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Abstract

Deep Neural Networks (DNN) often exhibit overconfi-
dence, leading to poor confidence calibration in Automatic
Speech Recognition (ASR) models. State-Of-The-Art (SOTA)
approaches to estimate confidence are based on statistical mea-
sures or auxiliary models trained in supervised way using binary
target scores, which however, fail to capture the degree of errors
in substituted outputs. Continuous target score uses temporal
alignment between predictions and ground truth, but are prone
to inaccurate temporal alignment. To address these limitations,
we propose a novel target score, True Class Lexical Similarity
(TruCLeS), to train the auxiliary Confidence Estimation Model
(CEM). TruCLeS is based on true class probability and lexi-
cal similarity between the prediction and ground truth. Experi-
ments with CTC and RNN-Transducer based ASR models sup-
port its superiority against SOTA approaches. The codes are
available at https://github.com/madhavlab/2025_
trucles_interspeech.

Index Terms: confidence estimation, automatic speech recog-
nition, uncertainty

1. Introduction

Confidence estimation of predictions from Automatic Speech
Recognition (ASR) model enhances their trustworthiness and
supports informed decision-making in various applications such
as semi-supervised learning [1], speaker adaptation [2], active
learning [3], and speech translation [4]. It plays a pivotal role
in sensitive domains like Alzheimer’s disease and depression
detection, where unreliable predictions can lead to serious con-
sequences [5]. Applications of speech recognizers typically re-
quire word-level confidence scores [6], as word units serve as a
fundamental basis for various downstream tasks such as speech
translation, keyword spotting, and spoken term detection.

Neural networks generate predictions based on the highest
class probability scores, which are interpreted as confidence es-
timates for output tokens, as proposed in [7] [8] [9]. However,
this approach is constrained by the poor calibration of the ASR
model [10]. To prevent the accumulation of probability mass
toward the best hypothesis, techniques such as scaling the class-
probability distribution and applying statistical transformations
like normalization and entropy are used to mitigate overconfi-
dent bias, as discussed in [11] [6]. However, these transforma-
tions may retain the underlying skewed bias, resulting in poorly
calibrated outputs.

Several studies leverage auxiliary neural networks trained
with target confidence scores for confidence estimation. [12]
extracts various features, including Language Model (LM)
scores, attention embeddings, Connectionist Temporal Classifi-
cation (CTC) scores, and class probability distributions, to train

an auxiliary Confidence Estimation Model (CEM). Similarly,
[13] utilizes acoustic and LM features to train an RNN-based
CEM. In [14], hypothesis embeddings from the ASR decoder
layer and acoustic embeddings from the encoder layer serve as
inputs to train the CEM model. Other approaches, such as those
in [15], [16], and [17], extract features like attention scores,
input embeddings, class probability scores, top-k probability
scores, and LM features to train CEM models. [15] employs
a fully connected CEM, while [16] introduces residual-energy-
based models, and [17] integrates LM features with the meth-
ods proposed in [15] and [16]. Similarly, [18] trains an auxiliary
model for the RNN-Transducer (RNN-T) ASR system, utilizing
intermediate representations from the model as input. All these
approaches utilize the Levenshtein alignment method to deter-
mine whether a predicted word is correct or incorrect. Correct
words are assigned a confidence target score of *1°, while incor-
rect words receive a score of *0’. The auxiliary CEM models are
trained using these binary target scores. However, binary tar-
get scores fail to capture the degree of correctness of predicted
words. In our previous work [19], we train an auxiliary model
using intermediate outputs from the ASR model using a contin-
uous target score called the Temporal Lexeme Similarity Score
(TeLeS). TeLeS combines temporal similarity between words in
the ground truth and hypothesis with lexical similarity between
corresponding words. The word start and end timestamps, in
both ground truth and hypothesis, are estimated using a forced
alignment approach, which entails a computational overhead.
Also, the errors in timestamp estimation would lead to errors in
the target confidence values.

This work is motivated by the need for confidence estima-
tion in ASR models, the overconfident bias in class-probability
distributions, the limitations of binary target scores in represent-
ing correctness levels, and the potential deviation of continuous
confidence scores due to timestamp approximation errors. We
introduce a novel target score for training auxiliary CEM mod-
els, termed True Class Lexical Similarity Score, abbreviated as
“TruCLeS”. TruCLeS leverages true class probabilities to com-
pute confidence scores because they quantify the measure of
model uncertainty, better reflect the likelihood of correct pre-
dictions, and mitigate overconfidence by incorporating lexical
similarity. We evaluate our approach on both CTC and RNN-
T models. We benchmark our method against State-of-the-Art
(SOTA) CEM approaches for both CTC and RNN-T architec-
tures to demonstrate its effectiveness.

The rest of the paper is organized as — Section 2 presents the
problem formulation, introduces the TruCLeS score, and out-
lines the learning method for the TruCLeS-based CEM applied
to CTC and RNN-T models. Section 3 details the experimen-
tal setup and discusses the observed results. The final section
concludes the paper and offers directions for future research.
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2. The Proposed TruCLeS Method
2.1. Problem Formulation

The speech dataset D comprises speech-transcript pairs
{(Xi,2;)}, where X; is the mel-spectrogram of a speech au-
dio file and z; is the corresponding actual transcription. Let
X; = [x1,X2,...,x7], where each x; € RP denotes the
D-dimensional mel-spectrogram magnitude of the time frame
t e {1,..,T}. Letz [21, 22, ..., zu] be the sequence of
labels. Here, z,, € L, with £ being the set of tokens (which can
be phonemes, characters, word-pieces or byte-pair encoding).
The sequence z can also be grouped into a sequence of words,
w = [wi, W2, ..., Wy ..., wn], which can be denoted as w,.
E.g. [wi, w2, ..., wn] = [[z1, 22], [23, 24, 25], ..., [20]].

An ASR model Fg is trained using D’ C D to predict the
speech transcription,

z = Fo(X) ey
where, 2 = [21,22,...,2y/] is the sequence of predicted
tokens. Z can be grouped to sequence of words, W =

[y, W2, . . ., wyr], which can also be denoted as w,,.

Thereafter, an auxiliary neural network g is trained to es-
timate confidence ¢,/ € [0, 1] of word w,,; € W. Kg uses sig-
moid non-linearity in the output and is trained in a supervised
way using TruCLeS target scores. We describe the TruCLeS
target score in section 2.2 and Kq training approach in section
2.3 and 2.4 for CTC and RNN-T ASR models respectively.

2.2. TruCLeS score computation

First a word-level alignment is obtained using Levenshtein
Alignment function to map the predicted word sequence W to
the reference word sequence w. Let us denote the alignment
as g,; the index n’ matches the index of W by omitting the
deletions (i.e., words not predicted). g, tells if the aligned n is
correct (C) or substitution (S); g,» = 0 for insertion.

Then, we repeat this process of Levenshtein alignment at
the token level mapping w,, to the reference w, where n is
obtained from g,/. This token level alignment id denoted by
Ky, where j' indexes the tokens of 0, and ignores deletions.
Again, k- tells if the aligned j is correct (C) or substitution
(S); kys 5o = 0O for insertion. Now, we define a token-level score

if kn/j’ S {C, S}

nn/j/ as
Pnj
0  ifkyy=1I

where, p,; is true class probability of token, i.e, class proba-
bility of the jth token (obtained from the ASR model), that is
aligned with ;' token in word w,,.

Finally, we define the word-level target TruCLeS score, ¢,/
for output words w,,/ as

Ej/ nn’j’
Cpt = Zj/l
0

where, §(w,/,wy) is the lexical similarity between 1, and
wny, which could be either jaccard similarity, levenshtein simi-
larity or any measure.

(@)

N’ =

if g, € {C, S}
ifgn/ =1

X (S(’lf]n/, wn)

3

2.3. Training Ks for CTC-ASR models

We consider a CTC-based [20] ASR model Fo with encoder e
and decoder d. Train K¢ using D’. X is given as input to e,

e(X) = [a1,as,... C)

,ar]
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where, a; is the encoded vector. This is passed to the decoder
which gives a softmax output [s1, ..., s7] and hidden layer out-
putas [hy, ..., hy]. The final output of Fe is the word sequence
[W,,]. Let t,/ be the set of indices ¢ that map to the tokens of
the word w,,» excluding the blank token. Note that ¢ indexes the
output before the de-duplication and blank-removal operation.
The input to the confidence estimation model K4 is con-

catenated vectors ([a,,/, h,, §,/], which are defined as

Ztetn/ a

B = e )
Ztetn/ 1
= Ztetn/ t )
" Ztetn/ 1
_ Zzetn/ St @
Sp/ =
Ztét”/ 1
Thgreafter, Ko is trained with the  pair
([ans, hpr, Spr], €nr), using shrinkage loss [19] as
1 - 2 ¢é
~7 n’ Cp’ —Cpr) €™M
Lopin = | N 2 Er — ) ®)

1+ ek(u—% S lépr—cprl)

Where, \ and v are hyper-parameters to address the data imbal-
ance between correct and incorrect words.

The following example demonstrates the estimated con-
fidence c,,» using TruCLeS, highlighting how the confidence
scores of substituted words correspond to their level of correct-
ness. The reference (ground truth) and the hypothesis (ASR
output) are shown in devanagari and roman scripts, followed by
word-level alignments g,,» and ¢,,/.

REF: I8 gt wTSaTe} S aTe it ST Aqa o ot

/unhonne/ /yahaan/ /samaajavaadee/ /janata/ /paartee/
/raashtreey/ /ka/ /netrtv/ /kiya/ /tha/

I Fgl ST <0 1 g far ot

/unhonne/ /yaha/ /samaajavaadee/ /janata/ /paartee/
/raajistriy/ /ka/ /netrtv/ /kiya/ /tha/

ALIGN: ['C', 'S', 'C', 'C', 'C', 'S', 'Cc', 'C', 'C', 'C']

TruCLeS: [0.95, ©.57, 0.90, ©0.92, 0.88, 0.33, 0.96, 0.91, 0.97, 0.98]

HYP:

2.4. Training Ks for RNN-T ASR models

We consider an RNN-T based [21] ASR model Fg with a tran-
scription network F' and prediction network G. The outputs of
F and G are added and passed through softmax nonlinearity to
obtain token probabilities. The model is trained using D’. X
is given as input to F' to obtain an embedding from the penulti-
mate layer of F' transformed using a linear layer.

F(X)

[ai, ..., ar] 9)

The final predicted tokens are denoted by 2, u = 1,..., U’.

Let t,, be the emission times, i.e., ¢ when the model out-
puts the non-blank token w. Let B, = [a¢, —k, ..., a¢, +k]" be
a feature matrix, where k is the temporal context window. Let
D,, be the embedding from the penultimate layer of prediction
network G transformed using a linear layer. We obtain the at-
tention vectors [18] as

a, = softmax(E,D,) ® E, (10)

where © is elementwise multiplication with broadcasting. Now,
[@y, D] is used as an input to the confidence model K.



Kq is trained to predict token-level confidence using super-
vised training data in the form of {[a., D.],n.}. Here, 1, is
defined in Eq. (2). Shrinkage loss of Eq. (8) is used to train Ko.
To obtain word-level confidence at the time of inference, we av-
erage the model estimated 7),, over the tokens corresponding to
Wnp!.

[é1,...,en]
AVERAGE
RNN-T
—OAE [[ﬁh'f’Z]’""[ﬁU'H
Ke | && . R
> [, e
[z1,...,27] Fo ([21, 22, .. -, [207]]
:[wly"'71i)N']

Figure 1: Block schematic of the proposed approaches

Fig. 1 shows a schematic of the proposed approaches for
both CTC and RNN-T ASR models as a block diagram.

3. Experimental Evaluation
3.1. Datasets

We assess the performance of the proposed TruCLeS based
CEMs for both CTC and RNN-T based ASR models.

We utilize the pre-trained Conformer-CTC ASR NeMo
model from [22], which has been trained on publicly available
Hindi ASR datasets [23]. We train the TruCLeS-CEM using
the KathBath (KB) [24] train dataset and evaluate it on the KB
testsets. We also evaluate the TruCLeS-CEM’s performance on
out-of-domain data, by using the PB Hindi dataset from [25].
The accuracy of this ASR model is given in Table 1.

For RNN-T, we utilize the pretrained Conformer-RNN-T
ASR NeMo model from [26], which has been trained on pub-
licly available English datasets. We could not find any publicly
available RNN-T model for Hindi. We train the CEM using
Librispeech train dataset [27]. We evaluate the performance
of TruCLeS-CEM on both Librispeech test sets and (out-of-
domain) Common Voice English (CVE) dataset [28]. Table 2
presents the ASR model’s performance on these datasets.

3.2. CEM Implementation

For the CTC case, the CEM model architecture has three fully
connected layers, with 512, 256 and 128 number of neurons
across the layers, and a sigmoid layer. Rectified Linear acti-
vation function is used in the network. For the RNN-T case,
we employ a network consisting of two Bi-directional LSTMs,
each with 512 hidden units per direction, taking an input of di-
mension 2560. The Bi-LSTM layers are followed by a fully
connected layer with 1024 units and sigmoid activation func-
tion. We train using learning rate 0.0001 and Adam optimizer
for 100 epochs. We use the Normalized Levenshtein Distance
to compute lexical similarity in the TruCLeS target score. This
measure normalizes the standard Levenshtein distance by the
length of the strings, ensuring that the resulting value falls
within the range [0,1].
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Table 1: Accuracy of CTC-ASR model on KB and PB datasets

Dataset WER CER
KB-dev 12.75%  4.00%
KB-test sets 11.64% 3.63%
PB Hindi 18.89% 8.58%

Table 2: Accuracy of RNN-T-ASR model on Librispeech and
CVE

Dataset WER CER
Libri-test 3.82% 1.58%
CVE-test 9.49% 3.56%

3.3. Baselines

For the CTC-ASR model, we compare the results with five
SOTA approaches. The approach in [7, 8, 9] uses class prob-
abilities as the confidence of the model’s predictions. We com-
pute the confidence of the output word by averaging the class
probabilities of its tokens (excluding the blank tokens). This ap-
proach is denoted by Class Prob. The second approach, denoted
by Entropy, involves non-trainable statistical measure based on
exponentially normalized entropy, as proposed in [6]. The third
and fourth SOTA approaches are Multi-Layer Perceptron-based
CEM (denoted by CEM-MLP) and Transformer-based CEM
(denoted by CEM-Trans), trained by us as described in [29].
The fifth SOTA approach is the TeLeS approach proposed in
[19], which uses a continuous target confidence score for train-
ing the CEM.

For the RNN-T ASR model, we compare our method with
the sub-word-based approach used in [18]. In this approach, the
authors train a CEM model to estimate confidence at the sub-
word level. For each word in the decoded text, the approach
assigns a target score of 1 to its corresponding sub-words if the
word is predicted correctly and O otherwise.

3.4. Evaluation Metrics

We evaluate and compare our approach with SOTA using these
CEM evaluation metrics - Mean Absolute Error (MAE |),
Kullback-Leibler Divergence score (KLD |), Jensen—Shannon
divergence (JSD J), Normalized Cross Entropy (NCE 7), and
Calibration Error (CE |). The difference between the target
confidence, C' and the estimated confidence C' is captured by
MAE € [0,1]. The disparity between the target score and es-
timated score distributions are measured by K LD € [0, o]
and JSD € [0,1]. NCE € [—o0,1] [30, 31] quantifies the
correlation between the correct-incorrect word distribution and
the estimated confidence distribution. Two CE metrics, namely
Expected Calibration Error (ECE) and Maximum Calibration
Error (MCE), ECE € [0,1] and MCE € [0, 1] measure the
gap between the estimated confidence and accuracy of the word
[32].

3.5. Results

CTC ASR case: Tables 3 and 4 present the observed eval-
uation metrics for the baseline and TruCLeS CEMs on the
KB-Test sets and PB hindi set. As observed in the results,
Class-Prob confidence scores [7][8] exhibit poor performance
due to the overconfident nature of neural networks. In con-



Table 3: Evaluation of various CTC-ASR based CEMs on KB-
Test sets

Metrics | Class Entropy| CEM CEM TeLeS TruCLeS
Prob. MLP Trans

MAE | 0.1343 | 0.2056 | 0.1811 | 0.2432'| 0.1078 | 0.0870

KLD | 0.4995 0.3788 0.1810 | 0.2938 [ 0.1498 | 0.1093

JSD | 0.2792 | 0.1458 0.1643 | 0.1370 [ 0.0430 [ 0.0278

NCE 1 - -0.029 0.1534 | 0.0756 | 0.1408 | 0.2971
0.2823

ECE | 0.2703 | 0.2418 0.1916 | 0.2147 | 0.0524 [ 0.0107

MCE | 0.4121 0.3967 0.2072 | 0.2196 | 0.1405 | 0.0937

Table 4: Evaluation of various CTC-ASR based CEMs on PB-
Hindi dataset

Metrics | Class Entropy| CEM CEM TeLeS TruCLeS
Prob. MLP Trans

MAE | 0.1238 | 0.2558 0.2205 | 0.2042 [ 0.0917 | 0.1005

KLD | 0.3925 0.2516 | 0.1768 | 0.2091 | 0.1887 | 0.1627

JSD | 0.2325 | 0.1258 0.2274 | 0.2193 | 0.1001 0.0368

NCE 1 - - 0.1075 | 0.0854 | 0.0913 | 0.1919
0.1902 | 0.0199

ECE | 0.2607 | 0.2113 0.2919 | 0.2683 | 0.1142 [ 0.0475

MCE | 0.3935 | 0.2278 0.2897 | 0.2183 | 0.2279 | 0.1831

trast, Entropy confidence measures perform better than class-
probability-based scores, as they incorporate statistical transfor-
mations. However, since the underlying distribution retains the
overconfidence bias, their performance is not better in compar-
ison to other SOTA approaches. CEM-MLP and CEM-Trans
train the CEM model using binary target scores that indicate
whether a predicted word is correct or incorrect. The auxil-
liary CEM model leads to some improvement in performance
compared to Class Prob and Entropy measures. However, this
approach forces the CEM models to assign a confidence score
of zero even for words with minor errors. Consequently, the
input embeddings of such words remain close to those of cor-
rect words. This leads to poorer performance as compared to
the CEMs using continuous targets. The TeLeS model [19] is
trained with a continuous target score and shows better perfor-
mance than the CEMs trained with binary targets. However, the
temporal alignments needed to compute the target score are sus-
ceptible to inaccuracies, especially in the case of high prediction
uncertainty or hallucination that result in word insertions. The
superior performance of TruCLeS model supports our hypothe-
sis that continuous target score computed directly from the true
class probability and lexical similarity is better than that com-
puted using forced temporal alignments. The performance also
generalizes to out-of-domain data with a little degradation.

The confidence calibration curves in Fig. 2 further illustrate
the superior performance of TruCLeS model as compared to
CEM MLP model.

RNN-T ASR case: Table 5 presents the evaluation results for
[18] and TruCLeS CEM models on the test sets. The TruCLeS
model is better than the baseline across most of the metrics.

Table 5: Evaluation of RNNT-ASR based CEM models on Lib-
rispeech and CVE test sets

Metrics Libri-test CVE-test
[18] TruCLeS| [18] TruCLeS

MAE | 0.0621 0.0954 0.0639 0.1489
KLD | 0.1514 0.0987 0.1631 0.1584
JSD | 0.0319 0.0231 0.0419 0.0392
NCE 1 0.6901 0.2604 0.7011 0.3012
ECE | 0.0961 0.0118 0.0259 0.0191
MCE | 0.3441 0.0525 0.0878 0.0614
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Figure 2: Calibration Curves for CTC-ASR based CEM-MLP
and TruCLeS models on PB Test dataset

The calibration curves are shown in Fig. 3 showing the con-
fidence estimated using the continuous TruCLeS target matches
accuracy better than that using baseline which uses binary tar-
get.

1.0 T 1.0 ;
B Outputs B Outputs
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3 o)
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— —
3 3
0 0.4 0 0.4
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(b) TruCLeS
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(a) [18]

Figure 3: Calibration Curves for RNNT ASR based [18] and
TruCLeS models on Libri-test dataset

4. Conclusion and Future Work

In this paper, we address the limitations of existing confidence
estimation methods for ASR. These limitations include the use
of binary target scores and the dependence on forced tempo-
ral alignments. To overcome these limitations, we introduce
the TruCLeS target score to train an auxiliary CEM. We pro-
pose ways to use TruCLeS with both CTC and RNN-T based
ASR models. Experimental evaluations demonstrate the supe-
rior performance of TruCLeS-based CEM against several SOTA
methods for confidence estimation in ASR.

The proposed approach helps in improving the reliability
of ASR transcriptions by estimating the confidence of each pre-
dicted word. For future work, we aim to extend the system to
identify deleted segments in ASR transcripts (i.e., deletions in
the ASR predictions). Another promising direction is exploring
semi-supervised learning for confidence modeling which will
be helpful in low-resource ASR settings.
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