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Abstract—Different pretrained automatic speech recognition
(ASR) systems excel under different acoustic conditions, speakers,
and domains, so that the system that best transcribes a given
clip is not known in advance and varies from clip to clip. We
study how to select, for each clip, one system from a pool of
complete, frozen, and heterogeneous ASR systems before any of
them decodes. We introduce HIT-ASR, a hierarchical transformer
router that operates on the frame-level encoder states of every
expert: a per-expert temporal encoder summarizes each expert’s
frame sequence at that expert’s native frame rate, a cross-expert
fusion step combines the summaries, and a WER-aware objective
trains the router on the measured error of every expert on
every clip. We evaluate HIT-ASR on four corpora (AMI-SDM,
Earnings-22, People’s Speech, and AfriSpeech-200), each with
its own trio of current open ASR systems. HIT-ASR attains
the lowest word error rate (WER) on every corpus, 6.3-11.2%
relative below that of the best single expert. Its improvements
over the best single expert, over a pooled-feature router trained
with the same WER-aware objective, and over two hypothesis-
level ensembles are statistically significant on every corpus. At
inference, all K expert encoders run once per clip, the router
operates on their states, and only the selected expert is decoded.
Measured end to end on raw audio, HIT-ASR requires less
computation time per clip than the best single expert on three
of the four corpora. The code, the data, and a reproducibility
package are publicly available.

Index Terms—Speech recognition, automatic speech recogni-
tion (ASR), model selection, algorithm selection, adaptive routing,
transformer, frame-level representations, system combination,
ensemble of pretrained models.

I. INTRODUCTION
A. Background

Automatic speech recognition (ASR, also referred to as
speech-to-text) has advanced significantly with deep sequence
models [1]], [2], [3]. The Transformer architecture [4] and
its convolution-augmented variant, the Conformer [5], now
achieve state-of-the-art accuracy on benchmarks such as Lib-
riSpeech, outperforming recurrent and convolutional models
[3], [6]]. Self-supervised pretraining [7]], [8]], [9] further im-
proves accuracy, and streaming architectures such as the RNN-
Transducer [10] and its transformer-based extensions enable
low-latency transcription [L1], [12]. Large-scale weakly super-
vised training [13] and speech-aware large language models
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[14], [15] have since multiplied the number of open systems
available to practitioners. However, each of these systems is
static in that it applies one model to all inputs. In realistic
deployments, acoustic conditions such as noise, channel, and
speaker can vary unpredictably over time, and no single ASR
system is optimal in all scenarios [L6], [L7], [18]]. Different
models perform better in different acoustic regimes and thus
form a complementary set of experts. Exploiting this diversity
requires an adaptive mechanism that selects the most suitable
model for each input instead of committing to a fixed system.

A key difficulty in this setting is predicting the performance
of candidate models without executing them [19]. Observable
features of the audio signal, such as acoustic statistics, tempo-
ral dynamics, and learned representations, provide useful cues
for this purpose [7], [8], [16l], [20]. Several related approaches
to ASR confidence estimation and system selection compress
an utterance into a sequence-level score or embedding before
making a downstream decision [21], [22], [23]. Such pooling
can obscure temporal structure that is relevant for routing,
because speech acoustics and interaction conditions evolve
over time [16], [24]. Within a single clip, the speaker, the
channel, the background, and the spoken content are rarely
homogeneous [16l], [17], [20], [25]. For example, a single
meeting utterance may contain both overlapping speech and
clean segments [17], [18], [25], [26], and the speaking rate
or emotion may change within an utterance. The expert that
best transcribes such a clip may therefore depend strongly on
these intra-clip dynamics rather than only on a single global
summary [21], [24].

This observation motivates routers that read the frame-
level temporal structure of a clip before deciding which
expert transcribes it. In this paper, we introduce HIT-ASR,
a hierarchical transformer router that operates on the frame-
level encoder states of the candidate experts rather than on
pooled features. The router selects one expert for the whole
clip: the temporal structure within the clip informs this clip-
level decision, and the selected expert then transcribes the clip.
Because the decision is made before decoding, the encoders
of all experts run once per clip, but only the decoder of the
selected expert runs. We assess the router by the criterion
of per-instance algorithm selection [27], [19]: it should never
perform worse than the best single expert, which a practitioner
would deploy without a router, and it should close as much as
possible of the gap to the per-clip oracle.

B. Related Work

Modern end-to-end ASR systems often use attention-based
encoder-decoder or transducer models [3]]. The original Trans-



former [4] eliminated recurrence in sequence-to-sequence
tasks and has been widely adapted for speech. In ASR,
the Conformer architecture [S] augments self-attention with
convolutional modules to better model local speech structure.
Self-supervised pretraining methods, such as wav2vec 2.0 [[7]],
learn useful speech representations from unlabeled audio and
enable strong ASR performance even with limited labeled
data; streaming extensions include the RNN-Transducer [10]]
and its attention-based variants. These models improve the
accuracy and, in streaming settings, the latency of a single
network. Our work is orthogonal to these approaches: rather
than modifying the architecture of a single ASR model, HIT-
ASR selects, for each clip, one of several complete pretrained
systems, so that any improvement to an individual system
carries over to the pool.

When several recognizers are available, their outputs can
also be combined after decoding. ROVER aligns the hypothe-
ses of several systems into a word transition network and votes
within each slot by frequency of occurrence or by confidence
[28]], and confusion-network combination selects the word
sequence with the minimum expected word error from the
merged word posteriors of the systems [29], [30]. Confidence-
based ensembles of end-to-end models select the output of the
most confident model [31]]. All of these methods run every
system to completion before combining the outputs, so that
their cost includes the full pipeline of every expert; HIT-ASR,
in contrast, decides before decoding and runs a single decoder.

Selecting among complete systems is an instance of the
algorithm selection problem [27], [19]], in which a selector
predicts, from features of an input, which of several algo-
rithms performs best on it. ADASTT [32] performs system-
level selection among pretrained speech-to-text systems with
a gradient-boosted meta-learner over pooled utterance-level
acoustic, prosodic, and embedding features. HIT-ASR is
loosely related to ADASTT in that both route among complete
pretrained systems; it differs in that it operates on the frame-
level encoder states of the experts themselves, which makes
the temporal structure within the clip available to the decision.

Mixture-of-experts (MoE) models route inside a single
network [33]], [34], [35], and sparse MoE layers scale model
capacity at nearly constant cost per token [36f, [37], [38I,
[39]. In ASR, SpeechMoE [40] inserts MoE layers with a
learned router into an acoustic model, SpeechMoE2 [41]] adds
domain and accent embeddings to the routing, and the MoE
Conformer of Hu et al. [42] routes among the expert layers of
a streaming multilingual model while activating only part of
its parameters. In these models, the experts are sub-networks
trained jointly with the router on the target task, they share
one representation space, and every frame or hidden state
is dispatched inside the network. HIT-ASR instead addresses
system-level routing: its experts are complete, independently
pretrained ASR systems with different architectures, widths,
frame rates, and decoders; the experts remain frozen; and
the router makes one decision per clip from their encoder
states before any of them decodes. The two approaches are
complementary, since an MoE acoustic model can itself be an
expert in the pool.

More broadly, conditional computation and dynamic neural

networks adapt the computation to the input [43], [44] by
skipping recurrent updates or residual blocks [45], [46], by
exiting early through intermediate classifiers [47], [48]], [49],
or by varying the depth of the computation across inputs or
positions [S50]], [S1]. These methods change the computation
inside one network, whereas HIT-ASR selects among complete
networks; they are orthogonal to system-level selection and
can be applied inside each expert of the pool.

The novelty of HIT-ASR lies in the problem it addresses and
in the design that this problem requires, not in its individual
building blocks. HIT-ASR selects among complete, frozen
ASR systems from their frame-level encoder states before
any of them decodes, whereas previous system-level selectors
decide from a pooled, utterance-level description of the clip,
and MoE models route inside one jointly trained network.
Its premise is that the encoder states of the experts carry
information about which expert will fail on a clip, and that
this information is local in time, so that averaging the states
over the clip dilutes it. Two design choices follow from this
setting. First, because the experts’ states differ in width and
frame rate, a per-expert temporal encoder summarizes each
expert’s sequence at its native frame rate before the experts
are fused. Second, because no gradient reaches the experts, the
router is supervised by the measured WER of every expert on
every clip, so that a wrong choice is penalized in proportion
to its cost.

C. Contributions

Our contributions are summarized as follows:

o We formulate the problem of selecting, for each clip and
before decoding, one of several complete, frozen, and
heterogeneous ASR systems, and we introduce HIT-ASR,
a router that makes this decision from the frame-level
encoder states of all experts.

o We propose a hierarchical router, in which a per-expert
temporal encoder summarizes each expert’s frame se-
quence at its native frame rate and a cross-expert fusion
step with four interchangeable mechanisms combines
the summaries, together with a WER-aware composite
objective that supervises the router with the measured
error of every expert on every clip.

o We evaluate HIT-ASR on four corpora, each with its own
trio drawn from seven open ASR systems of five decoder
families, against the best single expert, a pooled-feature
router trained with the WER-aware objective, ADASTT,
and two hypothesis-level ensembles, all tuned on the
same hold-out and tested on the same folds with paired
significance tests. HIT-ASR attains the lowest WER on
every corpus and reduces the WER of the best single
expert by 6.7, 6.3, 9.1, and 11.2% relative.

o We measure the inference cost end to end on raw audio
and analyze the complexity and scalability of the router.
Because all K encoders run once and only the selected
expert decodes, HIT-ASR requires less computation time
per clip than the best single expert on three of the four
corpora.



o« We release the code, the data, and a reproducibility
package with three levels of reproduction at https://gi
thub.com/huseyin-karaca/hit-asr.

D. Organization

Section [[I| formalizes the per-clip selection problem, Sec-
tion [[TI] presents the router and its training objective, Section [[V]
reports the experiments, Section [V] describes the reproducibil-
ity package, and Section |VI| concludes the paper. Throughout
the paper, the term expert refers to a complete pretrained ASR
system, comprising both its encoder and its decoder, and never
to an encoder in isolation.

II. PROBLEM DESCRIPTION

We consider the problem of adaptive transcription at the
level of individual audio clips. Let {z,,}_; denote a col-
lection of N audio clips, where each clip z, is itself a
temporal signal composed of a sequence of acoustic frames.
The frame-level structure of a clip captures variations in
background noise, speaker identity, accent, speaking rate,
and recording quality. State-of-the-art ASR experts respond
differently to these intra-clip variations [16[, [L7], [20], and
the best-performing expert for a given clip is generally not
known in advance.

Let A = {A,As,...,Ax} denote a finite set of K
pretrained ASR experts, where A; € A represents the j-th
expert. For each clip x,,, the transcription produced by the j-th
expert is Y,, ; = A;(x,). Each transcription Y,, ; is compared
with the ground-truth reference R, by a transcription error
measure, such as the standard word error rate (WER) [16].
The transcription loss incurred by using expert A; on clip x,,
is (Y, ;, Ry,), where £(-,-) denotes the chosen error metric.

Because the reference of a new clip is unknown, the best
transcription cannot be identified even after decoding, and
running all K experts on every clip is expensive. The goal
is therefore to select for each clip, before decoding, a single
expert j, € {1,..., K} that transcribes the whole clip, such
that the resulting transcription Y, = A; (x,,) minimizes the
cumulative transcription error over the dataset:

N
Z E(Yn’jw Rn)
n=1

Two reference points frame this goal. The best single expert,
i.e., the expert with the lowest corpus WER on the training
data, is the system a practitioner would deploy without a
router; the per-clip oracle, jr = argming (Y, x, R,), is
the ceiling of any selector that chooses one expert per clip.
Following the per-instance algorithm selection literature [27]],
[19], a router should never perform worse than the best single
expert, and it should close as much as possible of the gap
between the best single expert and the oracle.

A key challenge is that each clip is internally non-stationary:
the speaker, channel, and background can shift across frames
within the same clip, and these intra-clip dynamics influence
which expert transcribes the clip most accurately. Selection
mechanisms that compress a clip into a single pooled feature

vector discard this temporal structure and thereby lose infor-
mation relevant to the choice of expert. We next introduce
an algorithm that operates directly on frame-level encoder
representations and uses a transformer-based router to model
the temporal structure of each clip when selecting the expert
that transcribes it.

III. HIT-ASR: HIERARCHICAL TRANSFORMER ROUTING
FOR ADAPTIVE ASR EXPERT SELECTION

A. Algorithm Overview

HIT-ASR performs adaptive ASR model selection at the
clip level by exploiting the frame-level temporal structure of
each audio clip. The system operates in two phases, an offline
training phase and an online inference phase, as illustrated in
Fig.|l} The offline phase learns a routing model that predicts,
from the frame-level encoder representations of a clip, which
expert is most likely to transcribe that clip with the lowest
error. The online phase uses the trained router to select an
expert for each incoming clip and invokes only that expert to
produce the final transcription.

In the offline training phase, the system is given a collection
of labeled audio clips {(z,, R,)}X_;. For each clip x,, and
each expert Ay € A, the encoder of Ay is run once on x,, to
obtain a frame-level hidden-state sequence

HP = (u,....n"™ ), (1)

W) bl eRP
where Ty(Lk) is the number of encoder frames produced by
expert Ay for clip x, and Dy, is its hidden-state dimension.
We use Hslk ) rather than a pooled summary so that intra-clip
acoustic dynamics are preserved. In parallel, the full ASR
pipeline of each expert is run on the clip to produce its
candidate transcription Y;, , = Ak (z,) and the corresponding
transcription error WER(Y, , R, ), where the WER is defined
as WER(Y,,,1, Rn) = 5752, with S, I, and D denoting
the numbers of substitutions, insertions, and deletions under
standard Levenshtein alignment [16] and |R,| denoting the
number of words in R,,. These errors serve as the supervision
signal that indicates which expert performed best on each clip.

The router takes the full set of frame-level hidden-state se-
quences {H;k) }le as input and produces a probability vector
Wy, = (Wn1,-..,Wn i) over the experts. The router parame-
ters are optimized so that w,, favors the experts with low error
in the empirical per-clip error vector (WER(Y,, &, Rn))E_ |,
using the training objective described in Section

In the online inference phase, the system receives a new
audio clip z,. The encoder of each expert is run on z,, to
obtain its frame-level hidden states H;k), which are passed
through the trained router gy to produce w,,. The expert with
the highest predicted probability,

Jn = arg max
k

e{1,....K}

is selected, and only its decoder is executed on the clip,
reusing its encoder pass, to produce the final transcription
Y,, = A, (z,). Because only the selected expert is decoded
for each clip, the framework avoids running the decoders of

Wn,k,
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Fig. 1. Overview of the proposed adaptive ASR model selection framework, illustrated with K = 3 experts. Each frozen expert encoder produces a 2-D

frame-level embedding tensor H,(lk) € RTT(tk) XDk with model-specific frame count Tflk) and hidden dimension Dy ; no temporal pooling is applied. Per-
model linear projections, sinusoidal positional encodings, and learnable model-identity embeddings map the heterogeneous sequences to a shared dimension.
A Stage 1 transformer encoder, either shared across the experts or separate for each expert, summarizes each expert’s frame sequence in a summary token.
The summaries are fused by one of four mechanisms: a Stage 2 transformer with a global summary token, optionally preceded by a cross-attention bridge
through which each summary attends to the frame-level outputs of the other experts; concatenation; or averaging. A small MLP followed by a softmax maps
the fused representation to the routing distribution w,. At inference, only the argmax expert A;  is decoded.

the other experts, at the cost of K encoder forward passes and
one router forward pass.

The following subsections describe the frame-level feature
representation, the hierarchical router, and the training objec-
tive in detail.

B. Frame-Level Feature Representation

For each clip z,, and each expert Ay, we use the encoder of
Ay, as a feature extractor and keep its full frame-level hidden-
state sequence H%k) in (1), as illustrated by the per-expert
encoder branches in Fig. [T} Because the encoders differ in
architecture and frame rate, TT(Lk) and Dj are model-specific.
We do not pool these frames into a single vector. Instead, the

temporal sequence is exposed directly to the router so that

intra-clip dynamics, such as shifts in noise level, speaker, or
speaking rate, can influence the routing decision.

This choice contrasts with prior model-selection approaches
that compress each clip into a single hand-crafted or pooled
feature vector. Although such compact representations are
inexpensive, they discard the temporal structure that often
distinguishes the regimes in which different experts perform
well. Keeping frame-level sequences allows the router to
learn, for example, that an expert is preferable when a clip
contains a stretch of overlapping speech or when its spectral
characteristics drift over time.

The frame-level features are a by-product of the encoder
forward pass that each expert performs as part of decoding,
as shown in Fig. [T} They therefore require no acoustic feature
extraction beyond what the experts already perform.



Algorithm 1 Online ASR Model Selection
Inputs:

o Audio clip z,

o Set of base ASR encoders {F1, ..

experts A = {A1,...,Ax}

o Trained routing function go(-)
Output:

« Final transcription }A/n for clip xn,
Inference Steps:

., Fx} associated with the

1: Extract encoder representations: H,(1k> — Eix(zn), k =
... K

2: Compute expert selection logits: s, < go ({HY})) > See

3: Normalize logits via softmax to obtain routing probabilities w,

> See (6)

4: Select expert: j, <~ argmaxXpe(1,..., K} Wn,k
: Decode the selected expert: Yy, < Aj,, (zn)
6: Return Y,

wn

C. Hierarchical Transformer Router

Given the per-expert frame-level sequences {Hg{)}f:1 ob-
tained from the feature pipeline described in Section [[II-B]
the routing model must map these heterogeneous sequences
(with different T,(Lk) and D across experts) to a single
probability vector over the experts. We implement the router as
a hierarchical transformer. The first stage produces a per-expert
summary that captures the intra-clip temporal structure as seen
through that expert’s encoder. A fusion step then combines
these summaries across experts to produce the final selection;
this component of the router admits four mechanisms, which
are described in Section

1) Per-Model Projection and Positional Encoding: Because
the encoder dimension Dy, differs across experts, we first
project each frame to a common router dimension d with a
model-specific linear transformation, as shown in Fig.

pl) = WMRE) + bk W e rP ()

A standard sinusoidal positional encoding [4] is added to each
projected frame to preserve the frame order within the clip.
To indicate which expert produced a given frame, a learnable
model-identity embedding e;, € R? is added to every frame of
expert k. Before the projection, the frames of each expert can
be normalized, either standardized per dimension or scaled by
their root-mean-square value, with statistics computed on the
training clips; whether and how the inputs are normalized is
a hyperparameter of the router.

2) Stage 1: Per-Expert Temporal Encoder: For each expert
k, we prepend a learnable summary token c; € R? to its
projected frame sequence, forming

XP = (e, p) +ex, ..., p;k)T“) +ex).

This sequence is processed by a transformer encoder [4],
denoted by fiagel,

Ygzk) = fstagel (X%k)% 3)

which performs masked multi-head self-attention and a
position-wise feed-forward transformation in each layer.

Padding frames are excluded by a key-padding mask, and
sequences longer than a maximum number of frames are
truncated. The output corresponding to the summary token,

e =[],

serves as the per-expert summary of clip z,, pooled over
time by attention rather than by averaging, and is passed from
Stage 1 to the fusion step, as shown in Fig. [I]

The parameters of fyage1 can be shared across the K experts,
in which case the model-identity embedding e carries the
expert-specific information, or kept separate for each expert,
which increases the capacity of Stage 1; the choice is a
hyperparameter of the router.

3) Cross-Expert Fusion: The per-expert
{Eglk)}le are combined into a single clip representation z,
by one of four fusion mechanisms; the choice of mechanism
is a hyperparameter of the router, and the four are compared
in Section

Stage-2 self-attention. A learnable global summary token
c* € RY, which serves as the cross-expert aggregation token,
is prepended to the summaries,

Z, = (c*, eV, ...,e),

summaries

e n

and a second transformer encoder fiage2 processes Z,, to mix
information across experts. The updated global token ¢, is the
fused representation, z,, = cJ,.

Cross-attention bridge. Stage 1 produces the per-expert
summary 'cv%k) from the frames of expert k£ alone. To inform
each summary with frame-level evidence from the other ex-
perts, a cross-attention bridge can be inserted before Stage 2.
For each expert k, let

Fg;k) = [YT(zj)]1;T,(L-7) |=7 7k

denote the concatenated frame-level outputs of all other ex-
perts (with their summary positions removed). The bridge
updates each summary by

n

W LN (agg@ +MHA(E®), F(9), Ff’“))>, @

where MHA is multi-head attention with the summary as
query and the other experts’ frames as keys and values, and
LN denotes layer normalization. The bridged summaries are
then fused by Stage 2 as above.

Concatenation and averaging. The two simplest mecha-
nisms use the summaries directly, either concatenated, z,, =
[ng); . ;EgLK)} € RX, or averaged, z,, = & Zlea;’“).

In all four cases, the fused representation is fed to a small
MLP classifier, which produces the routing logits

sp = Wo GELU (W12, + by) + by € R, (5)

The corresponding routing probabilities are obtained by a
softmax
Wy = eXp(Sn,k)
n, - I
27[2:1 exp(Sn,m)
The router selects the expert with the highest predicted prob-
ability, as summarized in Algorithm [I]

k=1,....K. (6



D. Training Objective

The router parameters ¢ are learned offline from a labeled
dataset
D = {(zn, Rn)}r]yzl

of audio clips and their reference transcriptions. Before train-
ing, each expert Ay, is run on every clip to obtain the candidate
transcription Y, , = Aji(z,) and the per-clip WER, and
the encoder hidden states {H%k)} are cached in the same
pass. During router training, both the WER scores and the
encoder features are treated as fixed inputs. The per-clip
WER entering the objective is capped at 100%, so that a
rare hallucination loop, whose WER is unbounded, cannot
dominate the supervision of the router.

Given these fixed supervision signals and cached encoder
representations, we optimize the router with a composite
objective consisting of three loss terms. The first is a primary
weighted-WER loss that directly minimizes the expected tran-
scription error under the router’s distribution:

LS
Luer(0) = 55 D D wnk WERy, 1. (7)
n=1k=1
This loss directly aligns the router with task-level performance,
but the gradient that a single sample provides is weak when
all of its WER,, ;, values are similar in magnitude.

To strengthen the supervision early in training, we add an
auxiliary hard cross-entropy (CE) term against the per-clip
oracle expert, j» = argming WER,, 5, with label smoothing
e €[0,1):

N K
1 -
Lhara(9) =~ S Gk logwn i, ®)
n=1k=1
where
. J1l—-e+e/K, ifk=j;,
Ink = e/K, otherwise.

This term provides a stronger gradient but ignores how much
better the oracle expert is than the others.

To preserve the WER-magnitude information while keeping
a strong gradient, we also use a soft CE term against a
temperature-controlled target distribution derived from the
WER vector,

exp(—WER,, 1/7)

soft
Ak = ; 9
- Zranl exp(—WER,, ,,,/7)
| N K
Lon(0) = =5 D D @k logwny.  (10)
n=1k=1

Small 7 makes the target nearly hard, while larger 7 makes it
smoother and more sensitive to the relative WER differences
between experts.

The overall training objective is a weighted sum

Hgll’l 5(9) = /\wer ﬁwer(a) +)\hard Lhard(e) +/\soft £soft(9)a (1 1)
with non-negative coefficients (Awer, Anards Asoft) that determine

which combination of the three signals is used. The objective
is a hyperparameter of the router: the search of Section [[V-B

chooses among four instances of (1)), namely, hard CE alone,
soft CE alone, the WER term with hard CE, and the full
composite objective, with 7 = 0.1. The WER term alone is
not among them, because a router trained with it collapses
onto a single expert (Section [[V-E).

Remark. Although WER is used as the primary error mea-
sure because of its widespread use in speech recognition
research [52], [16l], any non-negative per-clip error metric,
such as character error rate (CER) or a domain-specific score,
can be substituted into (I)-(10) without modifying the router
architecture.

The complete offline training procedure is summarized in
Algorithm

Algorithm 2 Offline Training of the Hierarchical Router
Inputs
o {(xn,R,)}L_1: Labeled dataset of audio clips and references
e A={A4,...,Ax} and their encoders {F1,...,Ex}
o Loss coefficients (Awer, Anard, Asoft), label smoothing e, temper-
ature T
Output
Trained router go
Training Steps
1: Split dataset into training and validation sets: Diain, Dyal
2: for n < 1to N do
3: for £ <+ 1 to K do
4 Cache encoder features: H Ey(zn)
5: Decode and score: Y, < Ag(zn);
WER(Yn i, Rn)
end for
: end for
: for each training step do
9: Sample a minibatch B C Diain
10: Compute routing probabilities w,, from {H%k)} using @)—(6)
11: Compute soft target ¢=°% via ©
12: Compute composite loss £(6) on B via (TI)
13: Update 0 with a gradient-based optimizer (e.g., AdamW)
14: end for
15: Perform model selection and early stopping using Lyer on Dyy

WER, ,

IV. EXPERIMENTS

This section first verifies on synthetic data that the router
can exploit temporal structure when that structure carries the
routing signal (Section [[V-A). It then describes the evaluation
on four real corpora (Section and reports the main
results (Section [V-C), the routing behavior (Section [V-D)),
the ablation of the design switches (Section [[V-E)), and the
cost, complexity, and scalability of the router (Section [[V-F),
before discussing the scope of the method (Section [[V-G).

A. Synthetic Feasibility Check

1) Motivation: The central design choice in this work is to
keep the per-expert encoder outputs at frame-level resolution
rather than collapsing them into a single pooled vector. A
controlled test of this choice requires a setting in which
the optimal expert for a clip is determined by the temporal
structure of the clip itself rather than by any pooled summary
of it. In the synthetic setting below, pooled summaries are
insufficient by construction; the experiment is therefore a



feasibility check, which verifies that the router can exploit
temporal structure when such structure carries the routing
signal.

2) Synthetic Data Generation: We construct synthetic
datasets of N = 10,000 clips, each with a fixed length of
T = 128 frames, for pools of K = 3, 5, and 10 experts. Each
clip x,, is divided into two segments separated by a regime
switch at frame p,,, drawn uniformly between T'/4 and 37/4.
The first segment is drawn from an acoustic regime r,(ll) and
the second from a different regime n(f) =+ r%l), both from a
set of R = 4 regimes. For each regime, we fix a center vector
u,., and each frame is generated as

L)

n,t = Wk (u’rn‘t + nn,t)7 nn,t ~ N(Oa UQI)a

where W;, is an expert-specific random projection that sim-
ulates the hidden-state space of expert Ay, with widths Dy
of 1024 or 512, and r,,; = 7"53) for t < p, and 7, ; = 7"7(7,2)
otherwise.

We assign per-expert WER scores using a fixed table
WER,, r, » that depends only on the ordered pair of regimes
within the clip. For every ordered pair, one expert has a low
WER and the others have a high one. The table is constructed
so that no expert is uniformly best and the identity of the best
expert depends on both segments of the clip and, in general, on
their order, which a temporal average of the frames does not
reveal. We further add small Gaussian noise to each WER,, j,
to make the optimization non-trivial.

3) Models Compared: We compare HIT-ASR with MLP-
pool, a router that averages each expert’s frame sequence
over time and feeds the concatenated averages to a multilayer
perceptron (Section [[V-B)); with the best single expert on
the training split; and with the oracle that selects the per-
clip argminy WER,, ;. Both routers are trained with the
same objective and optimizer on an 80/20 training/test split,
with validation clips drawn from the training split, and every
configuration is repeated with three seeds.

4) Results: Table[l|reports the test WER, the selection accu-
racy, and the oracle gap, defined as WER pethod — WERracle- At
every pool size, HIT-ASR identifies the oracle expert from the
frame sequence on every test clip, so that its oracle gap is zero,
whereas MLP-pool, which reads the same frames averaged
over time, reaches 58.1, 51.3, and 50.4% selection accuracy
at K = 3, 5, and 10, respectively. As the pool grows, each
expert is best on a smaller share of the clips, and the WER of
the best single expert rises from 22.2 to 29.1%.

B. Experimental Setup on Real Corpora

1) Corpora: We evaluate on four English corpora that differ
in domain and recording conditions (Table [I): AMI-SDM
[S3], meetings recorded with a single distant microphone;
Earnings-22 [54], earnings calls with accented and sponta-
neous speech; People’s Speech [53]], diverse, openly licensed
recordings collected from the Internet; and AfriSpeech-200
[56], African-accented English in the clinical and general
domains. A clip is an utterance-level segment of a recording;
the mean clip length ranges from 2.6 to 10.3s across the
corpora. For every corpus, Table [lI| lists the numbers of clips,

TABLE I
SYNTHETIC REGIME-SWITCH CHECK WITH K = 3, 5, AND 10 EXPERTS:
TEST WER (%, MEAN £ SD OVER THREE SEEDS), SELECTION ACCURACY
(%), AND ORACLE GAP (WERMETHOD — WERORACLE, IN WER POINTS).

K System WER Sel. acc. Oracle gap
3 Best single expert 22.24 £ 0.41 423 17.76
MLP-pool 17.10 & 0.79 58.1 12.61
HIT-ASR 449 £ 0.27 100.0 0.00
Oracle 449 £+ 0.27 100.0 0.00
5 Best single expert 25.06 £+ 1.15 34.0 20.20
MLP-pool 19.14 4+ 0.42 51.3 14.28
HIT-ASR 4.86 £+ 0.43 100.0 0.00
Oracle 4.86 + 0.43 100.0 0.00
10 Best single expert 29.10 £ 0.25 18.4 24.61
MLP-pool 19.76 £+ 0.48 50.4 15.28
HIT-ASR 449 + 0.33 100.0 0.00
Oracle 449 + 0.33 100.0 0.00

hours, and reference words, the size of the hyperparameter
hold-out, the number of evaluation clips, and the training
and test sizes of every fold. Hypotheses and references are
normalized with the English text normalizer of Whisper [13]]
before the errors are counted.

2) Experts: Each corpus has its own trio of experts, drawn
from seven open ASR systems of five decoder families (Ta-
ble : Cohere-Transcribe [57], Granite-Speech-4.1-2b [58]],
Parakeet-TDT-0.6b-v3 [59], Kyutai-STT-2.6b [60], Parakeet-
CTC-1.1b [61], [62], Qwen3-ASR-1.7B [15]], and Voxtral-
Mini-3B [14]. Their encoder widths range from 512 to 1280,
their frame rates range from 12.5 to 50 frames per second,
and five of them decode with an autoregressive transformer
decoder: an attention decoder, a decoder-only transformer, or
a large language model. Each trio consists of complementary
experts, for which the per-clip oracle leaves headroom over the
best single expert (Table [[I). On Earnings-22 and AfriSpeech-
200, the three experts lie within 1.1 and 1.0 WER points of
one another, respectively, so that no static choice is clearly
preferable. Every expert is run once over its corpus to cache
its transcripts, per-clip errors, and encoder states.

3) Baselines: The best single expert is the expert with the
lowest WER on the training half of each fold, and the oracle
selects, for every clip, the expert with the lowest WER on that
clip. Random selects an expert uniformly at random for every
clip and is reported as a reference. ROVER with confidence-
weighted voting [28] and confusion-network minimum-Bayes-
risk combination (CN-MBR) [29], [30] combine the hypotheses
of the three experts after all of them have decoded; their
weighting, confidence sources, and null-word penalties are
tuned on the hold-out, as is every other model. MLP-pool
is a pooled-feature router: it averages each expert’s frame-
level encoder states over time, concatenates the averages with
the logarithm of the clip length, and maps them to a routing
distribution with a multilayer perceptron. It is trained with the
same code as HIT-ASR, with the same optimizer, schedule,
early-stopping rule, weight averaging, and ensemble of three
seeded fits, and with the full composite objective of Eq. (I1));
its hyperparameters are selected on the same hold-out under
the same budget. The objective of HIT-ASR is selected on



TABLE I
CORPORA, EXPERT TRIOS, AND PARTITIONS. A DISJOINT 25% HOLD-OUT OF EACH CORPUS IS USED ONLY FOR HYPERPARAMETER, OBJECTIVE, AND
ARCHITECTURE SELECTION; THE REMAINING CLIPS ARE EVALUATED BY 5X2 CROSS-VALIDATION (FIVE RANDOM HALVINGS, EACH HALF USED ONCE
FOR TRAINING AND ONCE FOR TESTING). EXPERT WERS (%) ARE MEANS OVER THE TEN TEST FOLDS. BSM: BEST SINGLE EXPERT.

AMI-SDM Earnings-22

People’s Speech AfriSpeech-200

Domain meetings, single distant microphone
Cohere-Transcribe (18.42)
Granite-Speech-4.1-2b (19.57)

Parakeet-TDT-0.6b-v3 (26.23)

Experts (WER)

Clips 41,641 12,088
Hours 29.7 259

Mean clip length (s) 2.6 7.7
Reference words 315,864 217,118
Hold-out clips (tuning) 10,410 3,022
Evaluation clips (5X2 cv) 31,231 9,066

Train / test clips per fold 15,615/ 15,616 4,533 / 4,533
Oracle headroom above the BSM (WER points) 6.7 3.8

earnings calls, accented and spontaneous
Cohere-Transcribe (13.88)
Kyutai-STT-2.6b (12.79)
Parakeet-TDT-0.6b-v3 (13.74)

Internet-sourced, noisy and diverse
Granite-Speech-4.1-2b (17.39)
Parakeet-CTC-1.1b (18.39)
Parakeet-TDT-0.6b-v3 (18.77)

African-accented English, clinical and general
Cohere-Transcribe (25.90)

Qwen3-ASR-1.7B (25.23)

Voxtral-Mini-3B (26.25)

14,299 9,544

282 274

7.1 103

286,169 156,221
3,575 2,386

10,724 7,158

5,362 /5,362 3,579 /3,579
4.6 8.3

TABLE III
THE SEVEN EXPERTS: HUGGING FACE CHECKPOINT, DECODER FAMILY, WIDTH d AND FRAME RATE OF THE ENCODER STATES THAT THE ROUTER READS,
AND THE CORPORA ON WHICH EACH EXPERT IS USED.

Expert Checkpoint Decoder family d Hz  Used on

Cohere-Transcribe CohereLabs/cohere-transcribe-03-2026  attention encoder—decoder (FastConformer, Transformer decoder) 1280 12.5  AMI-SDM, Earnings-22, AfriSpeech-200
Granite-Speech-4.1-2b  ibm-granite/granite-speech-4.1-2b Conformer encoder, Granite LLM decoder 1024 50.0 AMI-SDM, People’s Speech
Parakeet-TDT-0.6b-v3  nvidia/parakeet-tdt-0.6b-v3 token-and-duration transducer (FastConformer) 1024  12.5 AMI-SDM, Earnings-22, People’s Speech
Kyutai-STT-2.6b kyutai/stt-2.6b-en-trfs streaming decoder-only transformer on the Mimi codec 512 18.8  Earnings-22

Parakeet-CTC-1.1b nvidia/parakeet-ctc-1.1b CTC (FastConformer) 1024 12.5  People’s Speech

Qwen3-ASR-1.7B Qwen/Qwen3-ASR-1.7B-hf audio encoder, Qwen3 LLM decoder 1024 13.0  AfriSpeech-200

Voxtral-Mini-3B mistralai/Voxtral-Mini-3B-2507 Whisper-style encoder, Ministral LLM decoder 1280  50.0  AfriSpeech-200

the hold-out from the four instances of the same composite
loss (Section [III-D). ADASTT [32] is reimplemented within
the same code base as gradient-boosted trees [63] over the
same pooled encoder states of the experts as MLP-pool, so
that it runs on the same clips, experts, hold-out, and folds as
HIT-ASR; its hyperparameters are selected on the same hold-
out under the same budget.

4) Protocol: Every model is tuned on a hold-out of 25%
of the clips of each corpus and evaluated by 5x2 cross-
validation [64] on the remaining clips: the evaluation clips
are split into two halves at random five times, and each
half is used once for training and once for testing, so that
every model is trained and tested on the same ten folds.
Every result is the mean =+ standard deviation, over these
ten folds, of the corpus WER, i.e., the total number of word
errors divided by the total number of reference words. Every
design choice, for HIT-ASR and for every baseline alike,
is made on the hold-out: the hyperparameters, the objective
and its coefficients, the fusion mechanism, the sharing of
Stage 1, and the input normalization. The search splits the
hold-out into fitting and validation clips (30% validation), runs
a random search over each model’s search space (Table S1 of
the supplementary material) with the same budget for every
model, and keeps the configuration with the lowest validation
WER. This configuration is then frozen, trained on the training
half of every fold, and tested on its test half. The evaluation
folds are used only for testing.

Significance test. Every comparison with HIT-ASR is tested
with the paired 5x2 cv ¢ test [64] on the corpus WER of
the ten folds. Let d; ; be the WER difference between a
system and HIT-ASR on fold j of repetition i, and let s?

be the variance of the two differences of repetition i. The
statistic ¢t = dj 1 / %215:1 512 follows a ¢ distribution with
five degrees of freedom under the null hypothesis, from which

a two-sided p-value is computed.

Tables [TV] and [V] and the timing of Table are computed
on these test folds, whereas the ablation of Table is
computed on the validation clips of the hold-out and reports
shares of the oracle gap rather than WERs.

5) Training Details: Both neural routers (HIT-ASR and
MLP-pool) are trained with AdamW, a linear warm-up of
200 steps followed by cosine decay, gradient clipping at 1.0,
and mixed precision. An exponential moving average of the
weights over two epochs is used for validation and as the final
model. Training stops early on the expected validation WER,
i.e., Lyer on a validation subset drawn from the training half
of the fold, after a minimum of ten epochs. Each model is
an ensemble of three fits with different seeds, whose routing
distributions are averaged. All experiments are run on NVIDIA
RTX PRO 6000 Blackwell Server Edition GPUs.

C. Main Results

Table [[V| reports the corpus WER of every system together
with the p-value of the paired test against HIT-ASR. HIT-
ASR attains the lowest WER on every corpus. Relative to
the best single expert, which is the system that would be
deployed without a router, HIT-ASR reduces the WER by
6.7, 6.3, 9.1, and 11.2% relative on AMI-SDM, Earnings-22,
People’s Speech, and AfriSpeech-200, respectively, and the
improvement is statistically significant on every corpus.

The comparison with MLP-pool isolates the contribution
of the temporal structure: MLP-pool reads the same encoder
states of the same experts, averaged over time, and shares
the training procedure, ensemble, hold-out, and budget of
HIT-ASR. MLP-pool itself clearly outperforms the best single
expert, and HIT-ASR improves significantly on MLP-pool on
all four corpora, with fewer parameters on three of them
(24.5, 11.9, and 2.0M versus 45.7, 15.0, and 44.1M on AMI-
SDM, Earnings-22, and People’s Speech, respectively). HIT-
ASR also improves on ADASTT, the tree-based selector over



TABLE 1V
CorPUS WER (%, MEAN = SD OVER THE TEN TEST FOLDS OF THE 5X2 CROSS-VALIDATION) AND THE p-VALUE OF THE PAIRED 5X2 CV t TEST
AGAINST HIT-ASR ON THE SAME FOLDS (SECTION[[V-BJ). THE BEST SINGLE EXPERT IS SELECTED ON THE TRAINING HALF OF EACH FOLD; THE
ORACLE SELECTS, FOR EVERY CLIP, THE EXPERT WITH THE LOWEST WER. ALL SELECTORS AND ENSEMBLES ARE TUNED ON THE DISJOINT HOLD-OUT.
BoOLD: LOWEST WER AMONG THE NON-ORACLE SYSTEMS.

AMI-SDM Earnings-22 People’s Speech AfriSpeech-200
System WER P WER P WER p WER P
Best single expert 18.42 + 0.22 0.008 12.79 4+ 0.24 0.003 17.39 4+ 0.26 0.001 25.82 4+ 1.03 0.047
Random 2142 £ 048 <0.001 13.51 £+ 0.32 0.004 18.32 4+ 0.89 0.067 25.69 = 0.94 0.012
ROVER (conf.-weighted) 20.03 £ 0.37 <0.001 13.60 & 0.36 <0.001 18.15 £ 0.23 <0.001 31.17 &£ 1.27 0.002
CN-MBR 2399 £+ 044 <0.001 14.06 £+ 0.40 0.003 19.12 £ 1.17 0.036 31.71 + 1.36  0.002
MLP-pool 17.44 +£ 0.21 0.034 12.14 + 0.36 0.040 16.29 4+ 0.32 0.033 23.71 £0.79 0.045
ADASTT 18.23 £ 0.22 0.010 12.82 £ 0.33 0.016 16.78 £ 0.23 0.008 24.84 £ 1.36 0.154
HIT-ASR 17.19 £+ 0.30 — 1198 £ 0.27 — 15.80 £+ 0.19 — 2293 £+ 0.59 —
Oracle 11.68 £ 0.13 — 9.00 £0.18 — 1274 £ 0.13 — 1751 £0.38 —

TABLE V
ROUTING BEHAVIOR ON THE TEN TEST FOLDS: SHARE OF CLIPS (%)
ROUTED TO EACH EXPERT OF THE TRIO, AND SELECTION ACCURACY (%,
MEAN =+ SD OVER THE FOLDS), I.E., THE SHARE OF CLIPS ROUTED TO AN
EXPERT WITH THE LOWEST WER ON THAT CLIP.

Router El E2 E3 Sel. acc.
AMI-SDM: E1-E3 = Cohere / Granite / Parakeet-TDT
MLP-pool 74.8 21.0 43 784 £ 0.5
ADASTT 96.1 38 0.1 749 + 0.4
HIT-ASR  39.7 541 6.2 79.7 £ 0.6
Oracle 73.6 20.8 5.6 100.0
Earnings-22: E1-E3 = Cohere / Kyutai / Parakeet-TDT
MLP-pool 66.7 182 15.1 73.1 £ 0.6
ADASTT 898 26 7.6 68.9 £+ 0.8
HIT-ASR 735 120 146 732 £ 0.7
Oracle 64.1 209 15.0 100.0
People’s Speech: E1-E3 = Granite / Parakeet-CTC / Parakeet-TDT
MLP-pool 69.8 15.1 15.1 70.5 £ 0.7
ADASTT 917 6.6 1.7 69.2 £ 0.7
HIT-ASR 455 22.1 324 71.6 £ 0.4
Oracle 67.3 18.3 143 100.0
AfriSpeech-200: E1-E3 = Cohere / Qwen3-ASR / Voxtral
MLP-pool 63.1 244 12.6 629 £ 0.6
ADASTT 87.0 100 3.0 61.6 £ 0.5
HIT-ASR 528 27.6 19.6 634 + 0.9
Oracle 60.6 249 144 100.0

the same pooled states, on all four corpora, by 5.7, 6.5, 5.8, and
7.7% relative. With these trios, the hypothesis-level ensembles,
which decode every expert before combining, have a higher
WER than the best single expert, and HIT-ASR improves
significantly on both on every corpus while decoding a single
expert per clip.

D. Routing Behavior

Table |V| reports how each router distributes the clips over
the experts, together with its selection accuracy (the share
of clips routed to an expert with the lowest WER on that
clip). Neither pooled router collapses onto one expert: MLP-
pool sends between 63 and 75% of the clips to its most
frequent choice, and ADASTT concentrates more strongly on
one expert. HIT-ASR reaches the highest selection accuracy
of all routers on every corpus (79.7, 73.2, 71.6, and 63.4%).

Because many clips are transcribed equally well by several
experts, a router can depart from the oracle’s distribution while
still choosing a best expert. HIT-ASR does so on AMI-SDM,
where it routes most clips to Granite-Speech-4.1-2b, whereas
the oracle’s most frequent choice is Cohere-Transcribe.

E. Ablation of the Design Switches

The design switches of HIT-ASR (the fusion mechanism,
the sharing of Stage 1, the objective, and the input normal-
ization) are hyperparameters of the search. We estimate their
effect from an exploration of the router’s search space on the
hold-outs of AMI-SDM, Earnings-22, and People’s Speech, in
which 60 configurations per corpus are drawn at random with
every switch free, and each configuration is fitted once on the
fitting clips of the hold-out. For every level of every switch,
Table |VI| reports the share of configurations that collapse onto
the best single expert, the median and the best share of the
oracle gap closed on the validation clips of the hold-out, and
the median parameter count.

Over the configurations that do not collapse, the four fusion
mechanisms close a similar share of the oracle gap: the median
share closed by the cross-attention bridge is 13-21, 29-33, and
21-38% on AMI-SDM, Earnings-22, and People’s Speech,
respectively (range over three seeds), versus —3-17, 27-33,
and 34-44% for the other mechanisms. The mechanisms differ
in reliability: the bridge, the largest mechanism, collapses
in 36-57% of its configurations with labeled sets of this
size, versus 17-50% for the others, and the search selects a
simpler mechanism on every corpus. The fusion mechanism is
therefore best treated as a hyperparameter: with a few thousand
labeled clips, the simpler mechanisms are the more reliable
choice, and the bridge remains an option of the framework.

The capacity of Stage 1 matters: per-expert Stage 1 weights
double the size of the router (3.3 versus 1.7M parameters at
the median on AMI-SDM) and raise the median share of the
gap closed on all three corpora (7 versus 5%, 28 versus 22%,
and 35 versus 23%), while the best configurations of the two
levels are close. The search selects per-expert weights on three
of the four corpora.

The WER term alone leads to collapse. Its gradient is weak
early in training, when the routing distribution is close to



TABLE VI
DESIGN SWITCHES OF HIT-ASR, ESTIMATED FROM THE EXPLORATION OF ITS HYPERPARAMETER SPACE ON THE HOLD-OUTS OF AMI-SDM,
EARNINGS-22, AND PEOPLE’S SPEECH; NO EVALUATION CLIP IS USED. FOR EVERY LEVEL OF A SWITCH, OVER ALL OTHER HYPERPARAMETERS:
NUMBER OF CONFIGURATIONS (72), SHARE OF CONFIGURATIONS THAT COLLAPSE ONTO THE BEST SINGLE EXPERT (COLL., CLOSING AT MOST 1% OF ITS
GAP TO THE ORACLE), MEDIAN AND BEST SHARE OF THAT GAP CLOSED (%) ON THE VALIDATION CLIPS OF THE HOLD-OUT, AND MEDIAN NUMBER OF
PARAMETERS (PAR., M).

Switch Level AMI-SDM Earnings-22 People’s Speech Par.
n coll. med. best n coll. med.  best n coll. med.  best M

Fusion cross-attention bridge 14 50 5 22 14 57 0 34 14 36 14 44 32
concatenation 6 50 1 10 6 17 27 41 6 17 27 43 2.8

averaging 18 22 8 28 18 28 24 42 18 17 29 59 2.7
self-attention 22 36 5 25 22 36 27 41 22 27 34 53 1.8

Stage 1 per-expert 27 26 7 26 27 37 28 42 27 26 35 59 33
shared 33 45 5 28 33 36 22 41 33 24 23 55 1.6

Objective ~ WER + hard + soft CE 7 43 11 16 7 14 31 35 7 14 26 43 32
WER + soft CE 6 33 11 25 6 50 2 35 6 33 42 52 2.4

hard CE 9 56 0 5 9 22 22 37 9 11 22 37 1.9

soft CE 10 20 7 14 10 0 30 42 10 0 42 59 1.8

WER + hard CE 8 0 9 14 8 12 31 41 8 12 41 52 22

WER + soft CE (7=1) 8 12 19 21 8 38 5 30 8 0 23 54 1.6

WER only 12 75 =21 28 12 100 0 0 12 83 0 25 34

Input raw 27 37 6 25 27 44 5 41 27 26 21 54 2.1
scaled 17 47 5 21 17 29 29 42 17 29 28 55 2.4

standardized 16 25 6 28 16 31 27 35 16 19 36 59 2.8

uniform and the experts’ WERs differ little on most clips, so
that the router converges to the expert that is best on average:
75-100% of the WER-only configurations collapse onto the
best single expert, versus 0-20% with soft CE, and the median
WER-only configuration routes 100% of the AMI-SDM clips
to a single expert. This objective is therefore not among those
searched in the main experiments. Soft CE alone and the
WER term with hard CE are the objectives that collapse least
often, and the search selects one of them on every corpus.
Normalizing the inputs raises the median share of the gap
closed on Earnings-22 and People’s Speech, while the best
configurations of the three input levels are close.

F. Cost, Complexity, and Scalability

Table reports the cost of every pipeline measured end
to end on raw audio, one clip at a time on one RTX PRO
6000 Blackwell Server Edition GPU: the encoder and decoder
times of every expert; HIT-ASR with all encoders, the router,
and the selected expert’s decoder; and the decoding of all
experts that every hypothesis-level ensemble requires. For the
five experts with an autoregressive transformer decoder, the
decoder takes 46-99% of the pipeline’s time. HIT-ASR incurs
the cost of every encoder and of its router (5.6 to 8.2ms per
clip), but of only one decoder. It needs 40 to 90% less time
than decoding all experts, and it is faster than the best single
expert on Earnings-22, People’s Speech, and AfriSpeech-200
(0.11, 0.73, and 0.49 times its time, respectively), because
it routes many clips away from an expensive autoregressive
decoder. On AMI-SDM, whose best single expert is one of
the fastest pipelines, HIT-ASR takes 2.52 times as long.

The complexity of each stage follows from the architecture.
The encoder cost is linear in K and is incurred on every clip,
whereas the decoder cost is that of one expert, independent of
K. Stage 1 applies self-attention within each expert’s sequence

of at most 7' frames, at a cost of O(K T?d) for router width
d. The fusion operates on K summary vectors, except for the
cross-attention bridge, which attends from each summary to
the frames of the other experts at a cost of O(K?Td). On
AMI-SDM, the router has 24.5M parameters over its three
seeded fits and needs 0.72 GFLOPs and 7.7 ms per clip, versus
51.3 ms for the three encoders.

The supervision of the router requires one labeling pass, in
which every expert transcribes every labeled clip once and
its encoder states are cached. Estimated from the experts’
measured throughput, this pass takes 0.4, 2.1, 0.2, and 0.5
GPU-hours on AMI-SDM, Earnings-22, People’s Speech, and
AfriSpeech-200, respectively. The pass is parallel across ex-
perts and clips and is amortized over all router training runs;
training the three-seed ensemble on the cached states then
takes 2 to 30 min per fold. The router is trained for a fixed
pool: adding an expert requires retraining the router, but only
the new expert has to be run over the labeled clips, and no
expert is fine-tuned.

The cost of the router grows moderately with the pool size,
because only the per-expert projections and Stage 1 grow with
K, while the fusion operates on K summary vectors. From
K =3 to K = 10, one fit of the router selected for People’s
Speech grows from 0.7 to 1.6M parameters and from 1.7 to
5.1ms per clip, and on the synthetic task, HIT-ASR selects
the oracle expert at K = 3, 5, and 10 (Table [H) The cost
that grows linearly with K is that of the experts’ encoders,
which run on every clip, together with the memory that holds
the experts (8.0 to 17.6 GB of weights for the trios studied
here). For large pools, natural remedies are to prune the pool to
complementary experts or to use a cascade that runs additional
encoders only when the first ones are uncertain.



TABLE VII

MEASURED COST PER CLIP ON RAW AUDIO, ONE CLIP AT A TIME ON ONE RTX PRO 6000 BLACKWELL SERVER EDITION GPU, ON CLIPS OF A TEST
FOLD: ENCODER (ENC.), ROUTER, DECODER (DEC.), AND TOTAL TIME (MS), REAL-TIME FACTOR (RTF), TIME RELATIVE TO THE BEST SINGLE EXPERT
(XBEST), FLOATING-POINT OPERATIONS OF THE ROUTER PER CLIP (GFLOPS), AND GPU MEMORY HELD BY THE EXPERTS’ WEIGHTS (GB). HIT-ASR

RUNS EVERY ENCODER, THE ROUTER, AND THE DECODER OF THE SELECTED EXPERT, WHICH REUSES ITS ENCODER PASS; “DECODE ALL + ROVER”

RUNS EVERY EXPERT’S PIPELINE BEFORE COMBINING. FOR A SINGLE EXPERT, ENC. AND DEC. TIME THE SPLIT PATH THAT HIT-ASR USES (THE
ENCODER PASS WHOSE STATES THE ROUTER READS, THEN DECODING FROM THAT PASS), WHEREAS TOTAL TIMES THE EXPERT’S OWN UNMODIFIED
PIPELINE IN A SEPARATE RUN, SO THAT ENC. AND DEC. NEED NOT ADD UP TO TOTAL.

Corpus System Enc. Router Dec.  Total RTF  xbest GFLOPs Weights
AMI-SDM Cohere-Transcribe (best single) 259 - 21.8 422 0.020 1.00 - 4.1
Granite-Speech-4.1-2b 16.7 - 87.0 96.9  0.047 2.29 - 4.6
Parakeet-TDT-0.6b-v3 11.1 - 17.0 374 0.018 0.89 - 1.3
HIT-ASR 51.3 7.7 474 106 0.051 2.52 0.72 10.0
Decode all + ROVER - - 178 178  0.086 421 - 10.0
Earnings-22 Cohere-Transcribe 27.5 - 46.2 67.5 0.010 0.03 - 4.1
Kyutai-STT-2.6b (best single) 15.5 - 1,964 1965 0281 1.00 - 5.6
Parakeet-TDT-0.6b-v3 12.6 - 36.5 57.5  0.008 0.03 - 1.3
HIT-ASR 49.8 6.2 161 217 0.031 0.11 1.05 11.0
Decode all + ROVER - - 2,106 2,106 0.301 1.07 - 11.0
People’s Speech  Granite-Speech-4.1-2b (best single) 18.0 - 205 215 0.035 1.00 - 4.6
Parakeet-CTC-1.1b 25.2 - 0.3 22.5  0.004 0.10 - 2.1
Parakeet-TDT-0.6b-v3 13.0 - 36.1 572 0.009 0.27 - 1.3
HIT-ASR 51.1 5.6 99.8 157 0.025 0.73 3.01 8.0
Decode all + ROVER - - 298 299  0.048 1.39 - 8.0
AfriSpeech-200  Cohere-Transcribe 30.5 - 61.9 823  0.006 0.30 - 4.1
Qwen3-ASR-1.7B (best single) 12.0 - 264 271 0.021 1.00 - 4.1
Voxtral-Mini-3B 24.7 - 281 302 0.024 1.11 - 9.4
HIT-ASR 65.5 8.2 59.3 133 0.010 0.49 5.82 17.6
Decode all + ROVER - - 658 659  0.052 2.43 - 17.6

G. Discussion and Limitations

The synthetic check shows that the router can exploit tem-
poral structure when that structure carries the routing signal.
The four corpora show that it also does so under realistic
conditions: on all of them, HIT-ASR improves significantly on
MLP-pool, a router that reads the same encoder states averaged
over time.

HIT-ASR selects one expert for the whole clip: it uses
the temporal structure within the clip to inform a clip-level
decision and does not switch experts within a clip, so that
the clip-level oracle is the ceiling of the method. On AMI-
SDM, Earnings-22, and People’s Speech, a clip is itself an
utterance-level segment of a longer recording, so that the
selected expert can change from one segment of a recording to
the next. Routing within a clip is a natural extension, in which
a router chooses an expert for every segment with a cost for
each switch; the clip-level router is the special case with an
infinite switching cost. Switching within a clip is not free,
however. First, the experts recognize each word in the context
of the surrounding segment, and recognition benefits from
longer context [65]. Second, joining the hypotheses of different
experts at every cut requires word-level timestamps, which
attention-based decoders such as Whisper do not provide
natively and which must be recovered with an external forced
aligner [66]]. Third, even a single model that transcribes long
audio in consecutive windows needs dedicated heuristics at
the window boundaries [[13]]. In this study, the baselines that
combine experts within a clip, word by word, are ROVER and
CN-MBR, and with the experts of these trios, neither improves
on the best single expert (Table [[V]).

V. REPRODUCIBILITY

The code, the data, and a reproducibility package are
publicly available. The repository https://github.com/husey
in-karaca/hit-asr, contains the router, every baseline, and one
notebook per experiment of this paper, each of which runs on
Google Colab, together with documentation and a test suite.
The dataset https://huggingface.co/datasets/huseyin-karaca/
hit-asr holds the experts’ transcripts and per-clip errors, their
frame-level encoder states, the hyperparameter searches, and
the results of every fold; Docker images for CPU and GPU
run the same notebooks on any machine. The experiments can
be reproduced at three levels: level 1 recomputes every table
of this paper from the stored searches and folds on a CPU
in minutes, level 2 retrains every model from the published
encoder states, and level 3 rebuilds the experts’ transcripts and
encoder states from the raw audio and retrains every model
on them. Run from a fresh download of the public package,
level 1 reproduces every table exactly, and in our level-2 runs
on the GPU type of the published records, every baseline was
reproduced to the last digit. Neural routers retrained on a GPU
are not guaranteed to be bit-identical to the published runs,
because GPU training is not deterministic. The dataset card
documents how the transcripts of each expert were produced.

VI. CONCLUSION

We introduced HIT-ASR, a router that selects, for each
clip, one of several complete and frozen ASR systems from
the frame-level encoder states of all of them, before any
of them decodes. A per-expert temporal encoder summarizes
each expert’s frames at that expert’s native frame rate, a fusion
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step combines the summaries, and a WER-aware objective
supervises the router with the measured error of every expert
on every clip. On four corpora with trios of current open ASR
systems, HIT-ASR attains the lowest WER on every corpus,
6.3 to 11.2% relative below that of the best single expert.
Its improvements over the best single expert, over a pooled-
feature router trained with the WER-aware objective, and over
two hypothesis-level ensembles are statistically significant on
every corpus, and it requires less computation time per clip
than the best single expert on three of the four corpora. Several
directions remain open: segment-level routing with a cost
for each switch, trained on segment-level labels obtained by
aligning the references to the segments; routers that generalize
to unseen experts without retraining, for instance from an
expert-agnostic description of each expert’s encoder states;
pruning the pool to complementary experts; and a cascade that
runs additional encoders only when the first ones are uncertain.
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