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Abstract

In this work, we study how to best utilize pre-trained LLMs
for automatic speech recognition. Specifically, we compare
the tight integration of an acoustic model (AM) with the LLM
("speech LLM”) to the traditional way of combining AM and
LLM via shallow fusion. For tight integration, we provide abla-
tions on the effect of different label units, fine-tuning strategies,
LLM sizes and pre-training data, attention interfaces, encoder
downsampling, text prompts, and length normalization. Ad-
ditionally, we investigate joint recognition with a CTC model
to mitigate hallucinations of speech LLMs and present effec-
tive optimizations for this joint recognition. For shallow fusion,
we investigate the effect of fine-tuning the LLM on the tran-
scriptions using different label units, and we compare rescoring
AM hypotheses to single-pass recognition with label-wise or
delayed fusion of AM and LLM scores. We train on Librispeech
and Loquacious and evaluate our models on the HuggingFace
ASR leaderboard.

Index Terms: speech recognition, large language models, shal-
low fusion

1. Introduction & Related Work

Traditionally, speech recognition systems consist of an acous-
tic model (AM) and a separate language model (LM), which al-
lows to utilize large text-only corpora in addition to the typically
smaller speech corpora. Multiple approaches for the combina-
tion of AMs and LMs have been proposed over the years, such
as shallow fusion, deep fusion [1], cold fusion [2], internal lan-
guage model correction [3], and sequence discriminative train-
ing [4]. In recent years, many techniques utilizing large lan-
guage models (LLMs) for automatic speech recognition (ASR)
have been proposed.

Delayed fusion [5] allows for efficient single-pass combi-
nation of AM and LLM scores and aleviates the problem of
label unit mismatch. Transducer-LLaMA [6] is a transducer-
based ASR system which uses a pre-trained LLM as the predic-
tion network. The most common approach, commonly referred
to as speech LLM, is to train an LLM to also accept acous-
tic information from an audio encoder as input. While earlier
works discretized the encoder output and extended the LLM
vocabulary to include audio tokens [7, 8], current approaches
directly use the continuous encoder output. Different inter-
faces between encoder and LLM have been proposed. Most
works [9-14] prepend the encoder output to the LLM input
and use self-attention to attend over the combined sequence.
The self-attention on the prefix part can be causal or bidirec-
tional [15], commonly referred to as causal decoder-only and
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prefix LLM [16], respectively. Here, we refer to both as prefix
LLMs (PLLM), since the term decoder-only might be mislead-
ing given that we use a non-trivial encoder. Prefix LMs can use
interleaved audio-text inputs to enable streaming [17]. [18, 19]
add gated cross-attention layers to the LLM decoder, effec-
tively turning it into an attention-based encoder-decoder (AED)
model. Typically, pre-trained text LLM are fine-tuned to in-
clude multiple modalities. However, more recently, [20, 21]
trained multi-modal LLMs from scratch by including text, au-
dio, image, and video data in the pre-training data.

While most works on speech LLMs investigate a large set
of downstream tasks to effectively utilize the broad range of
capabilities of the LLM, few focus specifically on ASR perfor-
mance [10, 11, 14]. What is largely missing from existing lit-
erature is a consistent comparison between speech LLMs and
classical ASR systems under comparable conditions to allow
for a comparison of the different approaches to utilize LLMs
for ASR, rather than evaluating the differences in training data
exploited. To the best of our knowledge, [13] and [11] are the
only exceptions. [13] compare their model to greedy decoding
of their baseline CTC model but this is not fair due to the miss-
ing label context in CTC. [11] compare their model to their
baseline AED model but do not state whether the training time
is consistent between the two models. In other works, differ-
ent training sets are used to train the baseline ASR model and
the speech LLM. Furthermore, we are not aware of any work
systematically comparing the tight integration of AM and LLM
versus the traditional way of combining AM and LLM via shal-
low fusion. In this work, we pose the question whether using
pre-trained text-based LLMs is beneficial for ASR performance
and, if so, how to best utilize them. Our contributions are as
follows:

* For speech LLMs, we conduct ablations on the effect of dif-
ferent label units, fine-tuning strategies, LLM sizes and pre-
training data, attention interfaces, encoder downsampling,
text prompts, beam sizes, and length normalization.

¢ We investigate joint CTC recognition to mitigate hallucina-
tions of speech LLMs and present novel optimizations for
this joint recognition.

* We compare speech LLMs to baseline ASR systems which
were only trained on the paired ASR data.

* We compare tight integration of encoder and LLM to shallow
fusion of CTC and LLM scores.

To our knowledge, this is the first investigation of such ex-
tent of using LLMs for ASR and the first work to systematically
compare the different approaches to utilize LLMs for ASR un-
der comparable conditions.
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2. Shallow Fusion Baseline

Acoustic Encoder. All our models utilize a Conformer-based
encoder [22]. The input of 10ms log mel features is first pro-
cessed by a convolutional front-end with a subsampling factor
of 6. This sequence is further processed by a Conformer to pro-
duce the encoder output

hT = Encoder(xlT/ ),

where T'= [T"/6] and T" is the length of the input sequence.

Acoustic CTC output. On top of the encoder, we have a
linear projection to the label vocabulary dimension including
blank, and we apply CTC [23] (for training and optionally also
for recognition):

pere(ye | he) = softmax(Linear (he))[yq],

T
pere(@? [ RT) = D> [[werelye | he),

yf eB—1(af) t=1
where B is the CTC collapsing function which removes blanks
and repeated labels.

Language model. We use a standalone Transformer-based
language model

S
pa(a?) = [ [ pom(as | a5™")
s=1

where ag denotes the BOS token and as denotes the EOS token.
We use the perplexity metric to evaluate our language models:

s
1 _
PPL(pim, af ) = exp (—S Z:logp]_M(aS | ag 1)) .
s=1

2.1. Training

We train the acoustic model using the CTC loss [23]
Lete = —logpere(ay | hY).

The language model is trained separately using the standard
cross-entropy loss on the text data

LLM = — logpLM(als).

We optionally use a pre-trained LLM as starting point and fine-
tune it on the transcription data.

2.2. Recognition

We use time-synchronous beam search [24] for recognition. In
case of a vocabulary mismatch between the acoustic model and
the language model, we use time-synchronous beam search with
delayed fusion [5].

3. Integrated Models

Encoder and CTC output. We use the same encoder and
CTC output as in the shallow fusion baseline.

Adapter. The adapter can optionally further downsample the
encoder output, and then optionally performs a linear transfor-
mation to match the decoder input dimension. The downsam-
pling is applied directly to the encoder output A7 . In the sim-
ple case, we concatenate consecutive frames [25], which is the

same as applying a 1D convolution with kernel size and stride
equal to the downsampling factor. We also use a variant of
CTC compression [26-28] which dynamically compresses the
encoder output by taking the probabilities of the auxiliary CTC
model into account.

¢ = argmax, perc(y | he),

me = (9t = Js—1) (merge mask)
A (pere(@r | he) = 7)
A (pere(Ge—1 | hee1) > 1),
1 ift=1
Tg = < Q1 if myg, t > 2 (1)

iz_1+1 lf"mt,t22

where 7 is a threshold hyperparameter. Then we can compress
the encoder output by pooling over the frames with the same
index ;:

compress(h] ); = mean({h; | it =1i}), i€1,...,ir.

Decoder and attention interface variants. The probability
of the output label sequence af given the encoder output A7 is
defined as

S
poec(a? | hY) = [[ plas [ ag™", BY).

s=1

At each step s, the Transformer-based decoder [29] autoregres-
sively predicts the next label as by attending over the encoder
output h{ . We define ap = BOS, as = EOS as the beginning-
and end-of-sequence token, respectively, where EOS implicitly
models the probability of the sequence length.

We investigate models with different attention interfaces for
connecting the encoder and the decoder. AED models [29-31]
use dedicated cross-attention modules, where the queries are
derived from the decoder and the keys and values are de-
rived from the encoder. Prefix language models (LMs) [12—14]
prepend the encoder output to the decoder input and use self-
attention to attend over the combined sequence, i.e., the queries,
keys, and values are all derived from the combined sequence.
Merged attention models [32] can be seen as a mixture of the
previous two, where the queries are derived from the decoder,
but the keys and values are derived from the combined se-
quence. Compared to prefix LLMs (PLLMs), merged attention
reduces computation since the feed-forward layers only need to
process the text part of the combined sequence, while still al-
lowing to use a pre-trained LLM decoder without changing the
architecture.

3.1. Training

We train our model using the standard label-wise cross-entropy
(CE) criterion

Lpec = — IngDCC(af | h”{)
We also add CTC [23,33] as a loss
Lere = —log pere(af | h),

which is either just an auxiliary loss for training or also used for
joint recognition.

We optionally use a pre-trained acoustic model as starting
point for the encoder parameters, and a pre-trained LLM as
starting point for the decoder parameters.



Table 1: ASR dataset statistics. For transcriptions, we compare
our 10K SPM ASR vocabularies to the 150K BPE vocabulary of
the Qwen models and we report the percentage of unique labels
in each vocabulary that are used in the transcripts.

Dataset # Label # Frames [M] Vocab. | # Segs.
’ units [K] [ Audio [ Transcript | > | usage [%] | [M]
. 150 265 1,765 26
Loquacious 0 1,500 ot 771 100 9.5
oo 150 10 70 19
Librispeech 10 60 0 =0 100 0.3

Table 2: Details of the used LMs and their training data. Com-
paring the pre-trained Qwen models to our own model which is
trained on the ASR transcription data. For training frames (to-
kens), we assume the reported numbers for Qwen account for a
single epoch.

LM Size [B] # La}bcl # Training # Layers Mf)del
units frames dim.
0.5 12T 24 896
Qwen2 1.5 1,536
7.0 150K T 28| 3,584
Qwen3 0.6 36T 1,024
Ours (Loquacious) 271M
Ours (Librispeech) 04 10K 10M 32| 1,024

3.2. Recognition

For recognition, we use label-synchronous beam search on
poec(af | hT) and optionally log-linearly combine with the pre-
fix scores of the CTC output pCTc(af | hT) as in [33].

For the CTC output, we also optionally apply CTC com-
pression using Equation (1) with threshold 7 as

screr (yi | hY) max pere(Ye=ys | he), 1€1,... ir
it =1

t|

T scre (yi | hY)
perer (yi | b)) = e———2 L2
CTC ( | 1) Zy/ Screr (y/ ‘ h’{)

For the CTC output, we also investigate top-k pruning of
the CTC output distribution by taking the top-k labels over the
CTC probabilities after taking the maximum over the time di-
mension:

Smax (y | 1) = max pere (ye=y | ),

TopK( k)cy®{|TopK(...)|=k,
OPI( Smax : >
i, smax(y) 2 y§TopK s (4)

perer (e | i)y € TopK(....)
okl [ ) = {0 otherwise

_ Stopk(yt ‘ ht)
peres (Ye | he) = m
y

Intuitively, this only keeps labels that get a high CTC probabil-
ity in at least one frame.

When not using the CTC output, by default, we use
length normalization by dividing the step-wise log-probability
pDec(af \ h?) by the intermediate sequence length S. This
choice is motivated by our experience with AED models, which
tend to perform worse without length normalization.

4. Experiments

For training, we use Librispeech 960h [34] and the large split
of the Loquacious [35] corpus, which contains 25K hours

Table 3: Details of our baseline ASR and prefix LLM models.
The number of encoder parameters includes the CTC projection
matrix of the auxiliary layers.

Pre-trained [ # Label |

Model # Params [M] |
Decoder | units [K] | Encoder | Adapter [ Decoder[ % |
Baseline AED - 10 a7 - 133 550
367 786
Qwen2 0.5B
Prefix LLM 2 494 11,108
Qwen2 1.5B 150 612 1,544 2,158
Qwen2 7B 7,616 |8,230

of speech data. We apply on-the-fly speed perturbation and
SpecAugment [36]. We show statistics of the datasets in Ta-
ble 1. We use RETURNN [37] with PyTorch [38] backend
for training and recognition and we use ESPnet [39] to calcu-
late the CTC prefix scores for shallow fusion. We will release
all relevant code upon publication.

We train baseline AED, prefix LLM, and merged attention
models from scratch. All baseline models are either trained for
20 epochs on Loquacious or for 100 epochs on Librispeech.
Next, we train speech LLMs by using the baseline AED encoder
together with a pre-trained LLM for the decoder as the starting
point. By default, we use the 0.5B version of Qwen2 [40] as
the pre-trained LLM. For fine-tuning, if not stated otherwise,
we train for 1 epoch on Loquacious and for 10 epochs on Lib-
rispeech. The weights of the adapter are always initialized ran-
domly. For the decoder weights, we experiment with full fine-
tuning and low rank adaptation (LoRA) [41]. By default, we
apply rank-stabilized LoRA [42] adapters with a rank of 320 on
the query and value projection matrices of the LLM attention
blocks, as is done in [13]. We also experiment with a 2-stage
training scheme, where we first only train the newly initialized
weights and then fine-tune the whole model jointly.

All our baseline ASR models use a 16-layer Conformer en-
coder and a 6-layer Transformer decoder with 10K sentence-
piece (SPM) subword label units [43]. When training speech
LLMs, we add two more randomly initialized Conformer lay-
ers on top of our encoder to better adapt to the label units of
the LLM. For all models, we add an auxililary CTC loss on top
of the encoder output which uses the same label units as the
decoder.

For the LLM, we investigate using different sizes of Qwen2
and Qwen3 [44]. Furthermore, we compare using our own lan-
guage model which is trained on the ASR transcriptions in case
of Loquacious and on the external LM data in case of Lib-
rispeech. We compare details of the different LMs in Table 2
and of the different ASR models in Table 3.

To improve the perplexity of the pretrained LLMs on our
tasks, we fine-tune the LLMs on the ASR transcription data and
if available, we also utilize external text data. We train for 2
epochs for all tasks. We apply full fine-tuning for Qwen2 0.5B
and Qwen2 1.5B LLMs and apply LoRA for the Qwen2 7B
LLM to reduce computational costs. Specifically, for Qwen2
7B, we apply rank-stabilized LoRA with rank of 64 and alpha
of 128 to all linear layers except the embedding layer and with
a LoRA dropout of 0.1. We also fine-tune the LLMs using the
ASR SPM vocab where the emebedding layer is intialized based
on the pretrained LLM embeddings as proposed in [6]. For
LR scheduling, we use a warmup phase of 5% of total train-
ing epochs followed by a cosine decay to a minimum learning
rate of le-7. For the full fine-tuning trainings, we use a peak
learning rate of le-5 while for the LoRA trainings, we use a
peak learning rate of Se-6.

The training transcripts for Loquacious and Librispeech are
fully uppercased. We lowercase them to reduce the vocabulary



Table 4: Comparison of pretrained vs. from scratch on Loqua-
cious. The AED model is trained from scratch for 20 epochs,
while the prefix LLM is initialized with the baseline AED en-
coder and the Qwen2 0.5B decoder and fine-tuned for 2 epoch
using LoRA for the decoder.

Pre-trained WER [%]
Model Standalone | Joint CTC
decoder

dev [ test [ dev | test

AED - 5.84| 6.47 |5.40|5.96
Prefix LLM | Qwen2 0.5B | 6.00 | 6.99 | 5.79 | 6.38

Table 5: Effect of different number of epochs when training
prefix LLMs (PLLM). All models are initialized with the base-
line AED encoder and the Qwen2 0.5B decoder. We fine-tune
for either 1 or 2 epochs on Loquacious using LoRA for the de-
coder.

WER [%]
# Epochs PLLM
PLIM 1 L ere

dev [ test | dev [ test

1 6.43]7.0315.99|6.55
2 6.00(6.99]5.79 | 6.38

Table 6: Variants of log-linear combination of CTC with stan-
dalone LM on Loquacious. PPL is computed on the word-
level. The optimal search settings for each combination are
used, which can differ between the different combinations, and
is restricted by GPU memory.

CTC LM dev test
Label unit Name [Label unit PPL[WER PPL[WER
_ - - 1664 - |7.26
150K BPE o 5 0,58 [ 150K BPE| 59 | 5.73 | 60 [ 6.25
- - - 1594 - |6.51
Our LM 10K SPM | 72 | 5.37 | 73 | 5.94

150K BPE| 59 | 529 | 60 | 5.84
TOK SPM | 60 | 5.30 | 60 | 5.82
[S0K BPE| 53 | 5.22 | 53 | 5.78
Qwen2 1.5B 6 SPM 53 1524 153 [5.80
Qwen2 7B | 150K BPE| 45 | 5.18 | 45 | 5.73

Qwen2 0.5B
10K SPM

mismatch between the ASR transcription data and the LLM pre-
training data, which we found to improve performance.

4.1. From Scratch vs. Fine-tuning

We compare the performance of our baseline AED model with
a fine-tuned prefix LLM in Table 4. Even though the prefix
LLM is initialized with the AED encoder, its performance after
2 epochs of fine-tuning is significantly worse (5.79% vs. 5.40%
on dev). This suggests that it is not trivial to leverage the pre-
trained LLM decoder for ASR without longer training.

4.2. Number of Epochs

We compare the effect of fine-tuning for different number of
epochs in Table 5. As expected, fine-tuning for more epochs
leads to better performance (5.99% vs. 5.79% on dev). How-
ever, because of computational constraints, we focused on hav-
ing more ablations with fewer epochs rather than fewer abla-
tions with more epochs.

4.3. Shallow Fusion Recognition

We compare log-linear combination of different CTC models
and separate LMs in Table 6. We see that the best performance

Table 7: Effect of beam size for first-pass time-synchronous
CTC + LM recognition with Qwen2 0.5B as pure LM fine-
tuned with the ASR SPM 10k vocabulary on Loquacious tran-
scriptions. WERs [%] on Loguacious.

[ Beam Size | Dev WER [ Test WER |

1 5.75 6.40
2 5.48 6.05
4 5.36 591
8 5.32 5.87
12 5.31 5.84
16 5.30 5.84
32 5.30 5.83
64 5.30 5.82

Table 8: Effect of different attention interfaces when training
Jrom scratch on Librispeech. All models are trained for 100
epochs and use the same encoder architecture. Results with
time-synchronous joint CTC decoding.

WER [%]
dev- | dev- | test- | test-
clean | other | clean | other

AED 1.87 | 421 | 2.04 | 4.37

Prefix LM 1.96 | 4.28 | 2.11 | 4.46
Merged attention | 2.00 | 4.20 | 2.12 | 4.56

Table 9: Effect of different attention interfaces when fine-
tuning. All models are initialized with the baseline AED en-
coder and the Qwen2 0.5B decoder. We fine-tune for 10 epochs
on Librispeech and for 1 epoch on Loquacious. Results with
label-synchronous joint CTC decoding.

Model

WER [%]

Model Librispeech Loquacious
dev- | dev- | test- | test-

dev | test

clean | other | clean | other

Prefix LLM 222|481 |244|5.15(/599] 6.55
Merged attention | 2.30 | 5.15 | 2.44 | 5.48 || 6.10 | 6.62

is achieved by using the largest LLM, Qwen2 7B, as a pure LM
in combination with CTC. We study the effect of different beam
sizes in Table 7. Already with a beam size of 8, we are close to
the best performance achieved with a beam size of 64.

4.4. Attention Interfaces

We compare training models with different attention interfaces
from scratch in Table 8. We observe similar performance across
different attention interfaces, with the AED model performing
slightly better than the prefix LLM and the merged attention
model.

In Table 9, we compare the WERs of the different attention
interfaces when fine-tuning from the baseline AED encoder and
Qwen2 0.5B. In our initial experiments, we were not able to
successfully fine-tune an AED model with a pre-trained LLM,
which is why we only report results for the prefix LLM and
merged attention models. For Librispeech, the performance of
the prefix LLM is significantly better than the merged attention
model (5.15% vs. 4.81% on dev-other), while for Loquacious,
the prefix LLM performs slightly better (6.10% vs. 5.99% on
dev).

4.5. Tight Integration vs. Shallow Fusion

We compare tight integration of acoustic encoder and language
model in the prefix LLM with shallow fusion of CTC and a stan-



Table 10: Effect of tight integration vs. shallow fusion of
acoustic and language model components. Comparing label-
synchronous beam search of standalone prefix LLM (PLLM)
vs. CTC + LLM shallow fusion. PLLM encoder/ CTC are ini-
tialized with the baseline AED encoder and PLLM decoder/
standalone LLM with the Qwen2 0.5B decoder. We fine-tune
for 2 epochs on Loquacious.

WER [%]
dev T test
Tight (PLLM) |6.00 | 6.99

Shallow Fusion
(CTC + LLM) 5.9316.55

Integration

Table 11: Effect of bidirectional attention on the decoder pre-
fix of prefix LLMs (PLLM). All models are initialized with the
baseline AED encoder and the Qwen2 0.5B decoder. We fine-
tune for 1 epoch on Loquacious using full fine-tuning for the
decoder.

WER [%]
Prefix attention PLLM
PLIM 1 e1e

dev [ test | dev [ test

Causal 6.07 |6.78 |5.7216.27
Bidirectional |6.11|6.64|5.75|6.37

Table 12: Effect of different auxiliary losses for the prefix LLM
on Loquacious dev. All models use bidirectional self-attention
on the prefix. All models are initialized with the baseline AED
encoder. For models with decoder, the decoder is initialized
with Qwen2 0.5B. We fine-tune for 1 epoch on Loquacious using
full fine-tuning for the decoder.

Losses WER [%]
CTC Greedy Prefix LLM
CE CTC
+Enc. | +Dec.
Enc. | Dec. | Enc. | Dec. | Standalone cre | cre
v/ v |6.68]6.43 - - -
Vv 6.59 6.11 5.75

V| vV |/ |674]643 6.72 5.85 | 5.90

dalone LLM in Table 10. We observe that tight integration out-
performs shallow fusion slightly on Loquacious dev (6.00% vs.
5.93%) and significantly on Loquacious test (6.99% vs. 6.55%).

4.6. Effect of Bidirectional Attention in Decoder Prefix

We compare bidirectional to causal self-attention for the de-
coder prefix of PLLMs in Table 11. We observe that using bidi-
rectional attention has a slight benefit for the standalone perfor-
mance on Loquacious test (6.78% vs. 6.64%), while the perfor-
mance with joint CTC decoding is similar.

4.7. Effect of Auxiliary Losses

Similar to using CTC auxiliary losses on the encoder output,
we can also apply a CTC loss on the prefix part of the output of
the decoder. We compare using different combinations of cross-
entropy and CTC losses on the encoder and decoder in Table 12.
We observe that greedy decoding of CTC on the decoder output
performs better than greedy decoding of CTC on the encoder
output (6.74% vs. 6.43%), which is expected since the decoder
effectively adds 24 layers on top of the encoder. However, the
performance of the standalone PLLM and also PLLM+CTC is
worse compared to only using the CTC loss on the encoder out-

Table 13: Effect of different decoder fine-tuning strategies for
prefix LLMs (PLLM). All models are initialized with the base-
line AED encoder and the Qwen2 0.5B decoder. We fine-tune
for 1 epoch on Loquacious.

. WER [%]
Decoder FT #agigalal;] LIy | PLIM
p : +CTC
dev [ test | dev [ test
Full .1 506]6.785.7216.27
LoRA 0.6 6.43]7.03/5.996.55

Table 14: Effect of different training schedules for the prefix
LLM (PLLM). All models are initialized with the baseline AED
encoder and the Qwen2 0.5B decoder. We fine-tune for 1 epoch
on Loquacious using LoRA for the decoder. One-stage refers
to directly fine-tuning all parameters from the start, while two-
stage refers to first training only the newly initialized parame-
ters and then fine-tuning all weights jointly. In both cases, we
use LoRA for the decoder fine-tuning.

WER [%]
Training schedule PLLM
PLIM 1 L ere

dev [ test | dev [ test

One-stage 6.43(7.03|5.99|6.55
Two-stage 6.76 | 7.69|5.75|6.27

Table 15: Effect of joint CTC recognition on substitutions (S),
deletions (D), insertions (1), and total errors (X) for a prefix
LLM. All models are initialized with the baseline AED encoder
and the Qwen2 0.5B decoder. We fine-tune for 1 epoch on Lo-
quacious using LoRA for the decoder:

WER [%]
dev test
S [ D [ I [ ) [ S [ D [ I [ )
3.89(1.16(1.39(6.43 (4.21|1.24|1.58|7.03
v 3.87|1.07|1.06(5994.19|1.16|1.20 | 6.55

Joint CTC
recog.

put.

4.8. Fine-Tuning Settings

We show the effect of different fine-tuning variants for the de-
coder in Table 13. When not using joint CTC recognition, full
fine-tuning of the decoder performs significantly better than us-
ing LoRA (6.43% vs. 5.96% on dev). However, with joint
recognition, the LoORA model performs only slightly worse than
the fully fine-tuned model (5.99% vs. 5.72% WER on dev)
while using only about half of the trainable parameters.

Furthermore, we compare different training schedules in
Table 14. We observe that first training only the newly ini-
tialized weights and then fine-tuning all trainable parameters
jointly has a slight edge compared to directly fine-tuning all pa-
rameters from the start.

4.9. Joint CTC Recognition & Hallucinations

We investigate the effect of joint CTC recognition in detail in
Table 15. With standalone recognition, the main source of er-
rors are insertions. More specifically, we observe heavy oscilla-
tions [45], i.e. cases where most of the model output is correct,
but with the addition of a repeating n-gram. Often a single or
very few sequences account for the majority of the insertions.
Joint CTC recognition removes all such oscillations. Further-
more, we never observe such behavior in standalone recognition



Table 16: Effect of combining multiple prefix LLM scores on
Loquacious dev. By forwarding the label context with and with-
out the encoder output through the decoder, we can use the pre-
Jfix LLM both as an acoustic model and as a language model and
combine the scores. All models are initialized with the baseline
AED encoder and the Qwen2 LLM of the respective size as the
decoder. We fine-tune for 1 epoch on Loquacious using LoRA
for the decoder. Results using label-synchronous beam search
with different combinations of prefix LLM (PLLM), CTC, and
LLM scores.

WER [%]
gine 18] | pLLa | PLLM | LLM | D
z +CTC | +CTC

+LLM

7 570 | 573 | 593 | 541
L5 598 | 5.88 | 590 | 5.64

Table 17: Effect of different label units for prefix LLMs (PLLM)
on Loquacious dev. All models are initialized with the base-
line AED encoder and the Qwen2 0.5B decoder. We fine-tune
for 1 epoch on Loquacious using full fine-tuning for the de-
coder. Comparing greedy CTC, PLLM beam search, and joint
CTC+PLLM decoding.

WER [%]
PLLM
+CTC

150K BPE | 6.87 | 6.01 | 5.77
10K SPM | 599 | 5.79 | 5.51

# Label
units CTC | PLLM

of fully fine-tuned models.

4.10. Combining Multiple Prefix LLM Scores

PLLMs can be used in two separate modes. If we feed the
output of the encoder into the decoder, they act as an acoustic
model. On the other hand, if we don’t feed the encoder out-
put into the decoder, they act as a standalone language model.
Furthermore, we can also use them in a combined way, i.e. by
forwarding the label context with and without the encoder out-
put through the decoder and then combining the scores. We
investigate the effect of using PLLMs in such ways in Ta-
ble 16. Interestingly, for the 7B model, we observe that the stan-
dalone PLLM performs on-par or better than PLLM+CTC and
LLM+CTC combinations, but that combining all three scores
leads to a significant improvement (5.70% vs. 5.41% WER on
dev).

4.11. Effect of Label Units

We compare the effect of using different label units in Table 17.
To initialize the embeddings of the base LLM with the SPM
vocabulary, we use the same method as described in [6]. In-
terestingly, we observe that using a smaller SPM vocabulary of
10K units leads to better performance than using the original
Qwen vocabulary of 150K units (5.77% vs. 5.51%). Especially
the auxiliary CTC model performs much better with the smaller
SPM vocabulary (6.87% vs. 5.99%). We hypothesize that this
is because the encoder was pre-trained using the smaller SPM
vocabulary, and that longer training would be needed to adapt
the encoder to the different Qwen vocabulary.

4.12. Downsampling

We compare CTC compression to static downsampling for the
adapter in Table 18. As expected, memory usage, training time,

Table 18: Effect of different downsampling strategies in the
adapter of prefix LLMs (PLLM) on Loquacious dev. All models
are initialized with the baseline AED encoder and the Qwen2
0.5B decoder. We fine-tune for 1 epoch on Loquacious using
LoRA for the decoder. For CTC compression, we use a thresh-
old of 0.9 and reduce frames using their mean. Memory usage,
RTFs, and WERs [%] on Loquacious dev. Memory usage and
RTF are shown for joint CTC recognition.

. Max. GPU .
Downsampling mem. [GB] Time WER [%]
. Train |Rec. RTF PLLM
Method| Factor |Train|Recog [h] [10-3] PLLM +CTC

89.1| 94 |32.1 8.4 6.18 | 5.99
90.2 | 9.3 |29.7 8.2 6.43 | 5.99
Concat 81.4| 9.3 |28.7 8.4 6.26 | 6.02
frames 5 7931 93 282 8.3 6.48 | 6.03
10 7841 93 283 8.1 7.09 | 6.04
20 77.8 | 9.2 |28.1 8.0 8.67 | 6.11

CTC | Dynamic | ¢\ 71 94 |203| 83 | 623 | 595

comp. |(avg. 3.5)
Table 19: Effect of LLM size for prefix LLMs (PLLM). All mod-
els are initialized with the baseline AED encoder and the cor-
responding Qwen2 model for the decoder. We fine-tune for 1
epoch on Loquacious using LoRA for the decoder.

W[ 9| —

WER [%]
Pre-trained PLLM
LLM size [B] PLLM +CTC
dev [ test | dev [ test
0.5 6.43|7.03(5.99|6.55
1.5 5.98|6.75(5.88 6.39
7.0 5.70|6.46 | 5.73 | 6.32

Table 20: Effect of using Qwen2 vs. Qwen3 as base model for
prefix LLMs (PLLM). For these models, the biggest difference is
the amount of pre-training data - 12T tokens for Qwen2 0.5B vs.
36T tokens for Qwen3 0.6B. All models are initialized with the
baseline AED encoder. We fine-tune for 1 epoch on Loquacious
using LoRA for the decoder.

WER [%]

PLLM
Base Model PLLM +CTC

dev [ test | dev [ test
Qwen2 0.5B | 6.43|7.03|5.99|6.55
Qwen3 0.6B | 6.18 [6.76 | 5.96 | 6.46

and recognition time are reduced with higher downsampling
factors. Furthermore, the performance of the standalone PLLM
degrades with higher downsampling factors, while the perfor-
mance with joint CTC recognition remains relatively stable.

4.13. LLM Size

We compare using different LLM sizes for the decoder of
PLLM:s in Table 19. We observe that larger LLMs lead to bet-
ter performance (5.70% vs 6.43% WER on dev), especially for
standalone PLLM decoding. When using the 7B model, stan-
dalone PLLM decoding is on-par with joint CTC+PLLM de-
coding.

4.14. Amount of Pre-Training Data

We compare using Qwen2 vs. Qwen3 base models as the pre-
trained LLM for PLLMs in Table 20. For these models, the
biggest difference is the amount of pre-training data - 12T to-



Table 21: Effect of using length normalization for recognition
with prefix LLMs (PLLM) on Loquacious dev. All models are
initialized with the baseline AED encoder and the Qwen2 0.5B
decoder. We fine-tune for 1 epoch on Loquacious using full fine-

tuning for the decoder. Results with standalone PLLM.

Beam WER [%]
Size | w/ length | w/o length
norm. norm.
1 6.14
4 6.07 6.06
16 6.24 6.12
32 7.14 6.16

Table 22: Effect of beam size for recognition with prefix LLMs
(PLLM) on Loquacious dev. All models are initialized with the
baseline AED encoder and the Qwen2 0.5B decoder. We fine-
tune for 1 epoch on Loquacious using full fine-tuning for the
decoder. All results are with length normalization.

Beam WER [%]
Size PLLM
PLLM +CTC
1 6.14 | 5.87
4 6.07 | 5.72
16 6.24 | 5.70
32 7.14 | 5.69

Table 23: Effect of optimizations for joint CTC recognition
with prefix LLMs. All models are initialized with the baseline
AED encoder and the Qwen2 0.5B decoder. We fine-tune for 1
epoch on Loquacious using LoRA for the decoder. WER, real
time factor (RTF) and maximum GPU memory usage when de-
coding Loquacious dev using a single NVIDIA H100 GPU.

Top-k | Compression | Max. GPU _3
pruning | threshold | mem. [GB] RTE 10771 WER [%]
No optimization
None [ None [ 688 [ 69.0 [ 6.02
Only top-k pruning
30,000 18.9 16.2 6.02
10,000 None 10.7 11.5 6.01
100 7.2 10.9 6.05
Only CTC compression
0.95 63.1 29.7 6.02
None 0.90 63.1 29.3 6.03
0.85 573 28.9 6.04
0.80 47.8 28.6 6.03
Both optimizations
10,000 10.3 6.7 6.02
100 0.90 7.3 6.6 6.06

kens for Qwen2 0.5B vs. 36T tokens for Qwen3 0.6B. As a
standalone PLLM, the Qwen3-based model performs signifi-
cantly better than the Qwen2-based model (6.43% vs. 6.18%
on dev). For PLLM+CTC decoding, the difference is less pro-
nounced, but the Qwen3-based model still performs slightly
better (6.55% vs. 6.46% on test).

4.15. Prefix LLM Recognition Settings

We investigate the effect of length normalization and beam size
on standalone recognition with PLLMs in Table 21. To our sur-
prise, we observe that, for higher beam sizes, length normal-
ization leads to worse results. This is in contradiction to our
experience with AED models, where length normalization is
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Figure 1: Self-attention weights of prefix LLM. Model is initial-
ized with the baseline AED encoder and the Qwen2 0.5B de-
coder and fine-tuned for 1 epoch on Loquacious. From bottom
to top: layer 24 head 7, layer 5 head 8, layer 13 head 13. The
X-axis shows the key/value positions for corresponding inputs,
and the Y-axis shows the query positions for the decoder output
(omitting part of the sequence for better visibility).

crucial for good performance with higher beam sizes. Unfor-
tunately, using length normalization is turned on by default in
all our experiments.

In Table 22 we compare the effect of beam size for joint
CTC+PLLM recognition with PLLMs. Here, we observe that
performance stagnates after a beam size of 4.

We compare different options for optimizing the joint CTC
recognition in Table 23. Both top-k pruning and CTC com-
pression reduce the maximum GPU memory usage and the real
time factor (RTF) for recognition. With top-k pruning alone we
can reduce the maximum GPU memory usage from 68.8GB to
7.2GB and the RTF from 69.0-10~% t0 10.9-10~%, while almost
maintaining the same WER (6.05% vs. 6.02%) compared to not
using any optimizations. Additionally applying CTC compres-
sion further reduces the RTF to 6.6 - 1073,

4.16. Visualization of Attention Weights

The self-attention weights of a selected prefix LLM based on
Qwen?2 0.5B are shown in Figure 1. We manually went through
the attention weights of all heads and layers and identified three
heads with interesting attention patterns. The selected heads
show the attention to the encoder output for the transcription
labels. We identify different patterns of attention weights. The
topmost plot (layer 13; head 13) shows a head that attends to the
encoder output in a monotonic way, similar to the attention pat-
terns of AED models. The next plot (layer 5; head 8) shows an
n-gram pattern, where the attention is focused on a small win-
dow before the current query position, which has also been ob-
served for attention heads in text-based Transformer LMs [46].



Table 24: Effect of text prompt for prefix LLMs (PLLM) on Lo-
quacious dev. All models are initialized with the baseline AED
encoder and the Qwen2 0.5B decoder. We fine-tune for 1 epoch
on Loquacious using LoRA for the decoder.

WER [%]
Prompt oLin PLIM
+CTC
USER: (audio) Transcribe this speech to text.
ASSISTANT: (BOS) 642 1599
(audio)(BOS) 6.51 | 6.01

Table 25: Results on the HuggingFace ASR leaderboard. We
use the official text normalization on the model output and ref-
erence transcript for evaluation. Our models are trained on Lo-
quacious. The baseline AED model is trained from scratch for
20 epochs, while the prefix LLM is initialized with the baseline
AED encoder and the Qwen2 0.5B decoder and fine-tuned for 1
epoch on Loquacious using LoRA for the decoder. Comparing
to other models from the literature and leaderboard.

WER [%]
System Earn | Giga LBS SPGI | Ted | Vox
AMI ings22 | speech |Clean | Other | Speech | lium | populi Avg.

Others

Canary-Qwen-2.5B

(Qwen3 1.7B) 10.19] 10.45 | 9.43 | 1.61 | 3.10 | 1.90 |2.71| 5.66 | 5.63
Qwen3-ASR-0.6B

(Qwen3 0.6B) 11.66| 11.06 | 9.14 | 2.13 | 445 | 3.03 |2.85| 7.07 | 6.42

Ours

CTC + PLLM

(Qwen2 0.5B) 19.39129.87 | 11.39 | 1.91 | 3.72 | 4.47 |4.05| 645 |11.21
CTC + AED 20.88|34.59 | 13.16 | 1.84 | 3.75 | 5.53 |4.28] 6.19 |12.49

The last plot (layer 24; head 7) shows a head which is focused
on the prompt.

4.17. Effect of Prompt Length

[47] observed that LLMs can learn to utilize meaningless filler
tokens such as a sequence of dots to improve their performance.
Since the prompt is always the same in our case, it does not
provide any useful information for the model and can also be
considered as a sequence of meaningless filler tokens. Moti-
vated by the attention pattern of the last head in Figure 1, which
is focused on the prompt, we test whether our PLLMs bene-
fit from the long prompt by comparing our baseline prompt
to a prompt consisting only of a BOS token in Table 24. For
standalone PLLM decoding, the model benefits slightly from
the long prompt (6.42% vs. 6.51% WER on dev), while for
joint CTC+PLLM decoding, the performance is on par with the
shorter prompt.

4.18. Final Results

We compare our best results to other models from the litera-
ture on the HuggingFace ASR leaderboard in Table 25. We use
the official text normalization' on the model output and refer-
ence transcript for evaluation. We observe that, while our prefix
LLM-based model performs worse than our AED baseline on
Loquacious and Librispeech (Tables 4, 8 and 9), it outperforms
the AED baseline on the HuggingFace ASR leaderboard. We
attribute this to the fact that most of the corpora in the Hug-
gingFace ASR leaderboard are out-of-domain for our baseline
ASR models, while the LLM-based models can leverage the
pre-training knowledge to generalize better to these domains.
We note that the other models on the leaderboard are trained

lhttps ://github.com/huggingface/open_asr_
leaderboard/blob/main/normalizer/normalizer.py

on magnitudes more ASR data than our models, which makes
the comparison difficult. Still, except for the AMI and Earnings
corpora, the performance of our prefix LLM lies in a similar
range as the other models.

5. Conclusions & Outlook

In this work, we have investigated different utilizations of
large language models (LLMs) for automatic speech recogni-
tion (ASR). We compared tight integration of acoustic encoder
and LLMs, speech LLMs (SLLMs), to shallow fusion of acous-
tic and language model scores. Our findings are as follows:

Prefix LLMs (PLLMs) outperform the merged attention in-
terface in our experiments when starting from a pre-trained
LLM decoder while performing similarly to the merged at-
tention interface when training from scratch. The reason for
this could be that the prefix LLM interface is more similar
to how the LLM was pre-trained, and that longer fine-tuning
is required for the merged attention interface to adapt to the
new mode.

Joint CTC+SSLM decoding can significantly improve the
performance of standalone SLLM decoding, especially for
smaller LLMs. We presented two optimizations for joint
CTC+SLLM decoding without which the computational cost
of joint decoding becomes prohibitive, especially for larger
LLMs. When moving to larger LLMs, training longer, or us-
ing full fine-tuning instead of LoRA for the decoder, the per-
formance of standalone SLLM decoding and joint decoding
converges.

* PLLMs can be used as both acoustic and language model,
depending on whether the encoder output is used or not. We
find that combining these scores together with CTC scores
yields significant improvements over CTC+PLLM decoding
with negligible additional computational cost.

» Using a smaller vocab, which was fitted on the transcription
data, improves performance compared to using the original
vocab of the LLM.

* Using the same data conditions and model sizes, shallow fu-
sion of LLM and CTC scores yield better performance than
tightly integrating acoustic encoder and LLM into a single
model. This is in opposition to the current trend of using large
monolithic models for ASR. However, it is not clear whether
our findings would also hold when using larger LLMs and
more training data.

¢ In our experiments on Loquacious and Librispeech, the per-
formance of our prefix LLM still lags behind our AED base-
line which was solely trained on the ASR data. However, on
the HuggingFace ASR leaderboard, our prefix LLM outper-
forms our AED baseline. From this, we conclude that LLMs
are especially beneficial for improving the generalization of
ASR models to different domains. However, for complete-
ness, we also note the issue of test set leakage of public cor-
pora into the pre-training data of LLMs, which could also
contribute to the better performance of LLM-based models.

For future work, we want to investigate the effect of mov-
ing from text-based LLMs to native multi-modal models which
were pre-trained on both text and audio data. Furthermore, we
want to compare the ASR convergence of pre-trained LLMs to
training models from scratch.


https://github.com/huggingface/open_asr_leaderboard/blob/main/normalizer/normalizer.py
https://github.com/huggingface/open_asr_leaderboard/blob/main/normalizer/normalizer.py

6. Generative AI Use Disclosure

We use LLMs to improve the formulations and grammar of the
paper.
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