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Abstract

While transformer-based models excel in short-form (SF) au-
tomatic speech recognition, the quadratic complexity of the
self-attention mechanism introduces significant challenges in
long-form (LF) audio. To address this, we compare strong
linear transformer variants—Fastformer, SummaryMixing, Bi-
Mamba, and E-Branchformer with Flash Attention (EBranch-
FA). For the latter, we also explore rotary positional encod-
ings. Additionally, we propose a new challenging LF bench-
mark derived from the LibriHeavy corpus, featuring develop-
ment and test sets with varying average durations to enable com-
prehensive evaluation across different temporal scales. Further-
more, we propose a memory system, KNN-MAN, for inference,
which can be applied to any existing encoder-decoder models,
without additional training. For example, with BiMamba, we
reduce the word error rate from 18.8% to 17.5% in our LF Test
Clean set derived from LibriSpeech.

Index Terms: ASR, long-form, memory-augmented

1. Introduction

Automatic speech recognition (ASR) has greatly benefited from
transformer-based architectures, achieving state-of-the-art re-
sults on short-form (SF) utterances [1-5]. However, scaling
these systems to long-form (LF) audio—such as lectures, meet-
ings, and podcasts—remains challenging [6-8]. A key limita-
tion is the SF bias inherent in most ASR systems, which are pri-
marily trained on utterances up to 30 seconds [9, 10]. Addition-
ally, the quadratic complexity of self-attention in transformer-
based architectures [11] hinders scalability. Given these chal-
lenges, developing robust LF ASR systems that maintain strong
performance on SF audio is essential.

Existing approaches include segmentation-based methods
[12], simulated LF training or decoding (e.g., window-based
strategies [13]), and architecture-based solutions [14-16], with
the latter enabling true end-to-end ASR without changing SF
pipelines. Among architectural innovations, several linear trans-
former variants have been proposed in the literature [17-19].
Also, architectures such as Fastformer [20] and SummaryMix-
ing [16] and neural state space models (SSMs) like Mamba [15]
have shown promise for LF ASR [21,22]. However, these latter
systems have primarily been evaluated on audio durations of up
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to one minute [16,22]. Furthermore, it is valuable to compare
these architectural improvements with transformer variants like
E-Branchformer [5], with FlashAttention [23]-based efficient
implementation (yielding linear complexity, EBranch-FA), and
rotary positional embeddings (RoPE) [24].

This work compares Fastformer, SummaryMixing, Mamba
(1 and 2) [25], and EBranch-FA to assess their performance
on LF audio. For EBranch-FA, we also explore the impact of
RoPE-based positional embeddings, by introducing NTK-by-
Parts (NbP) [26], an improved version of RoPE. To achieve
this comparison, we create a LF partition of the LibriSpeech
(LS) dataset [27] named LibriLong (LL), inspired from [8, 28],
by concatenating all continuous segments (end time of segment
Sy matches start time of segment S,,+1). This allows for fine-
tuning and evaluation of the models on LF data. Leveraging
EBranch-FA, one of the strongest models identified in this work,
we further fine-tune them on both SF and LF data. This training
approach further enhances LF performance while maintaining
competitive results on SF data.

While LL is a good starting point to evaluate LF ASR
systems, the maximum average duration for development and
test set partitions is still short (around 50s). For this rea-
son, we introduce LongLibriHeavy (LLH), a benchmark de-
rived from the LibriHeavy (LH) corpus [29], comprising 36k
training hours which is also created from the concatenation of
continuous segments, similar to LL. The development and test
sets feature varying durations (16s, 30s, 1min, 3min, and 7min),
enabling comprehensive evaluation across different sequence
lengths. Also, the main advantage of LLH over existing bench-
marks [6-8] is its compatibility with LS-based models and its
provision of 36k hours for training with both SF and LF. We
evaluate LLH using our strongest model fine-tuned on both SF
and LF data, as mentioned above, alongside foundation models
like Whisper [9] and OWSM-CTC [30].

In addition to the benchmark, we propose an architectural
modification to enhance the performance of encoder-decoder-
based ASR systems for LF speech, inspired by memory-
augmented networks (MANs) [31]. While MANSs are typi-
cally explored in the text field [32-35], their application to LF
ASR remains limited [28]. Specifically, we propose a k-nearest
neighbor (k-NN) memory-augmented system (KNN-MAN), in-
tegrated between the encoder and decoder of any ASR system.
This memory module operates exclusively during inference and
is designed to especially improve zero-shot performance on LF
audio by effectively leveraging contextual acoustic information.
We demonstrate that our KNN-MAN provides additional gains
on any of the encoder-decoder models mentioned above.

Our contributions are as follows: (1) we compare linear
transformer variants—Mamba, SummaryMixing, Fastformer,
and EBranch-FA—conducting zero-shot and fine-tuning eval-
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uations on LF data, including RoPE and the novel NbP [26] in
EBranch-FA; (2) we introduce LLH, a new LF benchmark ';
and (3) we propose a novel KNN-MAN that enhances LF per-
formance for ASR, particularly in zero-shot scenarios.

2. Related Work
2.1. Linear Variants of Self-Attention

Fastformer [20] is a linear variant of self-attention that approx-
imates the attention computation. Let Q, K € R rep-
resent the standard transformations in the transformer, where
Q = [ql,qg, .. .,qT], K = [kl,kg, .. .,kT], T is the se-
quence length and D is the dimensionality of the vectors. The
query Q is summarized into a single query vector q as follows:

T
Wq qt

VD

a; = softmax (

T
) ,oa=Yy aa, (1)
t=1

where w, € R” is a learnable vector used to compute the at-
tention scores a;. Finally, q is multiplied element-wise with
each vector in K, producing a global context-aware key matrix.

SummaryMixing [16] is a linear alternative to self-
attention that summarizes input information into a global vector
which is combined with local features to produce context-aware
representations. Formally,

1y i
s:f;u(m), Z = c(f(X),9), )

where s is the summary vector, computed as the average of in-
put vectors x; transformed by the summary function w. Addi-
tionally, f is a local transformation function, ¢ is a combiner
function and Z is the final context-aware representation.

Mamba 2 [25] refines the SSM framework of Mamba 1
by introducing a scalar-structured selective SSM (SSD). This
frameworks is described by:

h; = Ath: 1 + Bix:, y: = Cihy, 3)
where h; is the hidden state at time ¢, and y; is the output.
The matrices A; and B, are discrete matrices that serve as
input-dependent parameters, allowing Mamba 2 to dynamically
adapt to sequences while retaining efficiency. Additionally, C;
is also an input-dependent parameter. A hardware-aware par-
allel scan algorithm unrolls Equation (3) by convolving the in-
put sequence X with a fixed structured kernel of A, B, and C,
enabling efficient processing of temporal dependencies. To in-
corporate global context, a bidirectional Mamba (BiMamba 2)
architecture is employed. Notably, Mamba 2 supports signif-
icantly larger state dimensions than Mamba 1, enabling richer
temporal representations.

EBranch-FA is a linear variant of E-Branchformer [5] that
leverages FlashAttention [23] to optimize attention computa-
tion by utilizing different parts of GPU memory. Specifically,
FlashAttention improves self-attention complexity by comput-
ing softmax incrementally over input blocks and reducing mem-
ory overhead by recomputing the attention matrix during the
backward pass instead of storing it.

Ihttps://github.com/Miamoto/LongLibriHeavy
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2.2. RoPE-Based Embeddings

RoPE encodes positional information by rotating the query and
key vectors, q € R” and k € RP, through a frequency-based
transformation. This rotation enables the derivation of rela-
tive positional information during the self-attention dot prod-
uct [24]. The transformation is generalized as:

J\/N(Xm,m70d) = Jw(xm7g(m)7l(0d))7 (4)
where m is the token position in the sequence, and 6, is the
frequency parameter for the d-th hidden dimension. For RoPE
g(m) = m and l(04) = 64, while other variants may define
g(m) and [(04) differently.

We define A\ as the wavelength of the RoPE embedding at
the d-th hidden dimension:

2w

=5 s)

where b is a base scaling factor. The wavelength \g represents
the number of tokens required for a full rotation (27). While
RoPE effectively encodes absolute positional information, its
uniform treatment of dimensions can lead to inefficiencies for
longer sequences.

To address this, NbP introduces selective interpolation [26],

2d
=27bD

Ad

categorizing dimensions based on the ratio rq = % and adjust-
ing interpolation as follows:
0 ifrg < a,
Y(rqa) =<1 ifrqg > p, ©6)
T[;i:(f otherwise.

This approach selectively interpolates mid-range dimensions
while avoiding extrapolation for others, enhancing the adapt-
ability of RoPE. The NbP interpolation modifies RoPE from
Equation (4) using:

@)

1(0a) = (1 — ~(ra)) % +(ra)0a,

« and 3 are tuned parameters and ¢ is a scaling parameter.

g(m) =m,

3. KNN-MAN for LF Inference

We enhance LF performance during test time by incorporating
KNN-MAN between the encoder and decoder of the ASR sys-
tem. More specifically, let the encoder hidden states be rep-
resented as {hi,ha,... , hr}. The external memory M; €
REXP at time step ¢ stores the past E hidden states, dynami-
cally updated during inference. For each hidden state h;, we
perform a k-NN search within M;_; to retrieve the £ most
relevant past representations. The similarity between h; and
each memory vector m € M; is computed using cosine sim-
ilarity. Let {mi, ms,..., my} be the top-k matched vectors.
These vectors are aggregated via an unweighted average and
then combined with the current hidden state h; through a sim-
ple weighted addition :

k
1 ~
rﬁt:EZmi, ht:ht-f—plflt,

i=1

®

where p is the weight given to the retrieved vector m;.

After the update, h; is written into memory M, following
the first in, first out policy. This process continues iteratively
until all encoder outputs are processed. More importantly, this
approach enables the model to dynamically incorporate acoustic
long-range dependencies without fine-tuning.



Table 1: Mean, minimum, and maximum durations (in seconds)
for each data split in LibriSpeech (LS), LibriLong (LL), and
LibriLongHeavy (LLH). Additionally, the Total Duration (TD)
in hours is provided for each set.

Data \ Mean (s) Min. (s) Max. (s) TD (h)
LS 360 12.6 1.1 29.7 363.6
LS 960 12.3 0.8 29.7 961.1
LS Test Clean 7.4 1.3 35.0 5.4
LS Test Other 6.5 1.3 34.5 5.3
LL 360 52.0 30.0 480.6 362.3
LL Test Clean | 52.8 30.1 272.4 8.2
LL Test Other | 43.1 30.1 124.8 2.5
LLH-Small 49.8 2.1 535.2 276.5
LLH-Medium | 48.6 2.0 736.40  3005.7
LLH-Large 48.9 2.0 873.4 326234
LLH-Dev 369.2 180.5 567.7 10.1
LLH-Test 393.3 180.7 592.6 10.1

4. LibriLong and LibriLongHeavy

Our experiments rely on the LibriSpeech [27] and LibriHeavy
[29] corpora. To create the LF datasets—LibriLong (LL) and
the new LibriLongHeavy (LLH) benchmark—we concatenate
continuous segments from each corpus. For LibriLong, we use
the speaker information from each LibriSpeech set to access
the LibriVox MP3 audio ? and retrieve the respective “sentence-
aware” segmentation files, which split audio at silence intervals
aligned with sentence boundaries [27]. All continuous segments
are joined sequentially (end time of segment S,, matches start
time of segment Sy, 11), and new sequences are created when no
such alignment exists. After the concatenation process, all ut-
terances shorter than 30 seconds are excluded, forming LL 360
(from LS 960), LL Test Clean, and LL Test Other subsets, de-
picted in Table 1. Overall, this strategy reduces total hours from
original sets by excluding short segments (below 30s). How-
ever, it can increase audio duration, as seen in LL Test Clean
compared to LS Test Clean, due to the inclusion of all origi-
nal segments in the concatenation process from the respective
speakers, which are not fully represented in LS Test Clean [27].

LLH (Table 1) is a new benchmark for both SF and LF,
distinct from the original LibriHeavy created through Libri-
Light [36]. Its concatenation process mirrors LibriLong: we
retrieve segmentation files from LibriHeavy, order them, and
concatenate continuous segments, removing overlapping seg-
ments (where Sy, 1 ends before or at .S,,). Development and
test sets are built by selecting the longest and most challenging
segments from the concatenated small, medium, and large sets,
ensuring no speaker or book overlaps. The most challenging
utterances (highest WER) are detected using the OWSM-CTC
model [30]. Additionally, a mapping file was created for each
respective set. Each line in this file records the new utterance ID
alongside the ordered original utterance IDs used for concate-
nation. This enables flexible data generation with varying aver-
age durations (e.g., 16s, 30s, Imin, and 7min) for comprehen-
sive ASR evaluation. It is important to note that LLH-{Small,
Medium, Large} training sets, while not used in this work, are
designed to support future research.

2https://www.openslr.org/12
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5. Experiments
5.1. Experimental Setup

ESPnet2 [37] is the primary toolkit used to implement and eval-
uate our work. More specifically, we follow the LibriSpeech
100 recipe in ESPnet for data preparation, training, decoding,
and evaluation. All systems are based on encoder-decoder ar-
chitectures, where SummaryMixing, BiMamba, Fastformer or
E-Branchformer refer to the encoder, and a standard transformer
decoder is used consistently across all systems. For Summa-
ryMixing, we adapt the implementation from SpeechBrain [38]
and for BiMamba, we use the code from [39].

For LS 960 training, the EBranch-FA follows the ESPnet
LS 960 architecture but reduces the layers to 10, resulting in
approximately 100M parameters. All other systems are de-
signed to match this parameter count while retaining the same
decoder architecture. BiMamba 2 has 28 blocks and is config-
ured with a state space size of 4096, while Fastformer and Sum-
maryMixing use 11 layers. Furthermore, for LS, all systems
are trained on a single NVIDIA RTX A6000 with 48GB mem-
ory. For the LL, BiMamba, SummaryMixing and Fastformer
fit on the same hardware, while the EBranch-FA requires a sin-
gle NVIDIA A100 with 80GB memory. Furthermore, in pre-
liminary studies, when training with RoPE and NbP, we found
that the model did not converged using the default learning rate.
To address this, we adopted the piecewise-linear learning rate
schedule from [30] to LS 960 training, increasing the learn-
ing rate to 2.0e-04 in the first 15K steps and then to 2.0e-03
over the next 30K steps. This stabilization method was not re-
quired during fine-tuning on LL data, as we were already uti-
lizing pre-trained LS models. It is important to note that RoPE
and NbP are applied to both the encoder and decoder of the E-
Branchformer ASR system. For both LF and LF+SF training,
we fine-tune the models for just 30 epochs. Following [26], we
set « = 1 and 8 = 32 (Equation (7)).

For inference, we use the official code® when using Whis-
per and apply the English Whisper normalizer to both OWSM
v4 Base and OWSM-CTC v4 [40]. Finally, for the proposed
KNN-MAN, we explore hyperparameters such as memory size
FE (e.g., 100 and 1000), the number of top-k matched vectors
(e.g., 4 and 8) mentioned in Section 3, and the weight p (e.g.,
0.1) from Equation (8). Notice that the inference time of KNN-
MAN can increase as the memory size E grows very large.

5.2. Results

Linear Self-Attention Variants. From Table 2 we can observe
that EBranch-FA (NbP) and Fastformer perform the strongest
on SF data. Also, NbP proves effective compared to vanilla
ROPE. For zero-shot LF, both RoPE and NbP show slight degra-
dations for EBranch-FA. Furthermore, BiMamba2 may be the
least effective option in SF, but it serves as a viable alterna-
tive for LF. Notably, SummaryMixing stands out as the most
robust zero-shot option for LF. Fine-tuning on LL 360 signifi-
cantly improves LF performance, breaking the previous trend.
For instance, EBranch-FA with NbP improves from 30.2% to
2.5% word error rate (WER) on LL Test Clean, establishing it
as the most robust model for LF audio. However, this comes at
the cost of increased WER on SF data. Given that EBranch-FA
(NbP) followed by SummaryMixing maintain the strongest per-
formance when fine-tuned on LL 360, we select these models
for fine-tuning on both SF and LF data. To ensure consistency,

3https://github.com/openai/whisper



Table 2: WERs [%] for Librispeech and LibriLong test sets across different training and positional encoding configurations. Models
have around ~100M, except for Whisper and OWSM v4 Small, which have around 244M parameters.

Model | Positional Encoding | Training | LS Test Clean | LS Test Other | LL Test Clean | LL Test Other
EBranch-FA Abs. LS 960 24 5.5 29.2 23.8
EBranch-FA RoPE LS 960 24 5.5 31.7 27.1
EBranch-FA NbP LS 960 2.4 54 30.2 24.9

Fastformer Abs. LS 960 23 5.6 252 16.6
BiMamba 2 - LS 960 32 7.5 18.8 13.8
SummaryMixing Abs. LS 960 2.5 5.7 17.4 12.0
EBranch-FA Abs. LS 960 — LL 360 32 9.0 2.7 5.7
EBranch-FA NbP LS 960 — LL 360 3.1 8.3 2.5 5.2
BiMamba 2 - LS 960 — LL 360 39 9.8 34 7.6
SummaryMixing Abs. LS 960 — LL 360 7.4 13.8 2.7 6.0
EBranch-FA NbP LS 960 — {LF+SF} 2.7 7.2 2.3 4.6
SummaryMixing Abs. LS 960 — {LF+SF} 2.8 7.3 2.5 5.6
Whisper Small Abs. 680K hours 33 7.7 29 5.5
OWSM v4 Small Abs. 320K hours 2.5 5.9 3.0 5.0

Table 3: WERs [%] without and with the KNN-MAN.

Model | LL Test Clean | LL Test Other
EBranch-FA (NbP) 29.2 23.8
+KNN-MAN 28.5 23.7
Fastformer 25.2 16.6
+KNN-MAN 25.0 16.5
BiMamba 2 18.8 13.8
+KNN-MAN 17.5 13.7
SummaryMixing 17.4 12.0
+KNN-MAN 16.8 11.5
Whisper Small 2.9 5.5
+KNN-MAN 2.9 54
SummaryMixing (LF+SF) 2.5 5.6
+KNN-MAN 2.5 5.5
EBranch-FA (LF+SF) 2.3 4.6
+KNN-MAN 2.3 4.6

we use LS 360 (Table 1) for SF data, matching the number of
hours in LL 360. This approach, not only further enhances LF
performance, but also maintains comparable SF results to mod-
els trained exclusively on SF data.

Finally, we compare our EBranch-FA (NbP) model, fine-
tuned on both SF and LF data, with Whisper Small and OWSM
v4 Small, that process audio in 30-second windows, and show
that it outperforms both foundation models for LF data. No-
tably, OWSM v4 Small is trained on LibriSpeech, while Whis-
per Small is not.

Overall, we conclude that evaluating LF performance solely
based on models trained on SF data or fine-tuned on LF data can
lead to inconsistent interpretations. However, when both SF and
LF data are used in a balanced manner, this inconsistency is
mitigated.

KNN-MAN. We implement our KNN-MAN approach on
the linear transformer variant models listed in Table 2, which
were trained on LS 960 and fine-tuned on LS+SF, as well as
on Whisper Small. For all models, we use a memory size E of
1000, k=8 and p=0.1. As depicted in Table 3, our approach ei-
ther enhances or maintains performance, without requiring ad-
ditional training and can be easily integrated into any encoder-
decoder ASR system.

LLH Benchmark. For the LLH benchmark, we evaluate
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LLH-Test set with EBranch-FA, trained on both LF and SF,
from Table 2, and with strong foundation models. Addition-
ally, we present results for variants of the same set categorized
by different average durations (Section 4). From Figure 1, we
observe that for foundation models, the WER remains constant
across lengths, as these models use a sliding-window with an
input of 30 seconds. However, compared to Whisper Small, our
EBranch-FA model shows performance improvements, except
for 7 minutes. Also, we show that our KNN-MAN improves
performance on Whisper Small for LF audio.

* EBranch-FA x Whisper Small ~ Whisper Small (KNN-MAN) ¢ OWSM-CTCv4 # Whisper Large v3

14.0

13.0

125 ‘X\k/

12.0
1.5
11.0
10.5
10.0

9.5
16s 30s 1min 3min 7min

Figure 1: WERs [%] for models evaluated on LLH-Test set with
varying average durations.

6. Conclusion

This work evaluates linear transformer variants like BiMamba,
SummaryMixing, Fastformer and EBranch-FA for LF ASR and
observe that EBranch-FA is one of the strongest models, espe-
cially when fine-tuned on both SF and LF data. We also in-
troduce a new RoPE-based positional embedding for EBranch-
FA, NbP, which improves when compared to vanilla RoPE.
EBranch-FA, fine-tuned on both SF and LF data is also eval-
uated on the new LF benchmark, LLH, and compared with
strong foundation models. Additionally, we propose KNN-
MAN, which can be inserted between the encoder and decoder
of any ASR system, further improving LF performance at infer-
ence time, especially for zero-shot. For future work, we plan to
explore efficient training strategies for the KNN-MAN system.
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