability. Furthermore, we provide a

theoretical proof in Appendix B that demonstrates
the convergence properties of our ASK framework.

5 Experiments

5.1 Experimental Setup

Datasets and Metrics. We evaluate our method
on two standard benchmarks: AudioCaps (Kim
et al., 2019) and Clotho (Drossos et al., 2020). Fol-
lowing prior work (Mei et al., 2022; Xie et al.,
2024; Yan et al., 2024), we report audio-to-text
(A2T) and text-to-audio (T2A) retrieval perfor-
mance using Recall at K (R@K, for K=1, 5, 10).

Baselines. To validate the model-agnostic nature
of ASK, we integrate it into two types of baselines.
1) Global Interaction: We use a PANNs-based
ResNet-38 (Kong et al., 2020) + BERT (Devlin
etal., 2019) pair (Mei et al., 2022), and a ViT-based
CED-Base (Dinkel et al., 2024) + SONAR-TE

(Duquenne et al., 2023) pair, following ML-CLAP
(Yan et al., 2024) but trained only on English. 2)
Local Interaction: We adapt the GPA (Xie et al.,
2024) setup, using its ResNet-38 + BERT architec-
ture but removing the Sinkhorn inference module
to form the baseline, and set the same maximum
number of tokens for the entire dataset.

Implementation Details. All models are trained
with the Adam optimizer (Adam et al., 2014). The
ResNet-BERT architecture is trained for 50 epochs
on AudioCaps (batch size 32) and Clotho (batch
size 24), with an initial learning rate of 5 X 1075,
which is decayed by a factor of 10 every 20 epochs.
The CED-SONAR models are trained for 10 epochs
with a decay step applied every 4 epochs. We use
the Faiss library (Douze et al., 2025) for efficient
neighbor search. Unless specified otherwise, the
hyperparameters for our ASK framework are set
as follows: we retrieve K = 10 neighbors, with
a coarse-grained prototype set of size N, = 512.
The knowledge injection ratio is p = 0.2, and the
OT-realignment factor is 5 = 0.2. The reliability
modulation weights are Ay = 0.2 and A\, = 0.3.
The knowledge base is dynamically refined every
T = 15 epochs. All experiments were conducted
on 2 NVIDIA A100 and 8 RTX 4090 GPUs.

5.2 Main Results

We evaluate the effectiveness of our proposed ASK
framework by integrating it into various baseline
models and comparing their performance on the
AudioCaps and Clotho datasets. The results are
organized by the cross-modal interaction strategy.

Global Interaction Strategy. Table 1 presents
the results for models employing a global, sentence-
level interaction strategy. Our ASK framework
demonstrates substantial and consistent improve-
ments across both datasets and architectures. When
applied to the ResNet-BERT baseline on Audio-
Caps, ASK improves the A2T R@1 score by a
remarkable 6.0% absolute and the T2A R@1 score
by 3.2% absolute . This strong performance gain
validates the effectiveness of our core mechanisms
in breaking the GLB and mitigating RDM. Further-
more, ASK proves to be model-agnostic, delivering
significant gains on the more powerful transformer-
based CED-SONAR architecture as well. For in-
stance, on the challenging Clotho dataset, it boosts
the A2T R@1 by up to 1.7% absolute and the T2A
R@1 by 1.4% absolute. The results also high-
light the flexibility of ASK in leveraging diverse



Table 1: Results for Audio-Text-Retrieval on AudioCaps and Clotho under the global interaction strategy. The
symbols T, T, and * denote the use of knowledge from the original training set, WavCaps, and the Gemini-annotated

training set, respectively.

AudioCaps

Clotho

Method A2T

T2A

A2T T2A

R@1

R@5 R@10 R@] R@5 R@10 R@] R@5 R@10 R@]1 R@5 R@10

Architecture: ResNet-38 + BERT

Mei et al., 2022 36.3 68.6 81.5 322 682 81.2 163 39.1 515 142 373 499
ASKT 423 733 842 346 696 829 173 402 541 148 38.1 50.7
ASK* 39.5 732 853 342 69.1 819 185 40.1 53.6 147 383 50.1
ASK™ 420 742 854 354 70.2 831 175 403 54.1 152 38.5 51.1
Architecture: CED-Base + SONAR-TE
Yan et al., 2024 39.6 69.8 81.7 319 692 828 180 395 53.0 149 399 53.1
ASK' 43.3 73.7 844 348 706 84.0 19.0 415 565 163 40.3 554
ASK* 419 741 85.6 349 709 84.1 185 41.6 569 16.0 406 55.1
ASK™ 409 71.6 843 337 703 835 19.7 43.3 573 160 41.5 55.2

knowledge sources, with different sources showing
strengths on different dataset-architecture combi-
nations.

Local Interaction Strategy. We also validate
ASK on a strong baseline with a local, token-level
interaction strategy (Xie et al., 2024). The Audio-
to-Textretrieval results are presented in Table 2.
The full results, including the Text-to-Audio re-
trieval scores, are detailed in Appendix D.

The results demonstrate that ASK delivers con-
sistent and significant gains even on this fine-
grained architecture. On AudioCaps, our best vari-
ant, ASK*, improves the R@1 score by a substan-
tial margin of 2.6% absolute. On the more challeng-
ing Clotho dataset, ASK™ achieves the top R@1
performance, boosting the baseline by 1.4% abso-
lute. These improvements underscore the universal
benefit of our framework; breaking the GLB and
mitigating RDM are crucial enhancements regard-
less of whether the model’s interaction mechanism
is global or local.

Zero-Shot Generalization. In addition to the in-
domain evaluations, we conduct a challenging zero-
shot cross-dataset experiment to further assess the
generalization capabilities of ASK. The results, de-
tailed in Appendix E, demonstrate that ASK sig-
nificantly improves the model’s performance when
transferring from AudioCaps to Clotho, confirming
its strong generalization benefits.

Table 2: Results for Audio-to-Text Retrieval under the
local interaction strategy. The symbols *, T, and * de-
note different knowledge sources in Section 4.1.

| AudioCaps | Clotho
Method | R@1 R@5 R@I10|R@I R@5 R@I0
Xieetal,2024 | 41.1 738 852 | 181 402 534
ASKT 429 751 864 | 191 419 539
ASK* 437 758 862 | 192 416 545
ASK* 431 740 869 | 195 414 545

5.3 Ablation Study and Analysis

To validate the contribution of each component
within our ASK framework, we conduct a series
of ablation studies on the AudioCaps dataset using
the ResNet-BERT architecture and an in-domain
knowledge source. The results are presented in
Table 3.

Impact of Multi-Grained Knowledge Bases.
We first analyze the necessity of our multi-grained
design. Removing the fine-grained knowledge base
results in a substantial performance drop of 4.3%
absolute in A2T R@1, confirming the critical role
of instance-level details for precise retrieval. Simi-
larly, removing the coarse-grained base leads to a
4.6% drop in A2T R@1, which underscores the im-
portance of the global semantic prior provided by
the prototypes. The model, which leverages both,
significantly outperforms either single-granularity
variant, demonstrating that the fine- and coarse-
grained knowledge sources are complementary.



Table 3: Ablation experiments on AudioCaps dataset using the ResNet-38 + BERT architecture. * denotes the
utilization of knowledge derived from AudioCaps training set.

A2T T2A
G. Method R@l R@5 R@10 R@1 R@5 R@10
w/o ASK (baseline) 36.3 68.6 815 322 682 81.2
1 w/o Fine-grained Knowledge Base 3777 704 81.8 319 673 81.0
w/o Coarse-grained Knowledge Base 374 67.6 813 312 666 81.0
2 w/o the Knowledge Injection Step 39.1 727 84.1 345 69.1 826
w/o OT Alignment Correction 41.1 734 852 342 694 828
3 w/o Adaptive Reliability Weighting 393 722 83.6 339 689 81.6
4 w/o the Dynamic Knowledge Refinement 39.2 71.0 83.8 34.1 68.7 81.5
Our Full ASK™ 42.0 742 854 354 70.2 83.1
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Figure 3: Ablation experiment on ASK™. Effect of the
number 7 of Knowledge Update.

Impact of Core ASK Mechanisms. We then ab-
late the core mechanisms of ASK. 1) Knowledge
Injection: Disabling the knowledge injection step
causes a notable drop of 2.9% in A2T R@1. This
empirically validates that creating gradient path-
ways to out-of-batch data is the primary driver for
breaking the GLB and enhancing representations.
2) Reliability Weighting: Ablating our adaptive
reliability weighting mechanism results in a sig-
nificant 2.7% drop in A2T R@1 and a 1.5% drop
in T2A R@1. This provides strong evidence that
not all retrieved knowledge is equally beneficial,
and that modulating the loss based on cross-modal
consistency is crucial for mitigating the impact of
noises and achieving robust performance.

Impact of Dynamic Knowledge Refinement.
We evaluate the effect of the knowledge-base up-
date period 7 on mitigating RDM. As shown in Ta-

ble 3, disabling dynamic refinement leads to a 2.8%
drop in A2T R1, empirically validating our theo-
retical claim in Section 3.3 that unchecked RDM
introduces stale and misaligned knowledge.
Figure 3 shows that performance improves as the
update frequency increases, reaching an optimum
at T' = 15 epochs, which surpasses both the static
knowledge base and the baseline. However, overly
frequent updates degrade performance, indicating
a trade-off: while frequent updates curtail RDM,
they can also destabilize the knowledge representa-
tion before the model fully adapts. These findings
highlight the necessity of a co-evolving knowledge
base and careful tuning of the update frequency.

6 Conclusion

In this paper, we identified and formalized two
fundamental challenges in knowledge-enhanced
Audio-Text Retrieval: the Gradient Locality
Bottleneck, which confines standard contrastive
learning to mini-batches, and the consequent
Representation-Drift Mismatch, which arises from
using static knowledge bases with evolving models.
To address this dual challenge, we proposed the
Adaptive Self-improving Knowledge framework.
ASK is a model-agnostic, plug-and-play solution
that breaks the GLB via multi-grained knowledge
injection, mitigates RDM through dynamic knowl-
edge refinement, and ensures reliability with a
novel adaptive weighting scheme. Extensive ex-
periments demonstrate that ASK consistently and
significantly improves performance across diverse
architectures and datasets, achieving new state-of-
the-art results.



7 Limitations

While our experiments demonstrate the broad ef-
fectiveness of ASK, we observed that using a sig-
nificantly larger and more diverse out-of-domain
knowledge source (WavCaps) did not always yield
proportionally larger gains compared to the in-
domain source on our test sets. We hypothesize
that this may be due to the relatively close data
distribution between the training and test sets of
benchmarks like AudioCaps and Clotho. In such
scenarios, injecting knowledge from a vastly dif-
ferent distribution might introduce a slight domain
shift that tempers the benefits of increased diver-
sity.
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A Derivation and Visualization of RDM’s
Impact

This appendix provides a detailed derivation of
the relationship between the Representation Drift
Mismatch (RDM) and training stability. The core
premise of RDM is that a model’s representation
space is non-stationary during training. We first
provide a visualization in Figure 4 that empirically
demonstrates this phenomenon. It shows how the
embeddings of the same audio clips, encoded by a
model without dynamic updates, drift significantly
as training progresses. Our goal in the following
sections is to formally prove that this observed drift
leads to a greater potential for gradient misalign-
ment.

t-SNE Visualization of Representation Drift

Training Stage

e Epoch1
. ® Epoch 10
Epoch 20
o Epoch 30
«o N Epoch 40
% Epoch 50

Dimension 2
o
®

30
Dimension 1

Figure 4: t-SNE visualization of Representation Drift.
Embeddings of a fixed set of audio samples, encoded
by the same model at different training epochs, are plot-
ted. The progressive shift in embedding positions (from
Epoch 1 [blue] to Epoch 50 [red]) empirically validates
the core premise of RDM: a static knowledge base be-
comes misaligned with the non-stationary representation
space over time.

Gradient Formulation. We consider a simpli-
fied loss function £ = Lain(u;, u;) that incorpo-
rates a knowledge-enhanced representation
(1 — p)u; + pK, where u; = fp,(a;) and K is
the expected representation of retrieved knowledge.
The gradient of the loss with respect to the model
parameters 0 is:

(

Linking Gradient Deviation to Knowledge De-
viation. The difference between the ideal gradi-
ent (Vy, Ligeal) and the actual gradient (Vy, Lacral)

oL
8 (7%

oL
+(1- P)af

/
u;

8ui

£ _
Vo 90,

(19)



arises from the difference in their respective knowl-
edge vectors, Kigeas and Kyewal. Let the gradient
difference vector be AV = Vg, Lycrual — Vo, Lideal-
This difference is primarily driven by the change

in the loss derivative term g L

To analyze this relatlonshlp, we use a first-order
Taylor expansion of the loss gradient term around
the ideal representation v/ The difference can
be approximated as:

ideal*

aﬁactual . aACideal
ou’ o’

(2 3

Uildeal)

(20)
where H, is the Hessian matrix of the loss function
with respect to its input. Since ) . — Wyey =
P(Kactual — Kideal) = pAK, we can see that the
deviation in the loss gradient is approximately pro-
portional to the deviation in the knowledge vector:

~ Hl:( 1deal) (uglctual -

AV x Hp - AK (21)
This establishes a direct relationship: a larger devi-
ation in the fused knowledge vector AK leads to a
larger deviation in the final parameter gradient AV.
The next step is therefore to bound the magnitude
of AKX using the RDM.

Bounding the Knowledge Deviation via RDM.

We now bound the norm of the deviation ||AKC||2
using the RDM. We leverage Pinsker’s inequality
(Cover, 1999), which relates the KL divergence to
the Total Variation Distance (D7y):

Drv (P, P) = Z\H 5 ()]
(22)
< \/QDKL(Pl || P2)
Applying this to our distributions gives

DTV(Pideah P, actual) S
then bound || AK||2:

HAKHQ = H Z Pactual A
< Z |Pactual

< (mjax sz\2> -2 Dy (Pieal, Pactual)
< C'\/2-RDM(1, 1y

where C' = max; ||zj|2 is a bounded constant.

\/3RDM(t, ). We can

— Paea (7)) 7jll2

— Peal (J )|HZJH2

(23)
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Conclusion. Combining these steps, we have es-
tablished a formal link: an increase in RDM (Eq. 4)
widens the upper bound on the knowledge vector
deviation ||AKC||2 (Eq. 23), which in turn increases
the potential magnitude of the gradient deviation
AV (Eq. 20). This increases the risk of gradient
misalignment, which can lead to training instability.
Our dynamic knowledge refinement mechanism is
designed to mitigate this risk by periodically reset-
ting the RDM to zero.

B Theoretical Justification and
Convergence of the ASK Objective

In this section, we provide a theoretical justification
for the ASK framework. We demonstrate that our
training procedure can be viewed as a principled al-
ternating optimization algorithm designed to maxi-
mize the log-likelihood of the observed data, which
in turn guarantees the monotonic non-increase of
our final loss function and thus ensures conver-
gence.

Probabilistic Formulation with Latent Knowl-
edge. The primary goal of Audio-Text Retrieval
is to find model parameters * that maximize the
log-likelihood of observing matched audio-text
pairs z; = (a;, t;):

(24)

0" = 0) = 1 i 0
Ingaxﬁ() méixzi: og p(z;;0)

We conceptualize our approach by introducing la-
tent variables, z; = (2, 2i,), representing the
unobserved "optimal" knowledge for each sample
x;. The observed data likelihood is the marginal
likelihood over these latent variables:

§ p Ti, 233 0

(25)

Zﬂza

Thus, the optimization objective becomes:
6" = ma lo X, 2i5 0

QX; g;p( iy <5 )

The summation inside the logarithm makes direct
optimization intractable.

(26)

Deriving the Evidence Lower Bound. To cre-
ate a tractable objective, we introduce an arbitrary
distribution Q(z;) and apply Jensen’s Inequality to
derive a lower bound on the log-likelihood, known
as the Evidence Lower Bound (ELBO), denoted as



F(Q,0):

log p(x;; 0 logZQ w“ZZ; 9)
(.’E“ZZ,Q)
i)l 27
>ZQ2% TE
F(Q,0:) = Eg(.,y [log p(z, 2i5 0)] (28)
- EQ [log Q(Zz)]

Maximizing log p(z;; 0) is achieved by iteratively
maximizing this lower bound F with respect to )
and 0.

The ASK Framework as an Alternating Opti-
mization Algorithm. Let 6; be the parameters
at iteration ¢. The ASK training process alternates
between two stages.

Stage 1: Auxiliary Distribution Update. In
this stage, we fix 0; and approximate the optimal
auxiliary distribution Q;(z;) which should be the
true posterior p(z;|z;;0;). We assume indepen-
dence between fine- and coarse-grained knowledge:

Qi(2i) = Q4,1 (2i,5)Qte(2ic)-

* The retrieval of Top-K neighbors defines the
support of Q); ¢ and Q¢ .

* We define the probability mass of these distri-
butions over a specific neighbor z; using our
reliability weights (Eq. 11):

Quplaig = 2) = wisO), oo
Qt,c(zi,c = Zj) = wj,c(et)

Stage 2: Model Parameter Update. In this
stage, we fix (J; and maximize the ELBO with
respect to 6, which is equivalent to maximiz-
ing Eq, [log p(x;, z;;0)]. We model the joint log-
probability as a sum of independent fine- and
coarse-grained components, e.g., for the text-to-
audio direction:

log \I/T“A(H))
log U7 ()

~(—Lors(0) -
+ (—EOT,C(Q) —
+ (—1og Z(0))

log p(x4, 2, 0)

(30)

where Z(#) is a normalization constant. The maxi-
mization objective is to minimize the negative ex-
pectation of this log-probability under ();. Substi-
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tuting Eq. 29 and Eq. 30, this objective becomes:

m - Z]EQt

~ Z Eq, ;[Lor,f +log ¥, f]
A

logp Tiy 245 9)]

(3D

+ EQt,c [‘COT,C + log \Ijz’,c])
Our final modulated loss from Eq. 17,

Lyog= (LN FF AT Losa (32)
where ' = —log U, is a principled and sophisti-
cated implementation of this maximization objec-
tive. Minimizing Lask effectively performs this
parameter update.

Proof of Convergence. This two-stage alternat-
ing optimization guarantees that the total objective
is non-decreasing at each full iteration, £(6;41) >
L(0;). Consequently, minimizing the negative log-
likelihood guarantees that the loss is monotonically
non-increasing. Given that Lagk is bounded be-
low by zero, the Monotone Convergence Theorem
ensures that the sequence of loss values converges
to a limit, and the parameters {;} converge to a
stationary point

C Optimal Transport for Batch-level
Alignment

This section details the entropy-regularized Op-
timal Transport (OT) formulation used to refine
the batch-wise similarity matrices. Given a batch
of knowledge-enhanced pairs, we compute a sim-
ilarity matrix, e.g., the fine-grained matrix Sy €
RB*B_ We then seek an optimal transport plan
Q € RP*B, where Q;; represents the soft-
alignment probability between the ¢-th text and the
j-th audio. The optimal plan Q* is found by solv-
ing the following regularized optimization prob-
lem:

Q= max (Q,Sy) +eH(Q)

st.C={Q ¢ RB*B | Qlp = pu, Q1= v},

(33)
where (Q,Sy) = tr(Q'Sy) is the total similarity
score. H(Q) = — >, ; Qijlog Qi is the entropy
regularizer, controlled by € > 0. The constraints
enforce that the marginals of Q must sum to pre-
defined distributions ¢ and v, which represent the
importance of each instance. Following prior work
(Su and Hua, 2017), we set both u and v to a uni-

form distribution over the batch, i.e., THT BI 1,p. This



problem is efficiently solved for the optimal plan
Q" using the Sinkhorn-Knopp algorithm (Cuturi,
2013).

D Full Results for Local Interaction
Strategy

This section provides the complete retrieval results
for our experiments on the local, token-level inter-
action baseline, including both Audio-to-Text and
Text-to-Audio directions. Table 4 presents the full
comparison.

Table 4: Full results for Audio-Text Retrieval on Au-
dioCaps and Clotho under the local interaction strategy.
The symbols T, T and * denote different knowledge
sources in Section 4.1.

Audio-to-Text

‘ AudioCaps ‘ Clotho
Method | R@l R@5 R@I10|R@1 R@5 R@I0
Xieetal., 2024 | 41.1 738 852 | 181 402 534
ASKT 429 751 864 | 19.1 419 539
ASK* 437 1758 862 | 192 416 545
ASK™ 431 740 869 | 195 414 545

Text-to-Audio

‘ AudioCaps ‘ Clotho
Method | R@l R@5 R@I0|R@1 R@5 R@I0
Xieetal., 2024 | 341 700 822 | 151 379 502
ASKT' 345 711 831 | 162 385 513
ASK* 346 705 827 | 163 384 515
ASK+ 351 708 831 | 160 388 521

As demonstrated in Table 4, ASK consistently
improves upon the baseline in the Text-to-Audio
retrieval direction as well. On AudioCaps, ASK™
achieves the highest R@1 score, improving the
baseline by 1.0% absolute. On Clotho, the ASK*
variant delivers the strongest R@1 performance
with a significant gain of 1.2% absolute. These
results confirm that the benefits of our proposed
mechanisms are symmetric, enhancing both re-
trieval directions and validating the overall effec-
tiveness of the ASK framework on fine-grained
architectures.

E Zero-Shot Generalization

To further assess the generalization capabilities of
our ASK framework, we conduct a zero-shot cross-
dataset evaluation. In this setup, models are trained
exclusively on the AudioCaps training set and then
directly evaluated on the Clotho test set, without
any fine-tuning. This challenging setting tests the
model’s ability to generalize to a different data

13

distribution. The results for the global ResNet-
BERT architecture are presented in Table 5.

Table 5: Zero-shot generalization performance on the
Clotho test set. All models were trained only on Au-
dioCaps. The symbols T, T and * denote different
knowledge sources in Section 4.1.

| A2T | T2A
Method | R@l R@5 R@I0|R@1 R@5 R@I0
Meietal,2022 | 128 290 397 | 101 276 383
ASK' 141 303 437 | 119 312 428
ASK* 136 302 405 | 1L9 305 403
ASK* 136 316 433 | 115 308 426

The results demonstrate that ASK significantly
enhances zero-shot generalization. Notably, ASKT,
leveraging the large-scale out-of-domain WavCaps
dataset, achieves the best performance with abso-
lute gains of 1.3% in A2T R@1 and 1.8% in T2A
R@]1. This indicates that exposing the model to
diverse external knowledge fosters robust seman-
tic representations, enabling effective transfer to
the unseen Clotho dataset. These findings validate
ASK as a framework for genuine generalization
rather than simple in-domain memorization.

F Stability Analysis

Table 6: Detailed retrieval performance on AudioCaps
with standard deviations. The symbols T, *, and + de-
note different knowledge sources in Section 4.1.

\ A2T | T2A
Method | R@1 R@5 R@10 | R@I R@5 R@10
ASI{f 42-3i0.3 73.3i0_g 84-2i0.6 34-6i0.5 69.6in_4 82.9i(19
ASK* | 39.5403 T73.2404 85.3106 | 342106 69.1107 819103
ASK™ 42.0402 7424105 854106 | 354103 702.03 83197

In our experiments, we evaluated various archi-
tectures and interaction mechanisms. To ensure
reliability, all results reported in the main text are
averages derived from multiple independent runs.
In this section, we provide a detailed stability anal-
ysis focusing on the ResNet-38 + BERT architec-
ture under the global interaction strategy. Table 6
presents the specific statistics for this setting. The
results demonstrate minimal fluctuation, confirm-
ing that our method maintains high stability and
statistical significance.
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