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Abstract—Partial audio deepfake localization poses unique
challenges and remain underexplored compared to full-utterance
spoofing detection. While recent methods report strong in-
domain performance, their real-world utility remains unclear.
In this analysis, we critically examine the limitations of current
evaluation practices, particularly the widespread use of Equal
Error Rate (EER), which often obscures generalization and
deployment readiness. We propose reframing the localization task
as a sequential anomaly detection problem and advocate for the
use of threshold-dependent metrics such as accuracy, precision,
recall, and F1-score, which better reflect real-world behavior.
Specifically, we analyze the performance of the open-source
Coarse-to-Fine Proposal Refinement Framework (CFPRF), which
achieves a 20-ms EER of 7.61% on the in-domain PartialSpoof
evaluation set, but 43.25% and 27.59% on the LlamaPartialSpoof
and Half-Truth out-of-domain test sets. Interestingly, our repro-
duced version of the same model performs worse on in-domain
data (9.84%) but better on the out-of-domain sets (41.72% and
14.98 %, respectively). This highlights the risks of over-optimizing
for in-domain EER, which can lead to models that perform poorly
in real-world scenarios. It also suggests that while deep learning
models can be effective on in-domain data, they generalize
poorly to out-of-domain scenarios, failing to detect novel synthetic
samples and misclassifying unfamiliar bona fide audio. Finally, we
observe that adding more bona fide or fully synthetic utterances
to the training data often degrades performance, whereas adding
partially fake utterances improves it.

I. INTRODUCTION

While full-utterance spoofing has been widely studied [1]-
[3], partial audio deepfakes, where only segments of an ut-
terance are manipulated, are more challenging due to their
subtlety [4], [S]. These localized forgeries can evade traditional
spoofing detection systems that rely on global audio char-
acteristics, making them particularly threatening in scenarios
such as voice-controlled authentication and disinformation
generation [6]. The performance evaluation in partial deepfake
scenarios remains inconsistent across the literature [5], [7].
Zhang et al. [4] used segment-based Equal Error Rate (EER)
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as the primary metric, while Cai et al. [7] adopted Average
Recall (AR) and Average Precision (AP). Although these
metrics are threshold-independent, which simplifies evaluation,
they can be difficult to interpret in the context of real-world
deployment. Current localization models report outstanding
results on in-domain datasets [6], [8]. For example, Cai et
al. [9] achieved a 20-ms segment-based EER of 0.064% on
the ADD 2023 Challenge Track 2 development set [5], and
1.74% on the PartialSpoof evaluation set [4]. However, cross-
domain evaluations reveal a significant drop in performance,
15.2% EER on PartialSpoof and 45.34% on ADD, indicating
that the models struggle to generalize beyond their training
domain [10]. These results raise concerns about whether these
systems are sufficiently robust and reliable for real-world use.

To create a shift in research towards more robust models
[11]-[13], we recently released the LlamaPartialSpoof dataset
[6], which contains high-quality fully and partially fake speech
designed for out-of-domain evaluation. In this work, we dis-
cuss the shortcomings of the current evaluation methodology
[14], and propose a simpler framing that better assesses system
robustness that helps bridge the gap between research and
deployment. The contributions of this paper are as follows: (1)
Metric Redefinition: We argue that the metrics used in recent
research are problematic and can be misleading, particularly
on out-of-domain data. To address this, we propose reframing
the localization task as a standard anomaly detection problem
and advocate the use of conventional metrics such as accuracy,
precision, recall, and F1; (2) Generalization Limitations of SSL
Models: We show that current self-supervised learning (SSL)-
based models fail to generalize to out-of-domain data. These
models struggle not only to detect novel synthetic speech but
also to misclassify out-of-domain bona fide audio; (3) Impact
of Training Data: Finally, we show that increasing the volume
of training data does not necessarily improve performance and,
in some cases, may even degrade it.

II. PARTIALLY FAKE SPEECH LOCALIZATION

A. Problem Definition

Given an input audio of N frames, each of duration d
seconds, the task of partially fake localization aims to produce
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TABLE I: Partially Fake Speech Datasets for In-Domain and
Out-of-Domain Training and Evaluation

Dataset Language Number of Utterance.
Bonafide  Full Fake  Partial Fake
PartialSpoof English
- train 2580 0 22,800
- dev 2548 0 22,296
- eval 7,355 0 63,882
LlamaPartialSpoof | English 10,573 33,461 32,194
- (subset) train 2,391 13,991 13,498
- (subset) test 8,182 19,470 18,696
Half-Truth Chinese
- test 0 0 9072

an output sequence ¥ = {§1, 7o, ..., yn} that best matches
the ground truth labels Y = {y1,y2,...,yn}. Each frame
label can be either O, denoting a bona fide segment, or 1,
denoting a fake segment. Note that this labeling scheme is the
inverse of that used in several previous studies [4], [8]. We
adopt this formulation to better align the task with standard
practices in anomaly detection [15] and to reduce the risk of
misinterpreting the evaluation results. In this work, we label
segments that contain any amount of fake audio as fake, instead
of requiring a majority.

B. Datasets and Generalization

Compared to audio deepfake detection, the task of localizing
small fake segments within longer utterances is less explored,
partly due to the scarcity of publicly available datasets. This is
largely because creating such datasets requires greater exper-
tise. We trained our systems on the train set of PartialSpoof [4]
and used its eval set for in-domain evaluation. The main focus
of this work is to investigate whether localization systems can
generalize to unseen scenarios, which is a key indicator of
their readiness for real-world deployment. To assess out-of-
domain generalization, we additionally evaluated our models
on two additional datasets: LlamaPartialSpoof [6] and Half-
Truth [16]. Table I shows the number of utterances included in
each dataset. Notably, the LlamaPartialSpoof dataset contains
bona fide samples, as well as both fully fake and partially
fake utterances, whereas the test set of the Half-Truth dataset
includes only partially fake utterances.

C. Fake Speech Localization Models

In this paper, we use two SSL-based fake speech local-
ization systems to examine various aspects of evaluating and
improving robustness in out-of-domain scenarios. Specifically,
we utilize the Multi-resolution Model (MRM)!, introduced
alongside the PartialSpoof dataset [4], and the Coarse-to-
Fine Proposal Refinement Framework (CFPRF)? [8]. MRM
processes input at multiple temporal resolutions, ranging from
20 ms to 640 ms, using a hierarchical architecture that enables
the model to learn temporal patterns at varying scales. CFPRF
employs a two-stage architecture: a 20-ms Frame-level Detec-
tion Network (FDN) first identifies coarse candidate regions
based on inconsistency cues between real and fake frames,

Thttps://github.com/hieuthi/MultiResoModel- Simple
Zhttps://github.com/ItzJuny/CFPRF

TABLE II: Evaluation results of the CFPRF model using gen-
uine and fake scores calculated on the PartialSpoof evaluation
set at the 20-ms resolution.

Threshold at EER

Score EER Acc. Pre. Rec. F1
genuine score (reported) 7.41 | 9258 9523 9259 93.89
1 — genuine score (ours) 7.61 92.39  88.77 9239  90.54

followed by a Proposal Refinement Network (PRN) that fine-
tunes boundary predictions. CFPRF has reported state-of-the-
art results on in-domain localization tasks. These models were
trained using the default setting of their respectable setups.

D. Evaluation Metrics

Current approaches to deepfake audio detection typically
follow the anti-spoofing evaluation methodology, relying on
metrics such as EER or tandem Detection Cost Function (t-
DCF) [17] to quickly assess model performance. However,
these metrics postpone the selection of a decision threshold and
reduce the interpretability of results, making it more difficult
to evaluate system performance in practical scenarios. While
closely related, fake speech detection is a broader and simpler
task compared to speaker verification spoofing, as it does not
necessarily involve the imitation of a specific target speaker. In
the case of partially fake speech, the problem can be naturally
framed as a sequential anomaly detection task. This allows for
the use of straightforward and interpretable metrics such as
accuracy, precision, recall, and F1-score.

Table II shows the evaluation results of the CFPRF model
released by the authors [8]. The first row reports results
based on the model’s output score (interpreted as a genuine
score), while the second row uses 1 — score (interpreted as
a fake score). In these two scenarios, the meaning of EER
and accuracy remains the same, while precision, recall, and
F1 differ depending on which class is defined as the positive
class. This accounts for the significant differences observed
in the precision results, beyond small mismatches that may
arise from differences in segment labeling. This highlights
how the current evaluation framing can misrepresent model
performance and lead to confusion. For example, readers might
expect the fake speech localization system to achieve 95.23%
precision, when its actual precision is only 88.77%.

Zhang et al. [18] advocated for the use of Range-based
EER, which is essentially a segment-based EER computed
over very short segments. This metric enables finer-grained and
fairer comparisons between different setups. However, in this
work, we focus on the robustness of the model rather than its
finer-grained precision, and therefore leave such evaluations for
future work. Throughout the rest of this paper, all evaluation
results are calculated with the fake segment defined as the
positive class, in alignment with standard anomaly detection
practices. To support standardized evaluation, we have open-
sourced our library of partial spoofing metrics.

3https://github.com/hieuthi/partialspoof-metrics
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TABLE III: EERs at different resolutions.

(a) PartialSpoof (in-domain)

Model Evaluation resolution (s)

0.02 0.04 0.08 0.16 032 064 Ut
MRM 13.72 1446 1529 11.60 9.63 7.24 148
CFPRF 7.61 7.36 6.84 6.04 524 480 1.72
reCFPRF 9.84 9.47 8.73 742 589 488 1.65

(b) LlamaPartialSpoof (out-of-domain)

Evaluation resolution (s)
Model 002 004 008 016 032 064 Ut
MRM 46.29 4593  45.13 4343  40.79 37.04 24.50
CFPRF 4325 4285 42,15 4095 3895 36.04 31.50
reCFPRF | 41.72 41.37 40.77 39.77 37.78 34.10 24381

(c) Half-Truth (out-of-domain)

Evaluation resolution (s)
Model 002 004 008 016 032 064 Ut
MRM 46.48 4629 4550 4339 41.83 4293 -
CFPRF 27.59 2798 2841 2921 31.03 33.31 -
reCFPRF | 1498 14.86 14.65 14.62 1497 16.18 -

III. EXPERIMENTS
A. Detecting fake segment at different resolutions

In the first experiment, we explored the trade-off between
precisely localizing fake segments and simply detecting their
presence. In other words, we evaluated the performance across
different segment durations. Detecting shorter segments is
more challenging and requires a more precise system; however,
in real-world applications, such precision may be less valuable
than overall robustness. We selected the MRM model for
our experiments because it produces predictions at multiple
resolutions. Although the CFPRF model achieved a lower EER
at 20-ms resolution [8], it does not natively output scores for
longer segments. To obtain scores at coarser resolutions, we
downsampled the CFPRF score sequence by a factor of n and
aggregated adjacent segments using the maximum value, a
simple heuristic that has been shown to be effective [18].

Table III shows the segment-based EER at various resolu-
tions on several in-domain and out-of-domain evaluation sets.
It includes the MRM model, the original CFPRF model pro-
vided by the authors, and our reproduced version (reCFPRF),
all trained on the training set of the PartialSpoof dataset. As
expected, performance generally improves with larger segment
sizes, suggesting that increasing segment length is a valid
trade-off for enhancing robustness. Interestingly, our repro-
duced model, reCFPRF, achieved higher EER on in-domain
data but lower EER on both out-of-domain sets* compared to
the original CFPRF. This suggests that the original model may
have been overfitted to its training data.

B. Threshold, Recall, Precision, and F1

The problem with using EER to evaluate performance across
multiple datasets is that each result corresponds to different
decision thresholds. In other words, models that achieve strong
EER scores across different evaluation sets may still perform
poorly in deployment which requires a single threshold. Since

4Half-Truth does not have utterance-based EER since its test set does not
contains bona fide samples

TABLE 1IV: Evaluation results at different resolutions at a
specific threshold and recall values.

(a) PartialSpoof (in-domain)

Model Reso. Threshold=0.5000 Recall=95%

Pre. Rec. F1 Pre. Thres. F1
0.02s | 96.73 70.28 81.41 | 53.95 0.0048  68.86
0.04s | 9721 7136 82.30 | 51.65 0.0024  66.97
0.08s | 97.25 7457 84.41 | 46.15 -0.0232 62.13

MRM 0.16 s | 97.57 79.05 87.34 | 62.55 0.0000  75.55
032s | 98.06 84.09 90.54 | 80.53 0.0116  87.19
0.64s | 98.74 89.23 9375 | 90.85 0.0172  92.89
Utt. 99.19  99.52  99.35 | 99.96 09264 9743
0.02s | 9493 8690 90.74 | 81.35 0.0212  87.65
0.04s | 9507 87.76 91.27 | 83.66 0.0304 88.97
0.08s | 9529 89.37 9224 | 8744 0.0556  91.07

CFPRF 0.16s | 9575 91.76 93.71 | 92.30 0.1536  93.63
0.32s | 96.58 9429 9542 | 96.14 04148  95.57
0.64s | 9778 9633 97.05 | 98.18 0.6396  96.57
Utt. 99.45 99.42  99.44 | 99.89 0.9488  97.40
0.02s | 9643 81.60 8840 | 64.28 -0.0192 76.69
0.04s | 96.51 82.80 89.13 | 67.82 -0.0120 79.15
0.08s | 96.60 8492 90.38 | 74.53 0.0004  83.53

reCFPRF  0.16 s | 96.86 88.05 92.24 | 85.84 0.0396  90.19
0.32s | 9738 91.60 94.40 | 94.69 0.2340  94.85
0.64s | 9824 9471 96.45 | 98.16 04752  96.55
Utt. 99.58  99.17  99.37 | 99.89 0.8160  97.39
(b) LlamaPartialSpoof (out-of-domain)
Threshold=0.5000 Recall=90%

Model Reso. Pre. Rec. F1 Pre. Thres. F1
002s | 71.76 4442 54.87 | 67.98 0.0072  77.66
0.04s | 7271 4352 5445 | 68.46 0.0040  77.89
0.08s | 7431 4484 5593 | 69.46 -0.0132 78.49

MRM 0.16 s | 76.98 4824 5931 | 7148 -0.0012 79.88
0.32s | 80.54 5423 64.82 | 74.14 0.0048  81.34
0.64s | 8428 6420 72.88 | 78.12 0.0116  83.70
Utt. 88.35 9824 93.03 | 92.01 0.8652  91.00
0.02s | 7247 6854 7045 | 69.68 0.0092  78.59
0.04s | 7292 69.64 71.24 | 70.17 0.0144  78.86
0.08s | 73.69 71.58 72.62 | 71.03 0.0204  79.45

CFPRF 0.16 s | 7495 7477 7486 | 72.50 0.0304  80.31
032s | 76.81 7949 78.13 | 74.82 0.0544  81.71
0.64s | 7944 8549 8235 | 78.28 0.1896  83.73
Utt. 86.30 99.65 92.50 | 89.92 0.9852  90.00
0.02s | 7575 50.68 60.73 | 69.63 -0.0348  78.56
0.04s | 7633 5231 62.08 | 70.14 -0.0288 78.86
0.08s | 7730 55.00 6427 | 71.06 -0.0216 79.44

reCFPRF  0.16s | 78.68 59.51 67.77 | 72.66 -0.0124 80.41
032s | 8045 66.56 72.85 | 75.25 0.0012  81.99
0.64s | 8259 7592 79.11 | 78.93 0.0404  84.11
Utt. 86.51 98.67 92.19 | 91.08 0.9464  90.54

(c) Half-Truth (out-of-domain)
Threshold=0.5000 Recall=90%

Model Reso. Pre. Rec. F1 Pre. Thres. F1
0.02s | 18.73 96.67 31.38 | 19.38 0.9664 31.90
0.04s | 19.22 96.14  32.04 | 19.79 09440 32.44
0.08 s | 19.96 96.40 33.07 | 20.62 0.9644 33.56

MRM 0.16 s | 21.52 97.28 3524 | 2242 09604 3591
032s | 24.56 98.68 39.33 | 25.69 0.9720 39.98
0.64s | 29.83 99.76 4593 | 31.04 0.9656 46.17
0.02's | 24.55 99.28  39.36 | 32.51 0.9444 4778
0.04s | 24.83 99.40 39.74 | 3327 09536 48.60
0.08 s | 2528 99.57 4032 | 34.58 0.9648 49.96

CFPRF 0.16 s | 2641 99.72  41.76 | 3648 0.9756 5193
032s | 28.83 99.92 4475 | 39.54 09852 54.98
0.64s | 33.33  100.00 50.00 | 44.23 0.9928 59.40
0.02s | 3527 9557 51.52 | 4887 09784 63.34
0.04 s | 35.37 95.89 51.68 | 5042 1.0012 64.63
0.08 s | 35.59 96.52 52.00 | 5298 1.0296 66.70

reCFPRF  0.16 s | 36.48 97.52  53.10 | 56.23 1.0536 69.23
0.32s | 38.36 98.67 5525 | 60.81 1.0744 72.58
0.64 s | 41.54 99.32  58.58 | 6543 1.0904 7582

all of our models output score value approximately between 0
and 1 (uncapped, as logits were used), we can use a neutral
threshold of 0.5 for evaluation. Table III reports the Precision,
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TABLE V: Effects of waveform augmentation on generaliza-
tion ability of the localization model at the 20-ms resolution

(a) PartialSpoof (in-domain)
Threshold at EER

Model EER

Thres. Acc. Pre. Rec. F1
MRM 13.72 | 0.0124 86.24 80.20 86.46 83.21
MRM-+rb 15.27 | 0.0924 84.73 78.34 8470 81.40
MRM-+ms 12.86 | 0.0084 87.11 81.39 87.26 84.22
CFPRF (*) 7.61 | 0.0880 92.39 88.77 92.39 90.54
reCFPRF 9.84 | 0.0504 90.15 85.62 90.16 87.83
reCFPRF+rb 952 | 0.1892 9048 86.09 90.48 88.23
reCFPRF+ms | 11.92 | 0.0800 88.07 82.76 88.11 85.35

(b) LlamaPartialSpoof (out-of-domain)
Threshold at EER

Model EER Thres. Acc. Pre. Rec. F1
MRM 46.29 | 0.0548 5371 7136 5371 61.29
MRM-+1b 47.88 | 0.0764 52.12 70.04 52.11 59.76
MRM-+ms 44.70 | 0.0196 5533 72.64 5540 62.86
CFPRF (*) 4325 | 0.8828 56.75 73.81 56.76 64.17
reCFPRF 41.72 | 0.2444 5828 75.00 58.28 65.59
reCFPRF+rb 4259 | 0.0844 5641 73.55 5639 63.84
reCFPRF+ms | 42.23 | 0.1052 57.77 74.60 57.78 65.12

(c) Half-Truth (out-of-domain)
Threshold at EER

Model EER

Thres. Acc. Pre. Rec. F1
MRM 46.48 | 09908 53.44 20.65 53.64 29.82
MRM-+1b 3840 | 09728 61.57 26.61 61.65 37.17
MRM-+ms 38.51 | 09956 6232 26.79 60.19 37.07
CFPRF (*) 27.59 | 0.9704 7234 37.19 7252 49.16
reCFPRF 1498 | 1.0420 8497 56.10 85.12 67.63
reCFPRF+rb 13.44 | 09128 86.56 59.29 86.55 70.37
reCFPRF+ms | 12.00 | 0.8280 88.01 6242 87.99 73.03

(*) Since it is a training from scratch experiments, the pretrained CFPRF did
not include waveform augmentation results.

Recall, and F1 of the baseline models at different resolutions.
Interestingly, while the PartialSpoof and LlamaPartialSpoof
datasets exhibit higher precision than recall, the Half-Truth
test set shows the opposite trend.

Moreover, since deepfake detection typically operates under
the assumption that a false alarm is far less costly than a missed
detection [19], we evaluate models at a high recall level, 95%
for in-domain and 90% for out-of-domain data, and compare
their precision at these points. For PartialSpoof evaluated
at 20-ms resolution and a 95% recall level, MRM achieves
53.95% precision, while CFPRF and reCFPRF reach 81.35%
and 64.28%, respectively. However, on LlamaPartialSpoof at
90% recall, the differences in precision among the models
are smaller. On the Half-Truth dataset, reCFPRF performs
better than CFPRF under the same recall condition. It is
also important to note that the thresholds required to achieve
a specific recall value vary across datasets. In real-world
applications, one may use a neutral threshold (e.g., 0.5) or
select a threshold based on a specific dataset. However, in the
latter case, an optimal threshold for in-domain evaluation may
not generalize well to out-of-domain scenarios, and vice versa.
We will discuss this issue further in the next section.

C. EER Threshold and Effect of Waveform Augmentation

Since both tested models take raw waveforms as input, we
investigated whether waveform augmentation methods effec-
tive in detection tasks can also benefit localization systems.

TABLE VI: Evaluation results of the models tuned on Llama-
PartialSpoof train subset. Gray cells indicate results that is
better than the original checkpoints, while bold values indicates
the best within the same system type.

(a) EER

PS LPS (test) HAD
Model eval both full  partial test
MRM 13.72 | 4454 | 4098  32.76 | 46.48
+lps-train-bonafide | 17.04 | 48.40 | 48.25 3434 | 30.73
+lps-train-full 822 | 46.55 | 4349  46.10 | 54.13
+lps-train-partial 9.30 | 11.39 | 10.70 9.75 9.62
+lps-train-all 9.03 8.20 6.04 10.31 7.55
CFPRF 7.61 | 41.47 | 3622 3501 | 27.59
+lps-train-bonafide | 12.14 | 47.29 | 45.98 35.77 9.53
+lps-train-full 7.83 | 42.66 | 41.01 47.40 | 44.77
+lps-train-partial 8.11 7.62 7.19 6.66 4.74
+lps-train-all 7.62 5.96 2.89 8.72 3.52

(b) Accuracy (Threshold=0.5)

PS LPS (test) HAD
Model eval both full  partial test
MRM 87.34 | 52.04 | 47.73 66.98 | 22.02
+lps-train-bonafide | 83.96 | 38.69 | 31.07 6545 | 51.52
+lps-train-full 92.34 | 65.06 | 71.25 38.96 | 18.46
+lps-train-partial 90.36 | 89.17 | 89.27  89.12 | 74.39
+lps-train-all 90.45 | 92.37 | 94.62 88.99 | 84.49
CFPRF 93.00 | 61.19 | 6286  61.27 | 43.59
+lps-train-bonafide | 90.29 | 41.26 | 34.63 66.00 | 90.69
+lps-train-full 93.03 | 6498 | 71.09 38.68 | 18.60
+lps-train-partial 93.33 | 92.85 | 9320  92.07 | 9221
+lps-train-all 93.59 | 9343 | 9513  88.71 | 94.86

Specifically, we applied the third algorithm of RawBoost
[20] and the band-shaped MaskedSpec [21] as augmentation
methods, as these were reported by the authors to be the most
effective in their respective works. Table V presents the EER
and other evaluation results, calculated at the EER threshold,
for models trained with additional waveform augmentation.
Interestingly, MaskedSpec (+ms) enhances the performance of
the MRM model across both in-domain and out-of-domain sce-
narios, while RawBoost (+rb) shows inconsistent effectiveness.
For CFPREF, the effects of augmentation are inconsistent across
datasets. Overall, we conclude that while waveform augmen-
tation can enhance in-domain performance, its effectiveness in
out-of-domain settings is not guaranteed.

Figure 1 shows the score distributions of the three baseline
models along with their EER thresholds. Among them, CFPRF
stands out, as the large gap between its in-domain and out-of-
domain EER thresholds suggests that it is highly overfitted to
in-domain data. In practice, using the in-domain EER threshold
in a production setting may result in suboptimal performance
in real-world scenarios. Moreover, we observe that all models
misclassified both unseen bona fide and synthetic samples.
These findings highlight a key limitation of machine learning-
based approaches to fake speech detection: their strong depen-
dence on the quality and diversity of the training data.

D. Tuning with emerging data

Previous sections have shown that current SSL-based local-
ization methods perform well on in-domain data but generalize
poorly to out-of-domain scenarios. While it is often assumed
that training on large-scale and diverse datasets can resolve
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Fig. 1: Distributions of 20-ms segment score produced by the detections models. Blues are bona fide segments while oranges are
fakes. Higher scores mean they are more likely to be fake. Upper row is PartialSpoof (in-domain), middle row is LlamaPartialSpoof
(out-of-domain) and lower row is Half-Truth (out-of-domain). Vertical lines indicate either 0.5 threshold or EER threshold.

generalization issues, we test this hypothesis by simulating
a scenario in which new data becomes available for tuning.
Specifically, we selected approximately 20 speakers from the
LlamaPartialSpoof (LPS) dataset as the new train subset for
fine-tuning, with the remaining speakers used as the new test
set, as shown in Table I. Starting from the checkpoints of the
two baseline systems trained on PartialSpoof (PS), we fine-
tuned the models using a combination of the PS train data and
either part or all of the LPS train subset.

Table VI presents the EER and the accuracy of the baseline
and fine-tuned models on the PS eval set, the new LPS test
subset (including separate evaluations on fully and partially
fake utterances), and the Half-Truth Audio Deepfake (HAD)
test set. Interestingly, adding bona fide or fully synthetic
utterances to the training data often worsens performance
across most metrics, contradicting the common belief. It is
worth noting that adding bona fide utterances does improve
the performance on the HAD test set, while adding fully
synthetic utterances improves the performance of the MRM
model on the PS eval set, even though they are largely
unrelated. More importantly, adding partial spoof utterances
from the LPS train set leads to significant improvements across
most test conditions, suggesting that these models learn to
distinguish between real and fake segments based on temporal
inconsistencies within a single utterance. As expected, models
fine-tuned with all three types of samples produce the most
consistent results overall. This suggests that simply increasing
the amount of training data does not guarantee improved
performance. A thoughtful data creation and selection strategy

may be necessary to develop reliable localization systems.

IV. CONCLUSIONS

In this work, we revisited the evaluation setup for partially
fake speech localization and identified key gaps between aca-
demic benchmarks and real-world deployment, both in terms of
metrics and dataset diversity. We argued that metrics like EER,
while useful for benchmarking, are insufficient for interpreting
real-world system behavior. To address this, we reframe the
localization task as a sequential anomaly detection problem
and advocated for the use of more interpretable, threshold-
dependent metrics. We further showed that current SSL-based
models, despite strong in-domain performance, generalize
poorly to out-of-domain data. These models not only fail to
detect novel synthetic samples but also misclassify unfamiliar
bona fide audio, highlighting their reliance on domain-specific
patterns. For future work, we recommend always including
an out-of-domain evaluation set, such as LlamaPartialSpoof,
and focusing on areas such as domain adaptation [22], [23]
and generalizable training methods [13], [24]. Such a shift is
critical for advancing the field toward robust solutions that
withstand increasingly sophisticated synthetic speech [25] and
adversarial attacks [26] in real-world conditions.
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