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Abstract

Discrete diffusion language models have
emerged as a compelling alternative to autore-
gressive approaches, offering a range of struc-
tural advantages. This is due to their bidirec-
tional attention allowing a global semantic view
across intermediate denoising steps that enables
flexible, order-agnostic generation. Despite
this promise, they have received considerably
less attention in ongoing research, and exist-
ing work has focused narrowly on mathematics
and formal reasoning tasks. Their language
comprehension capabilities, particularly for fig-
urative language, remain entirely unevaluated,
leaving open fundamental questions about how
these models handle complex idiomatic struc-
tures especially for languages other than En-
glish. We find that diffusion models do pos-
sess many strong idiomatic processing abili-
ties, demonstrated through competitive token
recovery in cloze tests and strong semantic abil-
ity from multiple-choice accuracy. However,
this advantage fails to surface during inference
as confidence-based demasking appears poorly
suited for idioms, as early committed tokens
override internal representations and discour-
age certain types of multi-token structures from
generation, limiting their linguistic abilities.

1 Introduction

Discrete diffusion language models (ALLMs) have
emerged as an increasingly promising alternative
to more mainstream autoregressive large language
models (Nie et al., 2025). Their iterative denoising
process offers distinct advantages over the strict
“left-to-right” generation to which autoregressive
models are constrained. Specifically, they possess
the ability to commit tokens in any order and utilize
bidirectional attention throughout the generation
process. However, absent from existing prior work
is any treatment of figurative language, such as
idioms, which we hypothesize would be better sup-
ported in diffusion due to their improved handling
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of semantics, including in data sparse conditions
(Prabhudesai et al., 2025; Zhang et al., 2026). How-
ever, the architecture remains relatively immature
in comparison, not being widely adopted yet and
having fewer available trained examples. The exist-
ing literature has overlooked many language tasks
in favor of benchmarks focusing on mathematical
reasoning or logic tasks (Wang et al., 2026).

In this work, we investigate whether current dif-
fusion models possess the ability to process id-
iomatic text compared to other LLMs of similar
scale, and what advantages or disadvantages this
implies for real-world deployment on idiom-related
tasks. We examine this through four experiments
designed to help disentangle the effects of training
data from those of the architecture itself. We exam-
ine how readily diffusion models produce idioms
in open-ended generation, establishing whether a
gap exists relative to autoregressive models. We
test whether idiomatic knowledge is present and ac-
cessible through two complementary tests, a cloze
completion which measures whether idiomatic to-
kens can be recovered under their full bidirectional
context as lexical units, and multiple choice ques-
tions which tests whether semantic knowledge is
accessible when generation pressure is removed.
Finally, probe injection tests whether earlier com-
mitted tokens can override internal representations,
examining the demasking as a unique mechanistic
explanation for deployment failure.

We find that diffusion models show strong id-
iom retrieval abilities, but fail to generate idioms
spontaneously at a comparable rate and are signifi-
cantly steered by early tokens, especially for cases
where idiomatic representation is weaker. These
point to a potentially significant limitation in de-
fault confidence-based demasking that may make
it poorly suited for idiom-related tasks. These con-
siderations currently limit diffusion’s viability as
a full replacement for this domain without further
improvements to their implementations.
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2 Background

Little research has examined diffusion models on
figurative language or related domains. As a frame-
work, diffusion has only notably been applied to
idiom-related tasks multi-modally through image-
generation pipelines paired with autoregressive
LLMs, to produce visual metaphors or idiom-based
visual puns (Chakrabarty et al., 2023; Xiao et al.,
2025), rather than for language modeling in its
own right. To our knowledge, diffusion language
models have not yet been used in this capacity.

2.1 Diffusion Models

Diffusion models are a class of models that learn
to generate data by reversing a gradual noising pro-
cess (Sohl-Dickstein et al., 2015). During training,
a forward process progressively corrupts clean data
into noise; a neural network then learns the reverse
process, iteratively denoising back to the source.
At inference, a model can start from pure or partial
noise and recovers a more coherent output through
the learned denoising steps. Diffusion has seen
strong results in continuous domains such as image
generation (Ho et al., 2020; Rombach et al., 2022),
motivating its extension to discrete domains such
as natural language.

2.2 Discrete and Masked Diffusion Models

Since language is inherently discrete owing to its fi-
nite vocabulary and grammatical structure (Ferrone
and Zanzotto, 2020), applying diffusion to text re-
quires adapting the framework to a discrete finite
token space. Discrete diffusion models (Austin
et al., 2021; Hoogeboom et al., 2021) define a for-
ward process over a vocabulary using categorical
transition matrices, with a learned reverse model
predicting original tokens from corrupted inputs.
A particularly effective variant is masked diffu-
sion (Austin et al., 2021; Sahoo et al., 2024; Shi
et al., 2024), where the forward process replaces
all tokens with a [MASK] token. The reverse model
predicts masked tokens from unmasked context,
in some ways resembling encoder-based masked
language modeling in BERT (Devlin et al., 2019).
At inference, the model iteratively demasks tokens
from a masked sequence and commits them using
a predefined demasking strategy to determine over
multiple steps which tokens to continue seeing in
the following steps. This strategy is typically based
on logit confidence in the demasked tokens at each
step, as committing randomly demasked tokens
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performs worse on many language-based tasks, de-
spite being the theoretical ideal method (Nie et al.,
2025). Alternative denoising strategies are possi-
ble, but remain less common and are still largely
optimized for mathematical tasks, prioritizing accu-
racy or speed over improvements in fluency (Tian
et al., 2025; Li et al., 2026). Unlike autoregressive
models, masked diffusion conditions on arbitrary
subsets, enabling bidirectional attention in each
step and non-sequential generation.

2.3 Current Availability

Several publicly available discrete diffusion mod-
els demonstrate competitive performance against
autoregressive alternatives. Full-attention vari-
ants have been applied to coding (Gong et al.,
2025; Labs et al., 2025) and reasoning tasks (Zhao
et al., 2025), while LLaDa (Nie et al., 2025) and
Dream (Ye et al., 2025) show that masked diffusion
can match the capabilities of autoregressive models
even at modest scales. Block diffusion (Arriola
et al., 2025) offers a middle ground by dividing the
output into semi-autoregressive segments where
diffusion is used locally for a fixed range of tokens
before moving on to the next block to its right in
the output. Building on this, TraDo (Wang et al.,
2025) applies a trajectory-aware RL framework
to the block-diffusion SDAR architecture, sub-
stantially outperforming both LLaDa and autore-
gressive models like Qwen2.5-7B-Instruct (Team,
2024) on multiple reasoning tasks. Further, LLaDa-
2.1 (Bie et al., 2026) introduced a larger 16B param-
eter model with the ability to do post-commitment
token editing, a self-correction capability impos-
sible in autoregressive models by definition. This
variety of architectural differences highlights the
unique flexibility of diffusion-based approaches.

2.4 Idioms

Idioms are a type of fixed multi-word expression
(MWE) that have a figurative, non-literal, reading
that are culturally dependent, making them remain
a persistent challenge for all types of models (Con-
stant et al., 2017). This difficulty is a consequence
of them being non-compositional (Dankers et al.,
2022b) which means the meaning of individual
words in the idiom does not clearly indicate the
meaning of the full string. The degree to which this
applies varies across specific idioms (Dankers et al.,
2022a). Existing systems often interpret or trans-
late these expressions word-for-word, especially
for cases not frequently seen during training (Mi



et al., 2025), with this problem compounded in
lower-resource languages. Even higher-resource
languages have sparse idiomatic coverage in train-
ing corpora since idiomatic expressions make up
only a small share of all tokens in the data. Known
MWEs are often memorized explicitly by mod-
els and retrieved as a whole in early layers for
transformer models (Mileti¢ and Schulte im Walde,
2024; Oh et al., 2026), but when not in mem-
ory, comprehension correlates with composition-
ality (Kim et al., 2025). Notably, autoregressive
models still fall behind fine-tuned BERT models
on figurative language identification tasks (Devlin
et al., 2019; Tan and Jiang, 2021; Phelps et al.,
2024), a gap attributed to their lack of bidirectional
attention and the richer semantics it provides. This
makes diffusion a natural candidate for stronger
idiomatic processing, yet as of the writing of this
paper we have not found any work attempting to
evaluate or improve them on this.

2.5 Data

There are no standard datasets, formats, or bench-
marks that are used for idiom research and there are
substantial differences between the goals for dif-
ferent research domains (Flor et al., 2025). Idiom
data is easier to locate for English such as MAG-
PIE (Haagsma et al., 2020), EPIE (Saxena and Paul,
2020) or FLUTE (Chakrabarty et al., 2022) which
all contain high quality English expressions con-
taining idioms, but differ in how they are formatted,
generated, and annotated. Significantly less effort
has gone into dataset construction for most other
languages. Some multilingual datasets are avail-
able, such as the Konidioms Corpus (Shaikh et al.,
2024), Lidioms (Moussallem et al., 2018), and MI-
DAS (Kim et al., 2025), which all contain idioms in
languages besides English, along with definitions.
However, they also contain significant differences
in their formats. Lidioms contains all definitions
in English for relatively common idiomatic expres-
sions while MIDAS has a much broader definition
of what counts as an idiomatic expression with the
definitions in the same language as their source,
making MIDAS a more challenging dataset. These
issues make fair evaluation difficult, but possible.

3 Methods

Models can potentially process idioms accurately
in one of two ways depending on the task and the
idiom itself. It could be retrieved from its internal
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memory of known MWEs or it could attempt some
form of intermediate reasoning to infer unknown
ones from context. The following experiments test
whether there is a generation gap observed in prac-
tice and, if there is, whether it reflects a knowledge
deficit, a semantic representation failure, or a prop-
erty of denoising.

We selected multiple publicly available dLLMs
for our analysis to be used across multiple tests.
Specifically, we used LLaDa (Nie et al., 2025),
LLaDa-2.1 (Bie et al., 2026), Dream (Ye et al.,
2025), and TraDo’s instruct (I) and thinking (T)
variants (Wang et al., 2025) with each of their
confidence-based demasking and block or full dif-
fusion specified when relevant. To compare against
existing autoregressive models, we also looked at
LLaMa-3.1-8B (Grattafiori et al., 2024), Gemma-
3-12B  (Team et al., 2025), and Qwen2.5-7B-
Instruct (Team, 2024) as baselines. For data,
we used idioms and definitions in English, Por-
tuguese, Russian and Italian from the Lidioms
dataset (Moussallem et al., 2018) in addition to
English, Korean, Arabic, and Chinese from the MI-
DAS dataset (Kim et al., 2025). For each language
we used up to 150 idioms per language due to that
being the max contained in each Lidioms set. Due
to an obvious lack of data and training in truly low
resource languages, for this work we focused on
evaluation of idioms as a whole including across
languages besides English that have weaker pres-
ence in the training of these models, but are not
strictly low resource by world standards.

3.1 Free Generation

While controlled testing conditions are informa-
tive, they would fail to capture the vast majority of
real-world scenarios in which idioms or figurative
language could arise naturally in generation. There-
fore, we first assess some models’ behavior without
any explicit request for an idiom in prompting in
order to see if there are any notable surface level
differences that would motivate further testing.

To achieve this, we prompt each model to pro-
duce open-ended narratives in response to a series
of 50 questions that have no single correct answer.
This means the overall idea, writing style, and nar-
rative direction can potentially vary considerably
across model responses. The list of prompts was
generated by requesting Claude 4.6 Sonnet to write
them and was specified to give them in five genres
or registers of request (narrative, opinion, descrip-
tion, advice, and reflective). The variety of prompts



Cat. Prompt

Narr. Write about the last day of a beloved
local shop before it closes for good.

Op. Explain why failure is often a better
teacher than success.

Desc. Describe the silence of a forest after a
heavy snowfall.

Advice  Explain how someone can rebuild trust
after making a serious mistake.

Refl. Reflect on how grief changes a person

over time.

Table 1: Representative sample of free generation
prompts, drawn from the prompts used in the exper-
iment. Full prompt list available in the repo.

and genres is intended to reduce bias from a single
type of prompt eliciting more figurative language
by chance. We test this only in English to avoid
issues involving limited training in the other lan-
guages. Examples of each are shown in Table 1.
We compare a diffusion model using full dif-
fusion with LLaDa, semi-autoregressive diffusion
with TraDo-I using its default block size of four to-
kens, and an autoregressive baseline with LLaMa,
all three of which are 8B parameter models and
given a maximum of 200 tokens to answer. We
restrict this experiment to one representative model
per generation paradigm to serve as an initial com-
parison and examine paradigm-specific differences
rather than model-specific ones, given the variation
that exists in the design of diffusion models. The
resulting outputs are then passed to Gemma-4-31B
and Qwen-3.6-27B, as separate and larger language
models, serving as independent judges. The judges
are used to scan the output of each model to deter-
mine which subtexts are idioms or other figurative
language. This is then used to determine an integer
count of how many instances occur per generated
output. The prompt questions vary by genre and
format, allowing a better diversity of outputs to be
evaluated, but the same list of prompts is given to
all models. The answer overall and other quality
concerns were mostly ignored; this was simply a
count of the idioms regardless of other factors '.

3.2 Cloze Test

Cloze tests (Taylor, 1953), or fill-in-the-blank ques-
tions, have been extensively used for tasks evaluat-
ing other masked models like BERT (Xie et al.,
2018; Cui et al., 2021). They allow us to see
how well a model understands a specific concept

!Code and data: https://github.com/JoshuaCRivera/
idiom-generation-diffusion
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by requiring it to complete a missing token in a
text (Petroni et al., 2019). With the context pro-
vided, top-k token prediction measures whether
the model encodes the MWE as a retrievable unit
from memory. This allows us to use a comparable
experiment setup to (Kim et al., 2025) where we
can see whether diffusion models can recover id-
iomatic tokens more reliably than autoregressive
models when given equivalent context visible to
the attention, isolating token-level idiom expres-
sion retrieval from the full generation.

We examine the model’s output logits for the
position corresponding to a target token in the id-
iom and check whether the correct token appears
among the ten highest-ranked predictions. If the
correct token exists, we consider the idiom memo-
rized. Autoregressive models, unfortunately, do not
have the ability to probe an arbitrary token while
allowing both sides to be seen. This makes testing
against all possible intermediate generations of dif-
fusion inherently unfair. To provide a comparable
situation, we only probe the last token per idiom
for both the diffusion models and autoregressive
baselines. In both cases, the definition of the idiom
was provided on the left side before the idiom as
well.

3.3 MCQ

Multiple choice questions are a common way of
evaluating a model’s understanding of various con-
cepts (Robinson and Wingate, 2023; Zhang et al.,
2024). They allow the models to be simply tested
on their understanding by discrimination rather
than relying on potentially noisy generations. We
set up an MCQ test where we ask multiple models
to select one of four possible answers with each
answer being a possible definition of the provided
idiom. Since we looked at smaller models and
cases besides English that might simply lack strong
enough representations due to few examples in
training, we did not want to confound any results by
providing surface level readings or trick answers.
We wanted only to see if the model possesses any
semantic capacity to discriminate to the correct an-
swer at all. Models were prompted to briefly justify
their choice before answering, then responded with
a single letter (A—D), from which we extracted the
predicted answer via pattern matching; greedy de-
coding was used for the autoregressive baselines,
while diffusion models used their respective de-
fault remasking strategies. All models received the
same prompt template and had up to 128 tokens


https://github.com/JoshuaCRivera/idiom-generation-diffusion
https://github.com/JoshuaCRivera/idiom-generation-diffusion

to respond. The idioms and definitions were taken
from Lidioms and MIDAS. Incorrect definitions for
possible choices were randomly selected from defi-
nitions of other idioms from the same language in
the same dataset to ideally provide unambiguously
incorrect options, but with the same definition for-
mat. Answer choices in the questions were shuffled
randomly before testing.

3.4 Directional Probing

Diffusion can see the previous intermediate genera-
tion when generating and committing tokens in the
following step, causing the final result to be influ-
enced by the earlier and possibly non-sequentially
generated tokens. While this is by design, it re-
mains questionable to what degree the retrieval of
idiomatic knowledge is governed by its internal
representation or if the denoising schedule plays
a bigger component. Specifically, if we prompt
a model that knows many idioms to varying de-
grees to explain their meanings, but it outputs a
misguided initial start, how influential would this
be on its final output or is it able to recover to end
with its prior understanding intact? Since this is
an idealized situation specifically asking about its
meaning, it would also give insight into how the at-
tention mechanism is used in the denoising process,
even for more subtle cases and how other tokens
in general affect the final result in any generation
task. We give the models a prompt with the idiom
in full and ask them to explain the meaning of its
definition. The prompts clearly indicate that it is its
idiomatic usage of the given MWE to avoid ambi-
guity. We then run a baseline as well as insert two
probes to manually replace the masked tokens in
the first step and first few tokens of the masked out-
put sequence. To probe, we steer with an inserted
string stating that it knows the answer is a chosen
definition and let it continue generation from there.
The insertion is intentionally not subtle as minor
token adjustments might be ignored or insufficient
to cause a new output trajectory unless given to an
extremely weak model. We use LLaDa-2.1 with
its default block size of 32, as it is the largest and
strongest diffusion model that we tested and it is
less constrained by strict semi-autoregressive gen-
eration. This allows us to test whether early-token
override persists even where idiomatic knowledge
is known to be comparatively strong. We evalu-
ate if the output changed by giving judge model,
Gemma-4-31B, the baseline output with one of the
two steering probe outputs at a time to compare the
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FIGURATIVE EXPRESSION COUNTS

TraDo-I LLaDa LLaMa
Total 145/ 64 89/42 2497180
Mean/prompt  2.90/1.28 1.78/0.84 4.98/3.60
Std. dev. 1.85/1.89 150/136 3.18/3.01
Idioms 1.16/0.72 0.62/0.48 1.54/1.78
Metaphors 1.60/0.46 1.12/0.28 2.62/1.20
Similes 0.04/0.04 0.02/0.02 0.44/0.38
Other 0.10/0.06 0.02/0.06 0.38/0.24

Table 2: Figurative expression counts per prompt in
open-ended generation, judged by Gemma-4-31B /
Qwen-3.6-27B. Mean and std. dev. are per prompt; sub-
category rows show means per prompt.

meaning, and simply state if the output meaning-
fully changed as a result of the inserted steering.
As a baseline, we run the same test with Qwen-2.5-
7B, since it reported strong abilities against bigger
models and was trained for similar tasks as LLaDa,
with the probe inserted after the system prompt to
see if the resistance differs.

4 Results

We report results across the four experiments, each
focusing on a different stage of idiom processing:
whether idioms surface spontaneously in genera-
tion, whether their tokens are recoverable from
memory, whether their meaning is accessible, and
whether that meaning survives the demasking pro-
cess itself. Together, these results trace a consis-
tent trajectory from strong underlying idiomatic
knowledge to its failure to reliably surface in un-
constrained generation.

4.1 Free Generation Results

Table 2 reports the figurative language counts pro-
duced by TraDo-8B-Instruct (I), LLaDa-8B, and
LLaMa-3.1-8B across the open-ended generation
prompts, as judged by Gemma-4-31B and Qwen-
3.6-27B. The results reveal a substantial gap in
the natural use of figurative language between the
two model types. Regardless of the judge, LLaMa-
3.1-8B produced significantly more figurative ex-
pressions than the diffusion outputs. This gap is
consistent across all subcategories as well. LLaMa-
3.1-8B produces more than twice as many idioms
per prompt compared to LLaDa’s full diffusion,
and the disparity is even more pronounced for other
types of language including similes. The higher
variance in LLaMa’s output further suggests that
it engages with figurative language more dynami-



TopP-10 RECOVERY — LAST TOKEN

A
g J Fls I

Source Q N & O ~
EN-Lidioms 83.3 82.0 84.7 70.7 69.3
RU-Lidioms 58.1 543 78.1 76.2 72.4
IT-Lidioms 73.3 58.0 83.3 78.0 81.3
PT-Lidioms 57.4 522 791 58.3 69.6
EN-MIDAS 78.7 720 83.3 44.0 45.3
KO-MIDAS 62.0 76.0 60.0 42.7 46.7
AR-MIDAS 433 58.0 61.3 25.3 31.3
ZH-MIDAS 333 80.0 84.7 56.7 63.3
Mean 61.2 66.6 76.8 ‘ 56.5 59.9

Table 3: Top-10 recovery rate (%) for the last token of
each idiom across diffusion models and autoregressive
baselines (right of vertical rule).

cally, with some prompts eliciting notably richer
figurative output while others remain more literal.
LLaDa, by contrast, produces a more uniformly
sparse and figuratively flat set of responses regard-
less of the prompt. However, between these two
in the results, we see that TraDo, which uses small
semi-autoregressive blocks to generate, also shows
stronger results compared to LLaDa’s full diffu-
sion, despite similar training objectives and its orig-
inal evaluation based on mathematical reasoning.
TraDo-I's intermediate position between full dif-
fusion and autoregressive generation is consistent
with a gradient in which more autoregressive gen-
eration corresponds to more figurative language,
though with only three models tested, this pattern
should be treated as suggestive rather than an es-
tablished trend. What is clearer from these results
is that both diffusion models produce less dynamic
figurative language than the autoregressive base-
line despite comparable scale. The results with the
two diffusion models raise the question of whether
these diffusion models lack idiomatic knowledge
due to a less figurative training mix or if they pos-
sess it, but fail to deploy it due to something inher-
ent to their design with the denoising process. The
lower figurative density of diffusion outputs may
also reflect a conservative generation style caused
by their distinct generation objective, discouraging
idiomatic expressions as they carry lower confi-
dence compared to literal alternatives.

4.2 Cloze Results

Diffusion Comparison Table 3 shows the last
token retrieval results across different model for
the target token occurring in its top 10 predictions
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based on logits. All of the diffusion models clearly
show an overall stronger handling of semantic in-
formation, where they can better complete known
expressions based on prior context. TraDo-I’s ad-
vantage in this condition has one plausible explana-
tion, its short semi-autoregressive training objective
possibly along with its trajectory-aware fine tuning
method. Having the full preceding idiom span visi-
ble as context is what that objective normally would
reward in math tasks, and the results may suggest
the model has learned to exploit idiomatic token
sequences as coherent units rather than indepen-
dent tokens, though we cannot rule out block-size
and fine-tuning effects independently. LLaDa and
Dream show strong results across the board with
both showing comparable results for English as
well as some other languages, meaning differences
between diffusion models could just be a question
of training. Dream-v0’s sharp drop on Chinese
(33.3%) and Arabic (43.3%) is harder to attribute
to architecture alone since it is an outlier, making it
likely reflect sparser coverage of these idioms due
to the nature of the MIDAS data’s style.

Diffusion vs. Autoregressive models. Diffusion
models all outperform the autoregressive baselines
on average, but the margin is not uniform: TraDo-I
leads by 17-20 points over LlaMa-3.1 and Gemma-
3 and LLaDa is ahead by roughly 7-10 points as
well, while Dream-vO0 is only marginally stronger.
This suggests the advantage is real but model-
specific characteristics can cause significant varia-
tion. Most likely, diffusion is actively utilizing its
distinct training and the attention at its disposal to
make better semantic decisions. While diffusion
shows more variation, autoregressive models fol-
low a more expected gradient relative to resource
level and ease of idiom data. Notably, there are
cases where each diffusion model beat Gemma-3-
12B despite all of them being smaller models. This
is even the case for English, further hinting at an
architectural advantage that cannot be attributed
to training alone. Since we see overall higher re-
sults for diffusion on average, this indicates that
its attention is actively utilized leading to better
results, when sufficient relevant priors are present.
Whether this encoding advantage translates into de-
ployable knowledge during generation is the ques-
tion the remaining experiments address. Crucially,
this advantage is the case when both types of mod-
els were given the full context of the idiom and
definition, suggesting the gap reflects the distinct



LipioMs MCQ MIDAS MCQ
~ ~
& Sl & 2 & 5‘? Mg Sl s & O S Q"p
QO (] (] (]
\)Q ol w$ & § § \;? \? & \>$ & § § \?’é

Source ~ (<) N Q & K S Source N ¢} N Q & & N;
EN 96.7 98.7| 90.7 81.3 94.0 72.0 98.0 EN 96.0 92.7| 81.3 81.3 913 66.7 87.3
RU 63.8 88.6| 495 533 781 514 69.5 7ZH 96.7 91.3]| 920 820 973 827 80.0
IT 58.7 89.3| 533 66.7 78.0 54.0 56.7 AR 60.7 90.7| 433 540 893 61.3 66.7
PT 539 713|513 59.1 643 548 52.2 KO 46.0 77.3| 30.7 50.7 653 420 53.3
Mean 68.3 87.0 | 61.2 651 78.6 58.1 69.1 Mean 74.9 88.0| 61.8 67.0 858 632 71.8

Table 4: MCQ accuracy (%) on Lidioms. A vertical
rule separates the larger models (LLaDa-2.1, Gemma-3-
12B) from the 8B-scale models.

training actively enriching token representations
from the context provided rather than simply an
information asymmetry in what they can access.

4.3 MCQ Results

Tables 4 and 5 report accuracy across all models
grouped by scale. Among 8B models, diffusion
systems are broadly competitive with LLaMa-3.1-
8B and in some cases exceed it. TraDo-I is the
clearest example, outperforming LLLaMa on both
datasets (78.6% vs. 69.1% on average for Lidioms;
85.8% vs. 71.8% on average for MIDAS), includ-
ing a commanding lead on Arabic and Chinese.
Both LLaDa and Dream perform comparably to
LLaMa on English as well, but degrade more on
the other languages on average, though this is not
uniform where Dream beats LL.aMa on Portuguese
in Idioms (59.1% vs. 52.2%) and both LLaDa and
Dream remain within a few points of LLaMa across
several other non-English conditions. Crucially,
neither type model currently handles these other
languages well, presumably due to limited train-
ing. Given the variety in results leaves room for
improvement for both architectures, this implies
limited training in this domain is certainly an im-
portant component, regardless of other differences.
TraDo-T consistently underperforms TraDo-I de-
spite its added reasoning capacity, suggesting ex-
tended chain-of-thought is not beneficial and may
be counterproductive for idiomatic MCQ under a
math-focused pretraining regime. Overall, we see
that diffusion models at the same scale can match or
exceed an autoregressive model on this task. With
a more controlled training objective, we would pre-
sumably see meaningful improvements.

The larger LLaDa-2.1 and Gemma-3-12B ex-
pectedly score higher overall, though LLaDa-2.1’s
advantage over 8B diffusion counterparts narrows
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Table 5: MCQ accuracy (%) on MIDAS. A vertical
rule separates the larger models (LLaDa-2.1, Gemma-3-
12B) from the 8B-scale models.

on lower-resource languages, confirming that scale
alone does not compensate for limited non-English
training coverage, although it is a component. All
models follow a clear accuracy gradient from high-
to lower-resource languages, and where LLaMa
holds an average edge over diffusion models it is
driven by this coverage gap rather than a funda-
mental difference in idiomatic reasoning ability.
English and Chinese approach ceiling for several
diffusion models, with TraDo-I reaching 97.3% on
Chinese. Arabic and Korean remain hardest across
all model families, with several systems near the
random baseline. Chinese is a notable positive out-
lier for diffusion models across MCQ. This along
with the cloze results, lead us to speculate this re-
flects the partially compositional nature of Chinese
characters, which may make their meaning partic-
ularly recoverable as discrete units under masked
prediction, though differences in tokenization and
training data coverage likely also contribute. To-
gether, this confirms that diffusion models retain
idiomatic semantic knowledge comparable to au-
toregressive models at the same scale on average;
with neither type possessing perfect results as is,
with equally strong English results across the board
and only marginal worse results on average across
all languages. This shows that semantically they
can be improved with a dedicated training objec-
tive and is not the primary difference in generation
frequency.

4.4 Directional Probe Results

The cloze and MCQ results together establish that
diffusion models currently possess idiomatic ex-
pressions in memory, but do not spontaneously
deploy them as readily in the free generation. The
probe injection experiment now asks whether the
demasking process itself can actively suppress that



PROBE SUSCEPTIBILITY

Baseline Correct Incorrect

LLaDa Qwen | LLaDa Qwen | LLaDa Qwen
AR 180 613 60.7 34.0 70.0 48.0
EN-M 70.7  76.7 227 18.0 18.0 193
EN-L 90.0 940 7.3 4.0 18.0 127
IT 36.0 58.0 540 253 64.0 20.7
KO 9.3 227 69.3 58.0 60.0  60.7
PT 29.6  46.1 53.9 33.0 652 226
RU 343  67.6 629 18.1 752 114
ZH 753 773 213 20.0 133 113
All 454  63.0| 440 263| 480 258

Table 6: Results for correct final idiom interpretation
for LLaDa and Qwen as evaluated by Gemma-4-31B,
reported for the no-probe baseline alongside susceptibil-
ity rates (%) under correct-probe and incorrect-probe.

knowledge based on the bidirectional attention be-
ing too influential. If early committed tokens steer
generation away from a model’s internal representa-
tion or do not provide the conditions to emerge, this
would provide a mechanistic explanation for why
idiomatic expressions fail to surface even when the
model demonstrably knows them.

Table 6 reports susceptibility rates and prior
knowledge across languages for both LLaDa and
Qwen, evaluated by Gemma-4-31B. Specifically,
we see how influential the probes are with the base-
line showing correct definitions printed on a normal
run, and the other two columns showing the per-
centage that changed to match the new incorrect
definition after the probe was inserted to steer it.
The two models differ substantially in overall sus-
ceptibility despite identical evaluation conditions.
LLaDa is steered by incorrect probes in 48.0% of
cases versus 25.8% for Qwen even though it is
a smaller model. The key moderating factor is
prior knowledge where both models have strong
priors, as in English and Chinese, susceptibility
converges and both resist incorrect injection effec-
tively. Where prior knowledge is weaker, the gap
widens sharply as Russian (75.2% vs. 11.4%), Ital-
ian (64.0% vs. 20.7%), and Portuguese (65.2% vs.
22.6%) show LLaDa dramatically more suscepti-
ble despite comparable prior rates, implicating how
tokens are viewed in later steps rather than prior
knowledge alone.

Table 7 shows this most clearly through idiom
profiles. We classify each idiom’s results into pro-
files based on its behavior across the three condi-
tions. A Blind idiom is one where the model has
no prior knowledge and follows the probe regard-
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IDIOM PROFILES

Blind Robust

LLaDa Qwen | LLaDa Qwen
AR 47.3 23.3 7.3 38.0
EN-M 8.0 53 63.3 64.0
EN-L 33 2.0 76.0 84.0
IT 39.3 8.0 16.7 49.3
KO 46.7 40.0 4.7 13.3
PT 45.2 13.0 18.3 41.7
RU 50.5 3.8 10.5 61.9
ZH 10.0 7.3 72.0 74.0
Mean 30.1 13.2 \ 349 53.2

Table 7: Blind and Robust idiom profile rates (%).

less of whether it is correct or incorrect. A Robust
idiom is one where the model has prior knowledge
and resists the incorrect probe. LLaDa has more
than twice the blind-idiom rate of Qwen and sub-
stantially fewer robust idioms, meaning a larger
share of its representations lack the stability to re-
sist a misguided early commitment. Qwen’s higher
robust rate reflects a model that retains its prior
under adversarial pressure; LLaDa more readily
treats early tokens as authoritative and generates to
rationalize them. Korean is the exception as both
models show high incorrect-probe susceptibility
and blind-profile rates with nearly no architectural
gap, suggesting vulnerability here is driven entirely
by data sparsity rather than decoding strategy.
The overall pattern points to confidence-based
demasking as the core faulty mechanism. At each
demasking step, the model scores all remaining
masked tokens and commits those with highest con-
fidence first. For idioms, this creates a structural
problem as their weaker, rarer knowledge represen-
tations do not resist well against alternative pro-
vided information, while something already agree-
ing with the existing output will be easier and safer
for the model to commit. Once those early tokens
are committed, bidirectional attention conditions
all subsequent masked positions on them, making
the idiomatic reading increasingly inconsistent with
what is fixed. When we inject a correct or incorrect
definition early, we artificially supply the kind of
strong early signal that idiomatic tokens normally
fail to generate on their own. The high suscepti-
bility of LLaDa relative to Qwen then reflects not
just weaker priors but a decoding process with no
mechanism to revisit an early commitment once
surrounding tokens have rationalized it, unlike au-
toregressive generation, where a strong prior can
seemingly better surface without competing against



the context provided already. Stronger training can
clearly compensate, but the improved semantics
provided by the bidirectional attention can inadver-
tently create overly cautious and agreeable models
mid-generation that potentially negate its utility.
This may also explain why the diffusion models
generated fewer idioms in free generation. Even
when there is no semantic priming for idioms or
their definition, the nature of confidence based de-
masking forces the text in a direction that does not
provide the conditions for them to arise as easily.
Literal alternatives would be valid options that eas-
ily agree with the text without the uncertainty that
a multi-word idiom, whose literal word senses are
irrelevant, would provide. In practice, this blocks
the semantics of idioms when not overtly relevant
and if there is uncertainty they will be steered in
the wrong direction to justify themselves as a less
confident component of their generation.

5 Conclusion

We presented an evaluation of discrete diffusion
language models on figurative language tasks span-
ning multiple languages and resource levels, com-
paring them against autoregressive baselines across
four experimental conditions: natural generation,
cloze recovery, multiple choice, and directional
probing. Our results paint a consistent picture that
diffusion models lag behind autoregressive mod-
els in idiomatic usage, but possess genuine and
measurable structural strengths that their current
objectives fail to exploit. We first show that full
diffusion models produce substantially less figura-
tive language in free generation than autoregressive
models or even semi-autoregressive diffusion ap-
proaches, a gap that persists regardless of whether
low-confidence or random demasking is used. The
cloze results then demonstrated that this is not a
knowledge gap as diffusion models have superior
token recovery due to their bidirectional semantics,
outperforming autoregressive baselines even when
both are given the full left context of the idiom. The
MCQ results confirmed that diffusion models retain
meaningful semantic knowledge and can discrimi-
nate against incorrect definitions at rates compara-
ble to autoregressive models for well-represented
languages. Finally, the probe injection results re-
vealed that confidence-based demasking cascades
early committed tokens in a direction that overrides
internal representations, particularly for languages
and idioms where prior knowledge is weaker and
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a literal early commitment is more likely to go
uncorrected.

Critically, confidence-based demasking is not
the mathematical ideal for diffusion, but real world
linguistics constraints prefer it as a method over
random demasking due to fluency and coherence
reasoning. This means that this strategy is already
an imperfect solution; however it can be improved
with some method that better discourages gener-
ation based on tracking tokens attending to each
other without over-reliance on single-token confi-
dence. Autoregressive models avoid this problem
by not having to determine which position to gen-
erate at each step.

While diffusion currently has the potential to
be competitive against autoregressive models, es-
pecially with more training, their current frame-
work and the demasking strategies they are trained
around are inherently poorly matched for idiomatic
generation. It remains to be tested whether we can
improve their ability here without degradation of
other abilities and using a training-free approach.

6 Limitations

Diffusion and autoregressive models differ substan-
tially in architecture, making direct comparison
difficult without artificial constraints. The cloze
test has no perfect way to fairly represent the inter-
mediate generation of both model types given their
inherently different generation methods, and the
probe injections similarly required proxies reflect-
ing architectural differences with no direct equiv-
alents. The variations we chose were viewed as
adequate approximations that would both surface
meaningful differences and fairly elicit the effects
we wanted to compare.

Each experiment evaluates idiomatic knowledge
in a different context by design, which carries its
own interpretive limitations. Free generation re-
quires spontaneous idiom deployment with no defi-
nition provided, while the cloze, MCQ, and probe
tasks all present idioms with explicit definitions
in controlled settings. We use the controlled tasks
to isolate specific components (token recovery, se-
mantic discrimination, and demasking susceptibil-
ity) as potential explanations for the generation
gap, but free generation is influenced by additional
factors these tasks do not capture such as the over-
all training used, which probably also pushed the
models towards more literal outputs in line with
expected requirements for other reasoning tasks.



Training our own models from scratch could al-
leviate this issue, but would be costly. That said,
the convergence of results across cloze and MCQ
in multiple languages and resource levels suggests
that familiarity with idioms is not the primary bot-
tleneck, especially for English, pointing toward the
confidence-based demasking process as the more
likely explanation. While the probe’s explicit con-
text differs substantially from natural generation,
its strong effect on the controlled condition sug-
gests it is inevitably a factor in less overt settings
like free generation too.

Within the diffusion models tested, variation in
training objectives and denoising strategies makes
comparison difficult. This is why we kept mod-
els at their default recommended parameters un-
less otherwise stated. It is also why we only used
one diffusion model for the probing task and did
not use all the models for each task. It also ex-
plains why we did not use LLaDa-2.1’s remasking
ability, which has no analogy in any other model.
Future work could leverage this, though it adds
complexity and would not alone encourage idiom
generation without more fundamental reframing
as discussed above. Using LLMs as a judge also
adds uncertainty in their results, but we had no al-
ternative method of evaluation of some of these
tests. Finally, while we identify limitations of the
confidence-based demasking methods and believe
improvements via more strategic use of logits are
possible, we do not propose a new method at this
time.

A Any Position Cloze

Table 8 shows the results if we were to check MWE
retrieval from the cloze test, but average across
all tokens within the idiom masked one at a time.
While not able to directly contrast with autoregres-
sive models, we see similar or better results than
the strict end of idiom cloze used to compare. This
further shows the architectural advantage that an id-
iom can be generated out of order and be retrieved
in diffusion at a better rate, but requires the idiom to
have started to generate which we cannot currently
control in normal generation without steering or
prompting.

B LLM Judge Inter-annotator Agreement

The LLMs as a judge for the free generation task’s
statistics can be seen in Table 9. The results show
that the judges have a high correlation between
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TopP-10 RECOVERY— ALL TOKENS

~ g &
F¥ 5§ S 4 IS
\79 & § \3§ ol

Source ~ Q & < O
EN-Lidioms 89.3 91.0 83.8 69.3 70.7
RU-Lidioms 63.8 63.7 69.4 72.4 76.2
IT-Lidioms 655 740 71.8 81.3 78.0
PT-Lidioms 524 56.5 62.9 69.6 58.3
EN-MIDAS 78.3 84.1 753 453 44.0
KO-MIDAS 684 538 464 46.7 42.7
AR-MIDAS 56.8 409 423 31.3 25.3
ZH-MIDAS 78.2 35.1 175.6 63.3 56.7
Mean 69.1 624 659 ‘ 599 56.5

Table 8: Top-10 recovery rate (%) across diffusion mod-
els and autoregressive baselines (right of vertical rule).
Diffusion model results are from the any-position mask-
ing condition; autoregressive baseline results are only
from the last-token condition.

Metric Score
Gemma Judge Mean Count 322
Qwen Judge Mean Count 1.91
Mean Difference (J1—J2) +1.31
Exact Match 0.280
MAE 1.500
Pearson r 0.819
Spearman p 0.724
Cohen k (binned) 0.377
Zero/Non-zero Agreement 0.700
Paired ¢-statistic 10.29
p-value <0.0001

Table 9: Inter-annotator agreement on figurative lan-
guage count between Judge 1 and Judge 2 (Qwen)
across 150 matched texts. A significant systematic bias
is observed, with Gemma consistently assigning higher
counts than Qwen.

each other, but differ further on the Cohen s and
the percentage of exact matches. This means that
while each judge independently agrees on the ra-
tio, they differ more substantially on how many
should count. In practice, we see Gemma classi-
fies more substrings as figurative or idiomatic than
Qwen. We find that both agree that LLaMa’s gen-
eration is more figurative, but disagree as to what
extent. Likewise, generally, the idioms that Qwen
locates seem to be a subset of Gemma’s identifica-
tions rather than a completely separate list. What
counted as idioms was not overtly specified in the
prompt by us, this means the models had a high
degree of discretion to determine what is valid as
an idiom.



IDIOM PROFILES

Partial Resistant

LLaDa Qwen | LLaDa Qwen
AR 13.3 10.7 22.7 24.7
EN-M 14.7 12.7 10.0 14.0
EN-L 4.0 2.0 14.7 10.7
IT 14.7 17.3 24.7 12.7
KO 22.7 18.0 13.3 20.7
PT 8.7 20.0 20.0 9.6
RU 12.4 14.3 24.8 7.6
7ZH 11.3 12.7 33 4.0
All 12.9 13.2 \ 16.3 13.3

Table 10: Partial and Resistant idiom profile rates (%)
for LLaDa and Qwen, completing the profile breakdown
from Table 7. Partial: susceptible to correct probe
only. Resistant: prior knowledge present but suscepti-
ble to incorrect probe. The four profiles together account
for 94.2% (LLaDa) and 92.9% (Qwen) of idioms; the
remainder (~6-7%) showed no prior knowledge and
adopted neither probe, and are excluded.

C Partial Profile Distributions

Table 10 reports the complete idiom profile break-
down including Partial and Resistant categories
omitted from the main text. Both profiles are nearly
identical across LLaDa and Qwen (~13% each),
consistent with these categories reflecting idiom-
level properties in training data rather than archi-
tectural differences. Taken together with Table 7,
the four profiles account for 94.2% of LLaDa id-
ioms and 92.9% of Qwen idioms; a residual ~6—
7% showed no prior knowledge and resisted both
probes, suggesting a small subset of idioms whose
representations are insufficiently formed to respond
to any injected context.
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