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Abstract1

In this study, we introduce the Elderly CodecFake Detection2

(ECFD) task and release the Elderly-CodecFake (ECF) dataset in3

English and Chinese. We show that state-of-the-art CF detectors4

trained on previous benchmark CF datasets generalize poorly5

to elderly speech, revealing a critical vulnerability. We further6

hypothesize and demonstrate that multimodal foundation models7

(FMs) such as LanguageBind (LB) and ImageBind (IB) are8

more effective for ECFD due to their exposure to elderly content9

during cross-modal pretraining. Motivated by prior evidence that10

fusion of FMs enhances downstream performance, we explore11

fusion of FMs for ECFD. To this end, we propose BONSAI, a12

novel framework that employs Jensen–Shannon Divergence as13

the fusion mechanism. BONSAI with the fusion of LB and IB14

achieves an average EER (%) of 1.66 and outperforms individual15

FMs as well as competitive SOTA baselines, establishing a new16

benchmark for the ECFD task.17

Index Terms: CodecFake Detection, Speech Deepfake Detec-18

tion, Elderly Speech, Multimodal Foundation Models19

1. Introduction20

In recent years, the boundary between genuine and speech deep-21

fakes has become increasingly blurred. Current text-to-speech22

(TTS) and voice-conversion (VC) models can generate speech23

utterances in nearly human-level realism. While these capabil-24

ities support valuable applications in assistive communication,25

human–computer interaction, and entertainment industry, they26

also enable serious misuse. They can be exploited for imper-27

sonation fraud, misinformation campaigns, and unauthorized28

replication of personal identities. Recognizing this threat, the re-29

search community has established dedicated benchmarks to drive30

the development of reliable countermeasures [1, 2, 3, 4, 5]. Early31

detection approaches relied on handcrafted features combined32

with traditional machine learning classifiers [6, 7, 8]. Succeed-33

ing them, researchers explored various deep learning approaches34

for detection of speech deepfakes leading to notable improve-35

ments [9, 10, 11]. More recently, usage of large-scale speech36

foundation models (PTMs) have gained focus in the community;37

architectures such as Wav2vec2 and WavLM, trained on massive38

unlabeled corpora, have demonstrated strong transferability to39

speech deepfake detection [12, 13, 14, 15, 16, 17, 18].40

However, prior studies have largely focused on detecting41

speech deepfakes generated via TTS, VC, or traditional vocoder-42

based models. With the rapid advancement of audio language43

models (ALMs), a new class of deepfakes has emerged, demand-44

ing dedicated countermeasures. These ALMs rely on neural45

audio codecs (NACs) for both encoding and synthesis (For ex-46

ample, AudioLM is built on Sounstream as NAC backbone [19]),47

giving rise to the term CodecFakes (CFs). The first investigations48

into CF detection were conducted by Wu et al. [20] and Lu et al. 49

[21], who established initial benchmarks and detection strategies 50

for this emerging threat. They showed that models trained on 51

existing vocoder-based datasets fail when evaluated for detection 52

of CFs. As such various researchers have come up with various 53

approaches [22, 23, 24]. Nevertheless, existing resources for 54

CF detection are predominantly built on younger adult speak- 55

ers, overlooking other demographics. This leaves older adults 56

particularly vulnerable, as elderly speech exhibits distinct vocal 57

traits—such as increased breathiness, reduced pitch stability, and 58

irregular temporal patterns—that differ markedly from younger 59

populations [25] (Figure 1 (a)). Reflecting these differences, re- 60

lated fields such as speech emotion recognition have established 61

dedicated benchmarks and challenges targeting elderly speech 62

[26, 27]. In contrast, research in CF detection has yet to address 63

this demographic, leaving a critical gap in both datasets and 64

methodologies. 65

(a) (b)

Figure 1: t-SNE Plots for Real Speech (a) and CF Speech (b)
samples for TIS Corpus[28]; Clear separation of Young and
Elderly Speech can be observed in both Real and CF scenarios

To address this limitation, we introduce Elderly CodecFake 66

Detection (ECFD) task (Figure 1 shows the support for the need 67

of ECFD task) and present the Elderly-CodecFake (ECF) dataset, 68

comprising authentic and NAC-generated utterances from older 69

speakers across diverse age bands, NAC backbones, and two lan- 70

guages—English and Chinese. We first evaluate state-of-the-art 71

(SOTA) CF detectors trained on existing datasets [21, 20] and 72

observe substantial performance degradation on NAC-generated 73

elderly voices, revealing poor cross-demographic generalization. 74

Motivated by the success of foundation models (FMs) for speech 75

deepfake detection [14, 18], we also explore FMs for ECFD. To 76

our end, we hypothesize that multimodal FMs such as Language- 77

Bind (LB) and ImageBind (IB)—are better suited for ECFD, as 78

their cross-modal pretraining improve contextual understand- 79

ing and implicitly capture age-related cues through exposure to 80

visual contexts such as faces and scenes involving elderly indi- 81

viduals. The effectiveness of leveraging multimodal FMs due to 82

their cross-modality information prior for audio-centric tasks has 83

also been demonstrated in related domains, such as non-verbal 84



human vocalization emotion recognition [29]. To validate our hy-85

pothesis, we conduct a systematic comparison between leading86

SOTA speech and multimodal FMs, and the results shows multi-87

modal FMs as champion. Further, inspired by prior evidence that88

fusion of FMs improves performance for speech deepfake detec-89

tion [30], we explore such fusion for ECFD and propose BONSAI90

(Bridging FusiON via JenSen–ShAnnon DIvergence), which91

employs Jensen-Shannon divergence as the fusion mechanism.92

BONSAI, applied to LB and IB, achieves the best performance,93

outperforming individual FMs and competitive SOTA baselines,94

establishing a new benchmark for ECFD. Our work lays the95

foundation for CF detection in underrepresented demographics.96

To summarize, the main contributions are as follows: (i) We97

formalize the novel task of ECFD and introduce the ECF dataset.98

(ii) We benchmark SOTA CF detectors trained on previous bench-99

mark CF datasets and demonstrate a substantial performance100

degradation on elderly speech, revealing poor cross-demographic101

robustness. (iii) We show that multimodal FMs are best suited102

for ECFD by comparing SOTA speech and multimodal fmS.103

(iv) We propose a novel framework, BONSAI, which leverages104

Jensen-Shannon Divergence for fusion of FMs. BONSAI with LB105

and IB, achieves the best performance with 1.66 as average EER106

(%), outperforming individual FMs and competitive SOTA base-107

lines. We release few samples1and the full dataset along with108

the code will be released after the double-blind review process.109

The dataset will be released through controlled-access to prevent110

misuse and for research purposes only.111

2. Elderly Codecfake Dataset112

This section first describes the sources of real elderly speech113

data, followed by an overview of the NACs employed in this114

study. All data are obtained from publicly available corpora.115

Finally, we detail the pipeline used to generate ECF dataset.116

Real Elderly Speech Source: SeniorTalk (E1) [31]: It is a117

Mandarin conversational speech corpus specifically designed for118

super-aged seniors (Age 75 to 85), containing 55.53 hours of119

spontaneous dialogues from 202 speakers across 16 provinces.120

By prioritizing natural interaction rather than read speech,121

SeniorTalk offers a realistic benchmark for developing age-122

inclusive voice technologies. The dataset is splitted to training,123

validation, and test sets. TIS Corpora (E2) [28]: The dataset124

comprises 1152 utterances from 96 speakers in English across di-125

verse demographics, including younger (18–45) and older (60+)126

adults from White, Black, and South Asian backgrounds. It was127

designed to support inclusive speech technology by incorporat-128

ing speakers from multiple age groups and racial identities.129

Neural Audio Codecs: We follow previous works on CF detec-130

tion works [21, 20] for selection of NACs and employ publicly131

released, reproducible NACs that reflect current SOTA genera-132

tion pipelines. Descript Audio Codec (DAC) [32]: We utilize133

DAC models operating at sampling rates of 16 kHz, 24 kHz,134

and 44 kHz. EnCodec [33]: We adopt the 24 kHz and 48 kHz135

variants in our experiments. SoundStream [34]: The 16 kHz136

configuration is employed. Speech Tokenizer [35]: We use the137

16 kHz model. FunCodec [36]: The officially released 16 kHz138

version is incorporated. AudioDec [37]: Models at 28 kHz and139

48 kHz are used. SNAC [38]: Multiple configurations at 24 kHz,140

32 kHz, and 44 kHz are employed. MIMI [39]: We use the141

24 kHz version. Considering all configurations, a total of four-142

teen NAC variants are used in this work.143

1https://anonymous.4open.science/w/
ElderlyCodecFake-BF43/

ECF Dataset Generation Process: To build the ECF dataset, 144

we adopt a structured pipeline inspired by following Wu et al. 145

[20] and Lu et al. [21], one of the foundational CF detection 146

work. The procedure converts real elderly speech into NAC- 147

generated counterparts using multiple NACs that constitute the 148

core of modern ALM systems. We start from publicly available 149

elderly speech datasets described above, where each original 150

recording is treated as a real reference sample. For creating syn- 151

thetic counterparts, every input speech sample undergoes a NAC 152

encoding–decoding process. First, it is is transformed into a dis- 153

crete latent sequence through the pre-trained encoder of a NAC, 154

and this representation is subsequently reconstructed using the 155

corresponding decoder. The resulting synthetic speech preserves 156

linguistic content and speaker identity but contains NAC-induced 157

distortions unique to each individual NAC, yielding realistic yet 158

synthetic elderly speech. This procedure is applied across all 159

fourteen NAC variants, producing parallel data such that each 160

real speech utterance has a one-to-one synthetic counterpart for 161

every codec type. For the SeniorTalk dataset, we follow the 162

official data split. CF samples for the training and validation 163

sets are generated using SNAC, DAC, EnCodec, SoundStream, 164

SpeechTokenizer, and FunCodec (including their variants). For 165

the test set, CF samples are generated using AudioDec, SNAC, 166

and Mimi (including their variants). The TIS corpus contains 167

speech samples from twelve elderly speakers. As no official split 168

is provided, we perform a speaker-independent partition: eight 169

speakers for training, two for validation, and two for testing. 170

CF samples for all splits of TIS corpus are generated following 171

the same procedure used for SeniorTalk. SeniorTalk and TIS 172

contain 60029 and 720 real elderly utterances, respectively. In 173

total, this results in 60749 real elderly speech utterances across 174

both datasets. After generating CF data using fourteen NAC vari- 175

ants, the resulting dataset comprises 850486 elderly CF speech 176

samples. 177

3. Methodology 178

This section presents the FMs employed in our study, followed 179

by the downstream modeling approaches. We then detail the 180

proposed framework, BONSAI. 181

3.1. Foundation Models 182

The FMs considered are SOTA in their respective benchmarks. 183

Mutlimodal FMs: We select LanguageBind (LB) [40] and 184

ImageBind (IB) [41] as multimodal FMs. IB maps diverse 185

modalities (image, audio, text, IMU, depth, thermal) into a 186

shared image-centric embedding space via an InfoNCE objec- 187

tive, achieving strong cross-modal generalization without ex- 188

plicit paired supervision. LB similarly aligns modalities such as 189

video, depth, audio, and infrared to a frozen language encoder 190

using contrastive learning. 191

Speech FMs: We employ Wav2vec2 [42], WavLM [43], and 192

Whisper [44] as SOTA speech FMs. Wav2vec2 is included due to 193

its demonstrated effectiveness in CF detection, particularly when 194

combined with AASIST as a downstream model [21]. We addi- 195

tionally incorporate WavLM, which has achieved strong perfor- 196

mance across multiple speech processing tasks in the SUPERB 197

benchmark and in speech deepfake detection [15]. Finally, we 198

consider Whisper, a multilingual FM trained on 96 languages, un- 199

like Wav2vec2 and WavLM which are primarily English-centric. 200

Whisper has recently shown leading performance in speech deep- 201

fake detection [30]. Wav2vec2 is a self-supervised model trained 202

using a contrastive learning objective, while WavLM is also 203

https://anonymous.4open.science/w/ElderlyCodecFake-BF43/
https://anonymous.4open.science/w/ElderlyCodecFake-BF43/


self-supervised but optimized through masked prediction and204

speech denoising tasks. In contrast, Whisper is pre-trained using205

a supervised multi-task learning framework. For all three FMs,206

we utilize their base variants.207

All audio samples are resampled to 16 kHz prior to feature208

extraction to ensure compatibility across FMs. We extract rep-209

resentations from the last hidden layer of each frozen FM by210

applying average pooling. For multimodal FMs, only the audio211

encoder branch is utilized. The resulting embedding dimension-212

alities are 768 for LB, Wav2vec2, WavLM; 1024 for IB; and 512213

for the Whisper encoder.214

Figure 2: Proposed Framework: BONSAI; JSD stands for Jensen-
Shannon Divergence

3.2. Modeling215

Here, we detail the downstream modeling with individual FMs216

followed by discussion of the novel proposed approach for FMs217

fusion, BONSAI.218

Downstream Modeling with Individual FMs: For downstream219

modeling, we adopt two widely used architectures for speech220

deepfake detection: AASIST [11] and a convolutional neural221

network (CNN) [30]. AASIST is a graph neural network–based222

architecture. In contrast, the CNN model consists of a1D-223

convolutional layer followed by max-pooling layer with a fully224

connected layer as output classifier. For both AASIST and CNN,225

we strictly follow the architectural configurations and implemen-226

tation details described in Lu et al. [21] and Phukan et al. [30],227

respectively, to ensure reproducibility and fair comparison.228

BONSAI: The modeling architecture of BONSAI is illustrated in229

Figure 2. BONSAI leverages Jensen–Shannon Divergence (JSD)230

as a novel fusion mechanism for aligning FM representations.231

While JSD is primarily employed in multimodal learning for232

distribution matching and regularization [45, 46], we repurpose233

it here as a novel loss function to explicitly align heterogeneous234

FM representations in a unified representation space. JSD is235

a symmetric and bounded measure of similarity between prob-236

ability distributions which quantifies how individual distribu-237

tions deviate from their shared mean distribution. We employ238

JSD because different FMs produce representations with dis-239

tinct distributional characteristics due to differences in their240

pretraining objectives. Direct feature concatenation or linear241

fusion may therefore fail to account for distributional mismatch.242

By minimizing JSD between projected FMs representational243

space, BONSAI explicitly encourages distributional alignment in 244

a stable and symmetric manner. The detailed modeling flow 245

of BONSAI is given below: Representations from each FM are 246

first passed through 1D-CNN layer with filter size 3 and we 247

use 32 filters followed by maxpooling identical to those used 248

with the CNN model mentioned in Downstream Modeling with 249

Individual FMs. Then, the resulting features are flattened and 250

projected to a shared dimensional space to ensure dimensional 251

consistency and reduce computational overhead. Let ea and eb 252

denote the projected flattened representations from two FMs. 253

These vectors are normalized using softmax to obtain probability 254

distributions p and q. The JSD alignment loss is defined as: 255

LJSD = 1
2
KL(p ∥ m) + 1

2
KL(q ∥ m) where m = 1

2
(p+ q) 256

and KL(·) denotes the Kullback-Leibler (KL) divergence. Mini- 257

mizing LJSD encourages the two FM representations to capture 258

complementary yet consistent information. Following this, the 259

features are passed to a fully connected network (FCN) consist- 260

ing of a dense layer with 120 neurons, followed by an output 261

layer with a softmax activation function. The final training ob- 262

jective jointly optimizes classification (LCE) and alignment: 263

L = λLCE + (1 − λ)LJSD where λ controls the balance 264

between cross-entropy supervision and JSD-alignment. The 265

number of trainable parameters in BONSAI ranges from 3.8M to 266

4.02M, depending on the dimensionality of the underlying FM 267

representations. 268

Model E1 E2

Young Elderly

AASIST 30.18 14.07 27.45
Wav2vec2-AASIST 28.32 12.89 25.76

Table 1: EER (↓) in %. Trained on Lu et al. [21] and evaluated
on ECFD test sets; E1: SeniorTalk, E2: TIS Corpus; The abbre-
viations are kept same for Table 2 and Table 3

4. Experiments 269

4.1. Training Details 270

We train the models by combining the training sets from Se- 271

niorTalk and TIS, while validation and testing are performed 272

separately on the respective validation and test splits of each 273

individual dataset. All models are trained for 20 epochs using 274

a learning rate of 1e-3 and a batch size of 32. We employ the 275

Adam optimizer with cross-entropy loss for classification. For 276

experiments involving BONSAI, the alignment weight λ is set 277

to 0.65, selected based on preliminary validation experiments. 278

Dropout is employed during training to reduce overfitting, while 279

class weighting is applied to handle class imbalance. 280

4.2. Experimental Results 281

We use Equal Error Rate (EER) as the evaluation metric, follow- 282

ing prior work on speech deepfake detection and CF detection 283

[30, 20, 21]. 284

Training on previous benchmark CF dataset [21] and 285

testing on ECFD (zero-shot): We train AASIST [20] 286

and Wav2Vec2 with AASIST as the downstream classifier 287

(Wav2Vec2-AASIST) [21] on the CF dataset introduced by Lu 288

et al. [21], which contains samples in both English and Chi- 289

nese. These models represent SOTA CF detection approaches 290

and are subsequently evaluated on the ECFD test set. The re- 291

sults are presented in Table 1. Furthermore, to analyze potential 292

age-related performance bias, we generate CF samples for the 293



younger speech subset of the E2: TIS corpus using the same294

neural audio codecs (NACs) employed to construct the ECFD295

test set. This enables us to assess whether models trained on the296

Lu et al. [21] CF dataset exhibit differential performance when297

evaluated on younger versus elderly speech samples. The re-298

sults reveal clear cross-age performance degradation: the models299

achieve substantially lower EER on the younger subset, while300

the EER nearly doubles on the elderly subset. Notably, although301

the younger speech subset also constitutes an out-of-distribution302

condition relative to the training data, the models retain compar-303

atively strong performance on younger speech than on elderly304

speech. This indicates that the observed degradation cannot305

be attributed solely to distribution mismatch, but is further at-306

tributed towards by age-related acoustic differences. Among the307

evaluated models, Wav2Vec2-AASIST demonstrates superior308

performance, likely due to its FM backbone, which provides309

better representations for CF detection. We also310

Model E1 E2 (Elderly) Avg

End to End: AASIST

AASIST 14.54 13.66 14.10

Downstream: AASIST

Wav2vec2 11.76 11.02 11.39
WavLM 11.34 10.66 11.00
Whisper 10.12 9.86 9.99
IB 6.53 5.79 6.16
LB 6.48 5.21 5.85

Downstream: CNN

Wav2vec2 11.02 10.29 10.66
WavLM 10.67 9.13 9.90
Whisper 8.46 8.14 8.30
IB 5.41 5.26 5.34
LB 4.81 4.30 4.56

Table 2: Evaluation scores (EER (↓) in %) for training and
evaluation on ECFD; Avg represents the average of EER across
E1 and E2 (Elderly)

In-domain Training and Evaluation on ECFD: Table 2 reports311

the in-domain results on the ECFD dataset. We first evaluate the312

AASIST baseline [20], as it demonstrated better performance313

than prior baselines in Table 1. We then evaluate different FMs314

using both AASIST and CNN as downstream classifiers. The re-315

sults show that multimodal FMs consistently outperform speech-316

only FMs, thereby supporting our hypothesis. To further analyze317

this behavior, we perform a qualitative analysis using t-SNE visu-318

alizations of the raw FM representations from LB and Wav2Vec2.319

The t-SNE plots reveal clearer separation and better clustering be-320

tween real and fake classes for LB compared to Wav2Vec2. Fur-321

thermore, the CNN achieves stronger performance than AASIST322

while being more lightweight, whereas AASIST appears more323

prone to overfitting in this setting. In Table 3, we investigate324

whether combining FMs can further improve ECFD performance.325

We use simple concatenation as a baseline, employing the same326

architecture and training protocol as BONSAI, except without327

the JSD-based alignment loss. Overall, BONSAI consistently328

outperforms concatenation across all FM pairs, demonstrating329

that explicit representation alignment through JSD enables more330

effective exploitation of complementary information. The per-331

formance gains are modest for speech-only FM pairs but become332

more pronounced when fusing multimodal FMs or combining333

speech and multimodal FMs. Notably, combinations involving334

LB and IB achieve the strongest performance, indicating that335

multimodal FMs provide highly complementary representations 336

for ECFD. We also evaluated KL divergence as an alternative 337

alignment objective, given that JSD is derived from KL diver- 338

gence. However, KL divergence showed less stable convergence 339

and achieved inferior performance than BONSAI, with results 340

comparable to simple concatenation. Consequently, we present 341

concatenation as the baseline and omit KL divergence results 342

due to space constraints. 343

(a) (b)

Figure 3: t-SNE Plots (a) Wav2vec2 (b) LanguageBind

Pairs Concatenation BONSAI

E1 E2 (Elderly) Avg E1 E2 (Elderly) Avg

W2v2 + WL 9.36 9.01 9.18 7.54 6.97 7.26
W2v2 + Wh 7.17 6.63 6.90 6.24 5.64 5.94
W2v2 + IB 5.20 4.79 5.00 4.87 3.22 4.05
W2v2 + LB 4.47 4.22 4.35 4.00 3.76 3.88

WL + Wh 7.94 7.35 7.65 5.68 5.17 5.43
WL + IB 5.12 4.72 4.92 4.36 4.09 4.23
WL + LB 4.86 4.43 4.65 3.92 3.56 3.74

Wh + IB 4.51 4.02 4.27 3.23 2.95 3.09
Wh + LB 3.78 3.14 3.46 2.78 2.36 2.57

IB + LB 3.01 2.50 2.76 1.80 1.51 1.66

Table 3: Evaluation scores (EER (↓) in %) for training and eval-
uation on ECFD; Avg represents the average of EER across E1
and E2 (Elderly); W2v2: Wav2vec2, WL: WavLM; Wh: Whisper

Comparison to SOTA: AASIST and Wav2vec2-AASIST repre- 344

sent SOTA architectures for CF detection [21, 20]. From Table 1 345

and Table 3, we observe that BONSAI with the fusion of LB and 346

IB achieves the lowest average EER of 1.66% (1.80% on E1 and 347

1.51% on E2 (Elderly)), thereby establishing a new SOTA for 348

the ECFD task. 349

5. Conclusion 350

In this work, we introduced the ECFD task and the ECF dataset 351

comprising English and Chinese speech. Our analysis demon- 352

strated that existing SOTA CF detection models trained on prior 353

benchmark datasets generalize poorly to elderly speech, reveal- 354

ing a critical robustness gap. Furthermore, we showed that 355

multimodal FMs, such as LB and IB, provide more effective rep- 356

resentations for ECFD. Building on this insight and motivated by 357

the complementary nature of FMs, we proposed BONSAI, a novel 358

fusion framework that leverages Jensen–Shannon Divergence 359

for representation alignment. Experimental results demonstrated 360

that BONSAI with LB and IB achieves an average EER of 1.66%, 361

outperforming individual FMs and competitive baselines, and 362

establishing a new benchmark for the ECFD task. In future work, 363

we plan to extend the ECF dataset to additional languages to 364

further improve the robustness and generalizability of ECFD 365

systems. 366



6. Generative AI Use Disclosure367

AI Assistants were utilized exclusively to enhance grammatical368

accuracy, clarity, and the overall readability of the manuscript.369

These tools did not contribute to the development of scientific370

concepts, data analysis, generation of results, or interpretation of371

findings. The authors assume full responsibility for the accuracy372

and integrity of the work.373
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