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Abstract

While having a significant potential for paral-
lel processing in theory, diffusion-based non-
autoregressive text generation remains ineffi-
cient due to the need for multiple denoising
steps. Performance degrades sharply if a low
number of steps is used, such as in flow match-
ing. To enable accurate one-step generation, we
propose a novel shortcut flow-matching model
that learns to directly predict multi-step denois-
ing outcomes in a single step. Experiments
conducted on three datasets demonstrate consis-
tent improvements over classic flow-matching,
with BLEU scores more than doubling on two
datasets. We also tested five different ways
of extending shortcut models with commonly
used techniques.

1 Introduction

Non-autoregressive (NAR) text generation has
emerged as a promising direction for accelerating
language models via fully parallel token processing.
Recent diffusion-based approaches have narrowed
the gap between the output text quality of NAR and
classic autoregressive models (Tae et al., 2025; Zhu
et al., 2025).

Despite some advances, diffusion-style models
still require numerous iterative denoising steps to
numerically solve the underlying stochastic differ-
ential equation, which defines a continuous trajec-
tory in latent space along which noise is gradually
transformed into data. A high number of steps
often eliminates the computational gain from pre-
dicting all tokens in parallel (Li et al., 2023; Xu
et al., 2025), while reducing the number of steps in-
troduces time-discretization errors: coarse solvers
poorly approximate the continuous trajectory, a
problem that is further exacerbated by the highly
curved flows these models tend to learn in embed-
ding space (Lee et al., 2023).

Recently, flow-matching models (Lipman et al.,
2023) emerged as a promising approach for few-

Figure 1: Overview of the proposed method, with visu-
alizations of different components of the loss function.

step or even one-step text generation. Unlike dif-
fusion models, these methods follow deterministic
trajectories instead of relying on stochastic sam-
pling, which makes the denoising process both con-
ceptually simpler and computationally more effi-
cient. Nevertheless, the induced denoising trajecto-
ries are still curved and their one-step generation
capabilities remains limited, typically falling short
of that achieved by diffusion models (Liu et al.,
2024; Hu et al., 2024a).

In this work, we apply the idea of learning short-
cuts in flow-matching trajectory (Frans et al., 2025)
to enable more accurate NAR text generation with
a single denoising step. During training, the pro-
posed shortcut model learns to predict the outcome
of multiple denoising steps in a single shot, in addi-
tion to performing a standard flow-matching update
(see Figure 1). This allows the model to exploit
shortcut directions and complete the generation
process in far fewer steps, ultimately supporting ef-
ficient one-step, non-autoregressive text generation.
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Extensive experiments1 conducted on three text
generation datasets demonstrate consistent and sig-
nificant improvements in text quality over standard
flow-matching models.

2 Proposed approach

2.1 Flow-matching model

Flow-matching models generate text starting from a
random text representation following Gaussian dis-
tribution and iteratively denoise it to match the text
representation. Unlike standard diffusion models,
whose denoising trajectories inject random noise
at every step, flow-matching uses a deterministic
linear interpolation to define a path between the
random input and the target output. More precisely,
the trajectory is

zt = (1− t)z0 + tz1 (1)

where z0 ∼ N(0, I), z1 ∼ pdata(z) and t ∈ [0, 1].
The model learns to approximate the corresponding
velocity field,

fθ(zt, t) ≈ v(zt, t) = z1 − z0 (2)

Generation proceeds by sampling a random z0 ∼
N(0, I) and performing n iterative updates:

zt+ 1
n
= zt +

1

n
fθ(zt, t) (3)

In the sequence-to-sequence text generation set-
ting, we denote the source text as x and the target
text as y1. Following the parametrization of Liu
et al. (2024), we define the transport flow only over
the target sequence – note that x is not dependent
on t:

zt = x⊕ yt

where ⊕ denotes concatenation.

2.2 Shortcut model

Although standard flow-matching models can pro-
duce high-quality text, they often require more de-
noising steps to match the performance of diffusion
models (Liu et al., 2024). To enable more accurate
one-step text generation within the flow-matching
framework, we propose leveraging shortcut models
– originally developed for computer vision (Frans
et al., 2025) – to learn to generalize across a broad
range of step sizes, including very large ones. Such

1Our code is at https://github.com/jwarczynski/
FMShortcut.

models were also already successfully applied in
the speech domain (Zuo et al., 2025) and the adap-
tation of these models to text domain is a main
contribution of this work.

The key idea of a shortcut model is that, in addi-
tion to modeling the standard flow-matching trajec-
tory, the model is also trained to predict shortcut
directions, i.e. directions that account for the cur-
vature of the denoising trajectory and allow taking
larger steps while remaining on the intended path.
The shortcut model is trained by enforcing self-
consistency: a single large step taken along a short-
cut direction should produce the same result as two
smaller steps taken along standard directions.

In comparison to classical flow-matching, the
shortcut model sθ(zt, t, d) has an additional pa-
rameter d controlling the step size of the short-
cut. When d = 0, the model reduces to a standard
flow-matching model that approximates the instan-
taneous velocity:

sθ(zt, t, 0) ≈ v(zt, t) = z1 − z0 (4)

For larger step sizes d > 0, however, the model
must account for the future curvature of the tra-
jectory and predict an appropriate direction for a
longer update. In particular, the velocity direction
for a step size 2d should be equal to the velocity
obtained by performing two steps of size d.

sθ(zt, t, 2d) =
1

2
(sθ(zt, t, d) + sθ(zt+d, t+ d, d))

(5)

2.3 Model training
The above property is used during training in the
loss function that combines three terms: (1) Flow-
Matching Loss (LFM) for local steps (d ≈ 0), (2)
Self-Consistency Loss (LSC) for recursive boot-
strapping across larger d, and (3) Rounding Loss
(Lround) as a regularizer to prevent embedding col-
lapse. The full training loss is a weighted sum of
the terms described above:

Ltotal = LFM + λSC · LSC + λround · Lround (6)

where λround, λSC ∈ R are weight values and the
definitions of partial loss functions are provided
below.

Flow-Matching Loss (LFM): For a small d =
ϵ → 0, the model is trained to match the ground-
truth empirical velocity:

LFM = Ez0,z1,t ∥sθ(zt, t, 0)− (z1 − z0)∥2 (7)
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Self-Consistency Loss (LSC): For d > 0, the
target shortcut vector is constructed recursively,
using the trajectory halving rule from Eq. 5:

starget =
1

2
(sθ(zt, t, d) + sθ(zt+d, t+ d, d)) (8)

and the loss function is defined as:

LSC = Ey0,y1,t,d

∥∥sθ(zt, t, 2d)− starget
∥∥2 (9)

where yt+d = yt + d · sθ(zt, t, d).

Rounding Loss (Lround) Following (Liu et al.,
2024), we also include the rounding loss, which
prevents the collapse of learned token embeddings
to a single point. We define the loss using negative
log-likelihood over a learned embedding matrix Φ:

Lround = −Ez1 log pΦ(wz | z1) (10)

where z1 is the embedding of the tokenized input-
output sequence wz , and pΦ is the probability distri-
bution over vocabulary tokens obtained via round-
ing:

pΦ(wz | z1) = softmax(z1Φ⊤) (11)

For pseudocode, see Alg. 1 in the Appendix.

2.4 Text generation
With such defined shortcut model, one-step decod-
ing can be simply realized by setting d = 1 and
computing:

z1 = z0 + sθ(z0, 0, 1)

3 Experimental setup

We performed multiple computational experiments
to assess the usefulness of the proposed shortcut
flow-matching models for text generation.

Datasets We experiment with three popular text
generation datasets (the task of text paraphras-
ing): Quora Question Pairs (QQP, DataCanary
et al., 2017), PAWSWIKI (Zhang et al., 2019) and
ParaSCI (Dong et al., 2021). These datasets were
used in related NAR research (Zou et al., 2024;
Hu et al., 2024a; Yuan et al., 2024) and their basic
characteristics are provided in App. D.

Metrics The quality of the generated texts was
mainly assessed using two metrics, used in re-
lated research: a standard n-gram–based metric,
BLEU (Papineni et al., 2002), and a learned metric,
BERTScore (Zhang et al., 2020). In the appendix,

the results of other popular metrics are provided:
ROUGE-1 and ROUGE-L (Lin, 2004).

Additionally, an LLM-based evaluation was per-
formed using the pre-validated metric Themis (Hu
et al., 2024b). It is a reference-free metric that
enables evaluation of user-defined quality aspects.
We adopted three quality aspects used for the para-
phrasing task in the original Themis paper: fluency,
semantic similarity, and overall quality. See the
definitions in App. C.

The BLEU implementation from the NLTK
package was used (Bird and Loper, 2004), Themis
evaluation was performed using the code from the
original repository (Hu et al., 2024b), and the re-
maining metrics were computed using the Hugging-
Face library (Wolf et al., 2020).

Model training The underlying architecture is a
Transformer-based encoder which follows BERT-
base configuration (Devlin et al., 2019). The op-
timizer is AdamW (Loshchilov and Hutter, 2019)
with an initial learning rate of 10−4. Exponen-
tial moving average (EMA) smoothing is applied
to model parameters. The models operate at a
fixed maximum length (128 tokens for QQP and
PAWSWIKI , 256 for ParaSCI) and truncate the out-
puts based on an EOS token. See more details in
App. A.

Model extensions We performed additional ex-
periments with the proposed shortcut model cou-
pled with three different, well-established exten-
sion strategies for NAR generation.

Self-conditioning was introduced by Strudel
et al. (2022) to improve denoising quality by al-
lowing the model to reuse its own intermediate
predictions. Instead of predicting the target from
the noisy input zt alone, the model is also condi-
tioned on its earlier estimate of yt. In practice,
this additional input is concatenated to zt along the
feature dimension. During training, the additional
input yt is constructed by performing an additional
forward pass without self-conditioning.

Classifier-Free Guidance (CFG, Ho and Sal-
imans, 2022) is a technique to generate instances
better aligned with the provided condition. During
training, a fraction of conditioning inputs (here:
10%) are randomly replaced by an unconditional
placeholder embedding zuncond

t . The model is thus
exposed to both conditional and unconditional ex-
amples, sharing representations across them. Dur-
ing inference, the conditioning is strengthened by
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QQP PAWSWIKI ParaSCI
Model Steps BLEU BERTScore BLEU BERTScore BLEU BERTScore

Non-autoregressive flow-matching models
Flow-matching (baseline, Liu et al., 2024) 1 14.20 0.6170 20.97 0.6465 6.05 0.5454
Shortcut model (ours) 1 19.40 0.8143 42.71 0.8634 13.55 0.7843

Non-autoregressive diffusion models
DiffuSeq (Gong et al., 2023) 2000 31.49 - 25.89 0.8447 - -
SeqDiffuSeq (Yuan et al., 2024) 2000 26.67 - 28.13 - - -

Autoregressive models
Transformer n/a 29.10 0.8000 42.40 0.9200 27.10 0.6000
T5 n/a 33.50 - 61.05 0.8991 26.20 0.5500

Table 1: Text generation performance of the proposed shortcut models compared with standard flow-matching and
other related models. For non-autoregressive methods, the number of denoising steps (Steps) is reported.

Model T.step. BLEU BERTS.

Shortcut model 21k 19.4 0.814
+ Self-conditioning 15k 19.3 0.806
+ Classifier-free guid. 23k 19.4 0.806
+ BERT initialization 10k 19.5 0.826
+ embedding matrix init. 46k 18.6 0.773
+ frozen embedding init. 11k 0.0 0.191

Table 2: Results of experiments combining the shortcut
model with additional training techniques on the QQP
dataset. The number of training steps (T.step.), BLEU
and BERTScore (BERTS.) are reported.

lowering the probability of tokens predicted by the
unconditioned model:

sCFG = (1+w) · sθ(zt, t, d)−w · sθ(zuncond
t , t, d)

where w is a hyperparameter controlling the
strength of conditional alignment.

BERT initialization While conditioning and
guidance determine how information is injected,
initialization strongly influences training dynam-
ics. We therefore investigated three strategies of
initializing the model with pretrained weights from
BERT (Devlin et al., 2019): (1) initialize the en-
tire transformer model (BERT initialization), (2)
use only the word embedding matrices (embedding
matrix init.) and (3) use pre-initialzed and frozen
word embedding matrices (frozen embedding init.).

4 Results

Shortcut models improve one-step generation
capabilities The main comparison between the
classic flow-matching method and the proposed
shortcut models is presented in Tab. 1. For ref-
erence, we also report results of several methods
from the literature: DiffuSeq (Gong et al., 2023)
and SeqDiffuSeq (Yuan et al., 2024), which are

Figure 2: BERTScore results as a function of NDS on
the QQP dataset

diffusion-based models, as well as two autoregres-
sive approaches: a vanilla Transformer (Vaswani
et al., 2017) and fine-tuned T5-based models (Raf-
fel et al., 2020) (see details in App. B).

The proposed shortcut models achieve statisti-
cally significant improvements on all three datasets
(t-test, p < 0.001). On two datasets, PAWSWIKI

and ParaSCI, our model more than doubles the
baseline BLEU score. On QQP, diffusion mod-
els achieve the highest performance among non-
autoregressive methods. Note that, in contrast to
our one-step decoding, the reported results for dif-
fusion models require 2000 denoising steps.

Multi-step generation does not significantly im-
prove shortcut performance We conducted ex-
periments with both the baseline flow-matching
model and the shortcut models to evaluate their
performance when the number of decoding steps
(NDS) exceeds one (NDS > 1). Specifically, we ex-
perimented with NDS ∈ {1, 2, 4, 8, 64, 128, 256},
focusing on regimes with a small number of model
evaluations. Results on the QQP dataset are shown
in Fig. 2.
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The baseline flow-matching model benefits from
an increased number of evaluations, but even its
best performance with higher NDS remains below
that of the shortcut model. The proposed model’s
performance peaks at NDS = 256 but there is only
marginal improvements compared to NDS = 1.

BERTScore for the shortcut model shows a slight
improvement when the number of steps is increased
to NDS = 2, and starts to fluctuate while further
increasing NDS. The same behavior is visible on
BLEU values.

Self-conditioning and pretrained initialization
accelerate convergence but yield limited perfor-
mance gains Results for experiments combining
shortcut models with self-conditioning, classifier-
free guidance (CFG), and different BERT-based
initialization strategies are reported in Tab. 2.

Self-conditioning does not improve performance
in the one-step setting; however, models trained
with self-conditioning converge faster. This sug-
gests that, while the recursive feedback introduced
by self-conditioning aids the multi-step refinement
used during training, it does not translate into
stronger one-step generation capabilities, where
such feedback is not available.

Classifier-free guidance also does not improve
one-step generation, resulting even with a small
degradation of BERT-Score measure.

Finally, initializing the shortcut model with
BERT slightly improves BLEU, though not signif-
icantly, and enables fast convergence (within 10k
steps). Embedding initialization strategies were
not effective – which aligns with prior results for
diffusion models (He et al., 2023).

Shortcut models demonstrate improvements
also on more demanding LLM-based met-
rics The results of LLM-based evaluation on
Themis (Hu et al., 2024b) on three quality aspects
(fluency, semantic similarity and overall quality)
are presented in Table 3. The shortcut models pro-
vided significant improvements on all aspects over
the baseline, but in general the text quality pro-
vided by flow-matching models at NDS = 1, as
measured by Themis, is not very high.

We performed a more detailed analysis, report-
ing results separately for short sentences (fewer
than 9 words) and long sentences (9 words or more).
The results are provided in App. F.

Shortcut-based models improved performance
across all investigated subsets and evaluation as-
pects. On QQP, the improvements were larger for

Dataset Model Fluency Sem. Sim. Over.

QQP Shortcut 1.63 1.67 1.42
Baseline 1.13 1.13 1.09

PAWSWIKI Shortcut 2.01 2.07 2.02
Baseline 1.05 1.04 1.03

ParaSCI Shortcut 1.70 1.60 1.60
Baseline 1.00 1.00 1.00

Table 3: LLM-based evaluation (Themis) for Shortcut
vs Baseline across datasets (NDS=1) for three aspects:
fluency, semantic similarity (Sem. Sim.) and overall
quality (Over.).

short sentences, whereas on PAWSWIKI they were
more pronounced for long sentences. On ParaSCI
improvements were similar for both subsets, sug-
gesting that the performance of proposed models
does not depend strongly on the length of the gen-
erated text.

Limitations

Although one-step decoding is highly efficient at in-
ference time, training the shortcut model introduces
additional complexity (estimation of multi-step tra-
jectories) and hyperparameters.

Our experiments are restricted to generation
tasks with relatively short-to-medium sequence
lengths; it is unclear how well the shortcut mecha-
nism generalizes to other generation settings. The
evaluation was also limited to text paraphrasing
task. The proposed non-autoregressive approach
may still underperform autoregressive models in
complex generation settings or fail to generalize
robustly across diverse domains and text lengths.

Finally, while shortcut directions are learned to
approximate multi-step trajectories, we do not pro-
vide theoretical guarantees on stability or error ac-
cumulation when extrapolating to very large step
sizes, leaving a more formal analysis of shortcut
flow behavior for future work.
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A Training Details

Model The underlying architecture is a
Transformer-based encoder with input and
output dimensionality of 768. The model (and
tokenization) follows the bert-base-uncased
configuration, consisting of 12 encoder layers with
12 attention heads per layer. Each attention head
operates on a dimension of 64 (768/12), while the
feed-forward network within each encoder layer
has an intermediate size of 3072. The total model
comprises approximately 100 million parameters.

Training details Models are trained with a batch
size of 1024 and a maximum of 60,000 update steps.
The optimizer is AdamW (Loshchilov and Hutter,
2019) with an initial learning rate of 10−4, linear
decay scheduling over 60,000 steps, and weight de-
cay of 0.1. Gradients are clipped at a global norm
of 1.0, and exponential moving average (EMA)
smoothing with factor 0.99 is applied to model pa-
rameters. Dropout is set to 0.1 throughout all layers,
including attention and feed-forward components.
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The proposed loss function of shortcut models
introduces two new hyperparameters λround, λSC,
i.e. weights of the new loss functions. In all our
experiments we used the fixed value of 1, so these
hyperparameters were not effectively fine-tuned.

B Details on Diffusion and AR Baselines

In Tab. 1, we compare our proposed shortcut mod-
els against both diffusion-based and autoregressive
baselines reported in the literature. To provide a
comprehensive comparison, the results for the au-
toregressive models are sourced from the following
works:

Transformer We report results for the standard
Transformer architecture (Vaswani et al., 2017)
trained from scratch. For ParaSCI, this corresponds
to the baseline established by Dong et al. (2021).
For QQP and PAWSWIKI , we reference standard
benchmarks for the vanilla Transformer generator
as reported in Fabre et al. (2021); Zou et al. (2024).

T5-based Models The results in the “T5” row ag-
gregate the best-performing T5 variants identified
in recent benchmarks. Specifically:

• QQP and PAWSWIKI : We report the results
of T5-GPVAE (Zou et al., 2024), a T5-base
model augmented with a Gaussian Prior Vari-
ational Autoencoder to improve generation
diversity.

• ParaSCI: We report the performance of a
T5-Large model fine-tuned on the ParaBank
dataset (T5ParaBank1), as benchmarked by
Jung et al. (2024).

C Details on LLM-based evaluation

We adopted three aspect definitions from original
Themis paper (Hu et al., 2024b):

• Fluency: Whether the paraphrase is meaning-
ful and grammatical?

• Semantic Similarity: Whether the paraphrase
maintains similar semantics to the original
text?

• Overall Quality: The paraphrase should not
only maintain similar semantics to the origi-
nal text, but also possess lexical or syntactic
differences from the original text, with fluent
and coherent content

D Dataset Specifications

We evaluated our models on three distinct para-
phrase datasets: PAWSWIKI , QQP, and ParaSCI.
The statistics for the training, validation, and test
splits used in our experiments are summarized in
Table 4.

Preprocessing and Filtering
• PAWSWIKI : We sourced the dataset from the

official Google Research repository2. Since
the original dataset includes both paraphrase
and non-paraphrase pairs for classification
tasks, we filtered the dataset to retain only the
positive paraphrase pairs for the generation
task.

• QQP (Quora Question Pairs): We utilized
the version provided by the FMSeq reposi-
tory3, where the dataset consists exclusively
of paraphrase pairs.

• ParaSCI: We used the ACL split from the
Hugging Face HHousen/ParaSCI repository,
which focuses on scientific paper paraphrases.
No additional filtering was required.

Table 4: Dataset statistics. Domains: PAWS
(Wikipedia), QQP (Quora), ParaSCI (Scientific Papers).

Dataset Train Valid Test Total

PAWSWIKI 21,829 3,539 3,536 28,904
QQP 144,715 2,048 100 146,863
ParaSCI 338,717 6,433 4,894 350,044

E Shortcut Model Training Algorithm

The pseudocode of the model training is provided
in Alg. 1.

F Additional results

The comparison of shortcut models with baseline
flow-matching models is presented in Table 5.

The results of Themis (Hu et al., 2024b) with
sentence-length split are presented in Table 6. The
results of Themis were estimated on a random
sample of 500 examples (100 for QQP) using the
max_samples flag provided by Themis package.
All short sentences (below 9 words) were evalu-
ated for all datasets, and the performance for long

2https://github.com/google-research-datasets/
paws

3https://github.com/Peacer68/FMSeq
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Algorithm 1 Training procedure for Shortcut Flow-Matching Model

Require: Dataset D, Model sθ, Batch size B, Loss weights λSC , λround

Require: Max step size dmax

1: Initialize model parameters θ
2: while not converged do
3: Sample batch of target texts y1 ∼ D
4: Sample source texts x (if conditional)
5: z1 ← Embed(x, y1) ▷ Construct target embedding
6: Sample z0 ∼ N (0, I)
7: Sample time steps t ∼ U [0, 1]
8: 1. Flow Interpolation
9: zt ← (1− t)z0 + tz1 ▷ Linear interpolation

10: vtarget ← z1 − z0 ▷ Ground truth velocity
11: 2. Flow-Matching Loss (d = 0)
12: v̂0 ← sθ(zt, t, 0)
13: LFM ← ||v̂0 − vtarget||2
14: 3. Self-Consistency Loss (d > 0)
15: Sample step sizes d ∼ U [0, dmax] s.t. t+ 2d ≤ 1
16: vstep1 ← sθ(zt, t, d) ▷ First small step
17: znext ← zt + d · vstep1 ▷ Intermediate state
18: vstep2 ← sθ(znext, t+ d, d) ▷ Second small step
19: vsc_target ← 1

2(vstep1 + vstep2) ▷ Target for large step (Eq. 3)
20: v̂2d ← sθ(zt, t, 2d) ▷ Predict large step directly
21: LSC ← ||v̂2d − vsc_target||2
22: 4. Rounding Loss
23: pΦ(w|z1)← Softmax(z1Φ⊤) ▷ Project to vocab space
24: Lround ← − log pΦ(wtrue|z1) ▷ NLL of true tokens (Eq. 5)
25: 5. Optimization
26: Ltotal ← LFM + λSCLSC + λroundLround
27: Update θ using∇θLtotal
28: end while

sentences (9 words or more) was estimated on 200
random sentences that meet the length constraint.
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Dataset Model BLEU ROUGE-1 ROUGE-L BERTScore

QQP Flow-matching (baseline) 14.20 0.404 0.380 0.6170
Shortcut model 19.40 0.511 0.485 0.8143

PAWSWIKI
Flow-matching (baseline) 20.97 0.578 0.518 0.6465
Shortcut model 42.71 0.812 0.724 0.8634

ParaSCI Flow-matching (baseline) 6.05 0.270 0.254 0.5454
Shortcut model 13.55 0.509 0.486 0.7843

Table 5: Comparison of shortcut and baseline flow-matching models across three datasets (NDS=1 for all settings).

Dataset Test examples Model Fluency Semantic Similarity Overall Quality

QQP

All (n=100) Shortcut 1.63 1.67 1.42
Baseline 1.13 1.13 1.09

Short <9 words (n=36) Shortcut 2.31 2.42 1.86
Baseline 1.14 1.17 1.11

Long ≥9 words (n=64) Shortcut 1.25 1.25 1.19
Baseline 1.13 1.11 1.08

PAWSWIKI

All (n=500) Shortcut 2.01 2.07 2.02
Baseline 1.05 1.04 1.03

Short <9 words (n=32) Shortcut 1.56 1.67 1.56
Baseline 1.25 1.31 1.00

Long ≥9 words (n=200) Shortcut 2.11 2.34 2.32
Baseline 1.03 1.02 1.03

ParaSCI

All (n=500) Shortcut 1.70 1.60 1.60
Baseline 1.00 1.00 1.00

Short <9 words (n=191) Shortcut 1.74 1.65 1.64
Baseline 1.02 1.03 1.02

Long ≥9 words (n=200) Shortcut 1.72 1.63 1.56
Baseline 1.01 1.01 1.01

Table 6: LLM-based evaluation (Themis, Hu et al., 2024b) for shortcut vs baseline models across datasets and
sentence length splits (NDS=1). Sentences are divided into short (fewer than 9 words) and long (9 words or more),
the size of a random sample used to estimate the result is given in parenthesis
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