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Abstract

Masked Diffusion Language Models (DLMs)
have recently emerged as a promising alter-
native to traditional Autoregressive Models
(ARMs). DLMs employ transformer encoders
with bidirectional attention, enabling parallel
token generation while maintaining competi-
tive performance. Although their efficiency
and effectiveness have been extensively stud-
ied, the internal mechanisms that govern DLMs
remain largely unexplored. In this work, we
conduct an empirical analysis of DLM atten-
tion patterns, focusing on the attention sinking
phenomenon, an effect previously observed in
various transformer-based architectures. Our
findings reveal that DLMs also exhibit attention
sinks, but with distinct characteristics. First, un-
like in ARMs, the sink positions in DLMs tend
to shift throughout the generation process, dis-
playing a dynamic behaviour. Second, while
ARMs are highly sensitive to the removal of
attention sinks, DLMs remain robust: masking
sinks leads to only a minor degradation in per-
formance. These results provide new insights
into the inner workings of diffusion-based lan-
guage models and highlight fundamental differ-
ences in how they allocate and utilize attention
compared to autoregressive models.

1 Introduction

Large Language Models (LLMs) have driven
a paradigm shift across numerous scientific and
industrial domains, demonstrating remarkable ca-
pabilities in language understanding, generation,
and reasoning (Achiam et al., 2023; Anthropic,
2025; Yang et al., 2025a; MetaAl, 2024). This
rapid progress is rooted in the transformer architec-
ture and the attention mechanism (Vaswani et al.,
2017). While attention is a critical aspect of the
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Figure 1: Cumulative attention scores for each token
in LLaDA-8B (Nie et al., 2025) across denoising steps.
Unlike autoregressive models, DLMs exhibit attention
sinks that shift across the sequence as tokens are pro-
gressively unmasked.

transformer’s effectiveness, it also gives rise to
complex and often non-intuitive emergent phenom-
ena.

One of the most striking traits of these be-
haviours is the "attention sink" (Xiao et al., 2023;
Miller, 2023). This consists in the fact that, in
most autoregressive models (ARMs), a small sub-
set of tokens consistently receives a disproportion-
ate amount of attention from other tokens in the
sequence. The pattern is not limited to language,
and similar patterns have been observed in Vision
Transformers (Darcet et al., 2024) and encoder-
only transformers (Ruscio et al., 2025), suggesting
it may be a fundamental property of attention-based
deep networks.

Recently, masked Diffusion Language Mod-
els (DLMs) have emerged as an alternative to
the dominant autoregressive paradigm (Nie et al.,
2025; Ye et al., 2025; Team, 2025; Labs et al.,
2025; Yang et al., 2025b; Wang et al., 2025; Song
et al., 2025; Sahoo et al., 2024; Zhu et al., 2025;
Liu et al., 2025). Unlike Autoregressive Models
(ARMs), which generate text strictly from left to
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right, DLMs iteratively refine a fully masked se-
quence through successive denoising steps (Nie
et al., 2025; Ye et al., 2025; Yang et al., 2025b).
Generation is based on the unmasking of an initial
fully masked sequence of tokens, that the model
progressively "denoises" over multiple steps to pro-
duce a coherent fully unmasked output. Crucially,
DLMs employ a bidirectional attention mechanism.
While this bidirectional information flow is key
to their parallel, non-causal generation process,
the precise impact of this architecture on the inner
workings of DLMs remains largely unexplored.

In this work, we present an empirical study of
attention patterns in DLMs, focusing specifically
on the attention sink phenomenon. We analyse
three state-of-the-art open-source masked DLMs:
Dream-7B (Ye et al., 2025), a model initialized
from a pre-trained ARM; LLaDA-8B (Nie et al.,
2025), a large-scale model trained from scratch;
and MMaDA-8B (Yang et al., 2025b), a multi-
modal DLM trained from LLaDA-8B. Our anal-
ysis reveals that DLMs do exhibit attention sinks,
but these sinks possess unique dynamic properties
rarely seen in their autoregressive counterparts.

Unlike the static attention sinks well-
documented in ARMs, most of the sinks in
DLMs are unstable and their position actively
shifts across the iterative denoising process.
Additionally, while ARMs are extremely sensitive
to removing the sink tokens, we find that DLMs
are significantly more robust to this intervention.
We attribute this property to their decoding strategy
that unmasks only the tokens with highest proba-
bilities in the sequence, and the lack of a causal
mask that limits the attention interaction among
tokens. To summarize, our primary contributions
are the following:

* We conduct an empirical study on attention pat-
terns in DLMs, and provide empirical evidence
that attention sinks consistently emerge in these
models.

* We characterize the dynamic properties of these
sinks, showing they can disappear and shift posi-
tions during inference, and we introduce a metric
to track their intensity and location across denois-
ing steps.

* We investigate how model performance is af-
fected by removing sinks, and show DLMs are
robust to sink masking.

2 Related Work
2.1 Diffusion Language Models

Language modelling has traditionally been domi-
nated by autoregressive models that generate text
sequentially, one token at a time. While this
paradigm has proven highly successful, DLMs have
emerged as an alternative, offering token genera-
tion through an iterative denoising processes with
potential efficiency advantages (Li et al., 2025b;
Wau et al., 2025b; Kim et al., 2025; Liu et al., 2025;
Li et al., 2025a; Wu et al., 2025a). Some applica-
tions of diffusion to language modelling operate in
continuous space, first embedding discrete tokens
into continuous vectors, applying diffusion-based
denoising, and then mapping back to discrete to-
kens (Li et al., 2022; Strudel et al., 2022; Gong
et al., 2022; Dieleman et al., 2022).

While theoretically elegant, this approach intro-
duces additional complexity in handling the dis-
crete nature of language. A more direct approach
emerged with discrete diffusion models, which op-
erate directly on token vocabularies (Austin et al.,
2021; Gong et al., 2023; Hoogeboom et al., 2021;
Campbell et al., 2022). Starting from fully masked
sequences of [MASK] tokens, these models itera-
tively predict and refine tokens through a process
reminiscent of BERT-style masked language mod-
elling (He et al., 2023; Gong et al., 2025). Several
works (Austin et al., 2021; He et al., 2023; Gong
et al., 2025) have adopted this paradigm but faced
significant scaling challenges, remaining limited in
size while autoregressive models scaled to billions
of parameters.

Recently, discrete DLMs have gained traction
thanks to open-source models like Dream-7B (Ye
et al., 2025), MMaDA-8B (Yang et al., 2025b) and
LLaDA-8B (Nie et al., 2025; Zhu et al., 2025; Liu
et al., 2025), which have successfully scaled to
7 billion parameters and beyond, narrowing the
performance gap with ARMs.

In this work, we investigate attention patterns in
large discrete DLMs, that operate directly on the
vocabulary space.

2.2 Attention Sink in Transformers

Attention Sink refers to the common phenomenon
observed in transformers where a small subset
of tokens consistently receives a disproportionate
amount of attention from other tokens in the se-
quence. This behaviour was initially discovered
in Xiao et al. (2023), and leveraged for efficiency.
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(a) In ARMs, each token is used
to predict the next one in the se-
quence. Then, the predicted token is
appended to the input sequence and
fed again to the model, in a left to
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(c) Dream-7B is initialized from an ARM.
Each token is used to predict the following
one. At each inference step the entire input
masked sequence is passed to the model.
Unlike in other DLMs, Dream-7B uses the
current token to predict the next one.

Figure 2: Snapshot of an inference step for different language models. ARMs and Dream-7B predict the next
token, while MMaDA-8B and LLaDA-8B predict the current one. MMaDA-8B and LLaDA-8B perform semi-
autoregressive block decoding, where only tokens in the current block are unmasked, while Dream-7B may unmask

a token at any position.

After this, other works have then explored the sink
phenomenon, characterizing properties of sink to-
kens like high Ly norm in the hidden state activa-
tions (Sun et al., 2024; Cancedda, 2024) or low Lo
norm in the key projection (Devoto et al., 2024;
Gu et al., 2024). Similar properties have been also
observed in the vision domain (Darcet et al., 2024).
Several works have attempted to explain the emer-
gence of attention sinks in transformers. Gu et al.
(2025) offers an empirical study of how attention
sinks manifest in transformer models, specifically
focusing on ARMs. Barbero et al. (2024, 2025)
and Pappone (2025) investigate the phenomenon
analytically and show how attention sinks act as a
bias for ARMs and can mitigate information over-
squashing. Finally, Ruscio et al. (2025) analyses
attention sinks from a geometric perspective, and
shows that they emerge to establish stable coor-
dinate systems in the model’s high-dimensional
latent space. While these works analyse sinks in
both decoder and encoder transformers, we are the
first to observe and investigate this phenomenon in
the context of DLMs.

3 Background on Masked Discrete
Diffusion

Traditional ARMs model the probability of a text
sequence x = (1, T2, ...,xy) of length L by de-
composing the joint probability into a product of
conditional probabilities, generated in a strict, left-
to-right order (Jelinek, 1980; Bengio et al., 2000).
This decomposition is given by:

L
p(x) = p(x1) Hp(lfz'\w'l, o xier) (D
=2

where z; is the token at position ¢, and
p(xi|x1, ..., xi_1) is the probability of the current

token conditioned only on all preceding tokens.
Masked discrete DLMs offer a non-autoregressive,
parallel alternative. Instead of generating tokens
one by one, they model a Markov diffusion process
over discrete token sequences. This consists of two
complementary phases: a fixed forward corrup-
tion process and a learned reverse denoising pro-
cess. The forward process systematically corrupts
a clean data sequence xq (the original text) over
a series of time steps ¢ € [0, 7] by progressively
replacing tokens with a special mask token [MASK].
Starting with the clean sequence xg, a noisy se-
quence x; at time step ¢ is generated by a Markov
transition g(x¢|x;—1). The marginal distribution of
a token x! at time ¢ conditioned on its clean version
x} is defined by a masking schedule oy € [0, 1].
The complete forward process is the joint distribu-
tion over all intermediate noisy states, a product of
the Markov transitions:

T

q(x1rlxo) = [ alxelxi-1) 2

t=1

In the denoising process, a model pg, parametrized
by 0, reverses this noising process, generating new
data from a fully masked sequence xr back to a
clean sequence xgy. More specifically, reverse tran-
sition pg(x;—1|x¢) is parameterized by the model,
which is trained to estimate the true reverse condi-
tional probability q(x;—1|x¢).

In practice, the model pg is often trained to pre-
dict the clean data xo from the noisy input x; at
a given time ¢, and this prediction is then used to
approximate the reverse transition. The model out-
put is a distribution over the original tokens, from
which the next, less-noisy state x;_ is sampled.

In this work we consider three masked discrete
DLMs: LLaDA-8B (Nie et al., 2025), MMaDA-
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8B (Yang et al., 2025b) and Dream-7B (Ye et al.,
2025). LLaDA-8B and MMaDA-8B are trained
from scratch, with a masked language modelling
loss where a token z; is masked during the for-
ward process, and the model learns to predict
the token itself (x; — [MASK] — x;). At infer-
ence time, LLaDA-8B and MMaDA -8B use semi-
autoregressive block diffusion, where the input se-
quence is divided into blocks, and the model grad-
ually unmasks all tokens inside the corresponding
block in a left-to-right manner (Arriola et al., 2025),
(see Figure 2). Dream-7B, on the other hand, is
initialized from an autoregressive model to lever-
age the pretrained weights and its training objective
employs a "shift operation" (Ye et al., 2025; Gong
et al., 2025). More specifically, when a token x; is
masked, Dream-7B is trained to predict x;41, sim-
ilarly to an autoregressive model (x; — [MASK]
— x;+1). In Figure 2 we provide a comparison
and visual explanation of how the different types
of inference are implemented.

4 Analysis of Attention Sinks in Masked
Diffusion Language Models

Previous work has shown that attention sinks
emerge in most transformer-based architectures,
regardless of the data domain and training strat-
egy (Gu et al., 2025; Ruscio et al., 2025; Xiao et al.,
2023; Darcet et al., 2024). Attention sinks are char-
acterized by the disproportionate attention score
they receive from all the tokens in the sequence,
and can be easily identified as vertical bright lines
in attention maps (like the one we show in Figure 1).
To validate the presence of attention sinks in DLMs,
we first analyse the distribution of attention scores
in LLaDA-8B. We see that only a few tokens, the
sinks, capture a very high attention score consis-
tently. Similar patterns emerge for Dream-7B and
MMaDA-8B (see Appendix A). We now define a
metric to characterize and locate attention sinks in
DLMs.

4.1 Definition of Attention Sink

Consider an encoder-only transformer model. For
a single attention head h and layer [, we have that
the attention score is defined as:

-
q; kj
A;; = softmax; < L
Vd

where ¢; and k; are the query and key projections
for token ¢ an j respectively, and A;; represents the

amount of attention that token 7 pays to token j. In
a DLM attention is bidirectional, and we obtain a
distribution of attention scores across the entire se-
quence at each denoising step. Given the attention
scores, we define the cumulative attention score for
a token 5 as the average attention it receives from
all tokens in a specific denoising step t:

s
“(tih) 1 (t,L,h)
AT = S Z;Aij

where S is the sequence length, and A, repre-
sents the attention score from token ¢ to token j
at denoising step ¢, in head h of layer [. We then
identify attention sinks as tokens that receive a cu-
mulative attention score substantially larger than
the average.

Attention Sink. We formally define a token j at
a specific denoising step ¢, in head h of layer [ to
be a sink token, if its cumulative attention score
exceeds the average cumulative attention score of
all other tokens by at least a threshold e:

(t7l7h)
7j

S e 1 A(tLh
j is a sink token if A§~ ) > -1 ZA/(v ) te
k#j

3)
This definition ensures that sink tokens represent
significant outliers in the attention distribution. In
all our claims and experiments we use € = 3 —un-
less otherwise specified—, which we selected to
filter out at least the 96% of tokens in sequence,
and empirically showed a sufficient robustness to
detect sinks while also serving as a filter for tokens
that did not exhibit a sink characteristic. We further
discuss the value of € in Appendix B.

4.2 Sink Patterns

Our analysis reveals that DLMs exhibit distinct
types of attention sinks with unique dynamic prop-
erties not observed in ARMs. We find that sinks
do not necessarily appear in the beginning of the
sentence, but also show up in the middle or towards
the end, which is possible as attention in DLMs
is bidirectional. Along with the typical static sink
that is frequently observed in ARMs, we identify
a new kind of attention sinks that we call moving
sinks.

Moving sinks appear at different positions dur-
ing denoising and exhibit widely different pat-
terns according to layer depth and backbone model.
Moving sinks are not consistent across diffusion
steps, i.e. they do not remain at the same position
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(a) Moving sink in LLaDA-8B. Attention plots at step 38
(Left) and step 39 (Right). The sink shifts from position 62 to
88 after one denoising step. The heatmap corresponds to the
average attention across the whole model.

0

0
075
32
0.60
64
=
g 045
B
%
0.30
128 128
015
160 160
0 32 64 9 128 160 %
key

query

0 32 64 9 128 160
key

(b) Moving sink in MMaDA-8B. Attention at step 36 (Left)
and step 37 (Right). Observe that this sink absorbs the self-
attention of > 1/3 of the tokens. The heatmap corresponds to
the layer 28 and head 22.

Figure 3: Moving sink in LLaDA-8B, and MMaDA-8B.

across all diffusion steps and may move or even
vanish throughout the denoising process. We show
an example in Figure 3a. We now analyse how
attention sinks appear in the considered pre-trained
models.

LLaDA-8B exhibits diverse moving sink patterns
with consistency across different sequences. Mov-
ing sinks often remain at a specific position for
some consecutive denoising steps, before vanish-
ing. Nonetheless, we also find some edge cases in
which the moving sinks behave extremely unstably,
as we see in Figure 5b, where a sink appears for
only one timestep before vanishing on the next one.

As we progress to deeper layers, the number of
sinks decreases, converging to one or two sinks per
layer (see Figure 4). The deepest layers showcase
a particular type of moving sinks, where masked
and unmasked tokens maintain separate attention
sinks, and switch gradually. We show an exam-
ple of this phenomenon in Figure 5a. Notably,
LLaDA-8B demonstrates a strong semantic basis
for sink selection as sinks consistently form on
punctuation marks (periods, commas), whitespace,
and end-of-sequence tokens. This pattern suggests
that LLaDA-8B, trained from scratch as a diffu-
sion model, developed semantically-aware atten-
tion mechanisms that identify structurally impor-
tant tokens as reference points for attention.

Dream-7B showcases a sink behaviour that fol-
lows primarily a positional rather than a seman-
tic pattern. Unlike LLaDA-8B, Dream-7B’s sinks
often originate at the rightmost masked token
and shift leftward as tokens are progressively un-
masked, regardless of the token content (see ex-
ample in Appendix C). This right-to-left migration
is most prominent in early layers and creates a
dynamic attention flow that follows the unmask-

Head ID

Figure 4: Cumulative attention score for LLaDA-
8B’s sink across heads and layers. The variation of
the cumulative attention score of the model’s main sink
token is displayed across the different heads and layers,
averaged through time. In later layers there are usually
fewer sinks and the attention score is therefore higher,
as it is shared among fewer sink tokens.

ing frontier. This positional nature of Dream-7B’s
sinks likely stems from its initialization from a pre-
trained autoregressive model. The inherited rep-
resentations may be less refined for bidirectional
attention, causing the model to rely on positional
cues rather than semantic content for sink forma-
tion. Dream-7B’s positional bias represents a dif-
ference from LLaDA-8B’s semantic approach and
suggests that initialization strategy and positional
embeddings significantly influences attention orga-
nization in diffusion models (Ruscio et al., 2025).

MMaDA-8B presents the most stable sink be-
haviour among the three models, with sinks that
are generally static and less frequent. When sinks
do manifest they often remain fixed at their initial
positions throughout the entire generation process
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Figure 5: Different types of moving sinks in LLaDA-8B. (a) A particular kind of moving sink in which attention
is split according to token type. Some heads exhibit this behaviour in which the masked tokens heavily attend to a
specific sink, while the unmasked ones are more concentrated on another one. This heatmap is from layer 30, head
18, and step 32, at the precise end of a block, explaining why we have a perfect line separating all the unmasked and
masked tokens. (b) A sink appears at layer 28, head 23, step 96, but suddenly disappears at step 97.
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Figure 6: Example of how sinks move over time. The
largest sink from each model’s specific heads is selected
at each iteration. See how the attention shifts according
to the explained phenomena. Note that these are sinks
for a specific head of the model and not the actual aver-
aged one.

(see example in Appendix C). The model exhibits
minimal moving sinks, with most layers showing
no clear sink patterns at all. This stability con-
trasts with the dynamic patterns in LLaDA-8B and
Dream-7B, potentially reflecting MMaDA-8B’s dif-
ferent multimodal training data. The static nature
of MMaDA-8B’s sinks more closely resembles tra-
ditional autoregressive models, though the bidirec-
tional attention mechanism still allows for unique
patterns not possible in causal models. For instance,
in Figure 3b we show that a considerable amount
of tokens shift their attention towards an already
unmasked token from one step to the other.

In Figure 6 we show an example of the phenom-
ena described previously for the different models.
We select a specific head from each model and
compare the position of the largest sink detected

by our metric. We observe that while MMaDA-8B
exhibits a mostly static sinking behaviour, sinks
tend to shift position in Dream-7B and LLaDA-8B.
More specifically, we observe that in LLaDA-8B
the sink tends to shift right as more blocks are de-
noised, while it moves from right to left in Dream-
7B.

4.3 Robustness of DLMs to Masking Sinks

Previous studies have demonstrated that attention
sinks play a crucial role in transformer-based mod-
els, with their removal typically causing catas-
trophic performance degradation (Xiao et al., 2023;
Gu et al., 2025; Barbero et al., 2024). How-
ever, given that attention sinks in DLMs exhibit
markedly different and more dynamic patterns com-
pared to ARMs, we investigate whether DLMs
demonstrate similar sensitivity to sink masking dur-
ing generation.

We evaluate the three DLM variants — LLaDA-
8B, Dream-7B, and MMaDA-8B — on both
coding and mathematical reasoning tasks us-
ing the GSM8K (Cobbe et al., 2021) and Hu-
manEval (Chen et al., 2021) datasets. GSM8K
contains grade-school level math word problems,
while HumanEval comprises programming prob-
lems designed to evaluate code generation and rea-
soning capabilities. We evaluate each model in two
configurations: (1) the original, unmodified model,
and (2) with the top-K sink tokens masked. To
determine which tokens to mask, we analyse the
attention map from step ¢ — 1 across each head
and layer. We identify the top-K sink tokens based
on our metric (Equation 3) and mask them by set-
ting their attention to 0 during the computation of
step t. We vary the threshold parameter €, where
smaller values result in masking a larger proportion
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Dataset Sinks DREAM-7B [58] LLADA-8B [38] MMADA-8B [57] LLAMA-3.1-8B [35]
Unmasked 0.82+0.01 0.76+0.01 0.54+0.01 0.85+0.01

GSMSK Masked €0 0.79+0.01 0.75+0.01 0.53+0.01 0.02+0.00
Masked € 0.78+0.01 0.73+0.01 0.54+0.01 0.02+0.00
Masked €2 0.75+0.01 0.55+0.01 0.37+0.01 0.01+o0.03
Unmasked 0.60+0.03 0.37+0.03 0.16+0.02 0.66+0.04
Masked €g 0.64+0.03 0.37+0.03 0.16+0.03 0.00+0.00

HumanEval
Masked €1 0.61+0.03 0.39+0.03 0.18+0.03 0.00+0.00
Masked €2 0.57+0.03 0.35+0.03 0.09+0.02 0.00+0.00

Table 1: Performance of DLMs and ARMs under attention sink masking. Thresholds €, €1, and €2 correspond
to masking 1, 5, and 10 top-ranked attention sinks, respectively. While LLama-3.1-8B exhibits severe degradation
when masking a single sink token, LLaDA-8B, Dream-7B, and MMaDA-8B maintain competitive performance
across masking settings, suggesting that parallel inference in DLMs provides robustness to attention sink removal.

of sinks. Specifically, we select €g, €; and €2 to
mask the top 1, 5 and 10 sinks respectively.

Surprisingly, the tested DLMs exhibit only
modest performance degradation when sinks are
masked (Table 1). For all the tested DLLMs, mask-
ing one sink leads to a degradation in performance
smaller than 1%. Substantial degradation occurs
only when € is decreased further to mask 10 sinks,
and mostly in MMaDA-8B. To make a fair compar-
ison with ARMs, we conduct a similar experiment
with LLama-3.1-8B, where instead of analyzing the
entire attention map to determine the token to mask
at the next iteration, we focus on the attention dis-
tribution of the last token. We adopt this approach
because ARMs, due to their causal nature, cannot
’shift’ their attention as flexibly as DLMs. In con-
trast to DLMs, applying this masking procedure to
LLama-3.1-8B results in severe performance drops
even when masking a single sink token, confirming
prior findings that ARMs are highly sensitive to
attention sink removal (Xiao et al., 2023; Gu et al.,
2025).

We hypothesize that this increased robustness
stems from the parallel inference mechanism inher-
ent to DLMs, which may provide alternative atten-
tion pathways when primary sinks are unavailable.
We explore this hypothesis further in Section 5.2.

Implementation details. We evaluate our mod-
els in PyTorch (Paszke et al., 2019) using the
checkpoints released on Hugging Face trans-
formers (Wolf et al., 2020) and the official
1m evaluation harness scripts (Gao et al., 2024).
We use the same hyper-parameters specified in the
respective original papers. For LLaDA-8B, we use
a block size of 32 and a generation length of 256
tokens for GSM8K and 512 for HumanEval. For

Dream-7B, which does not use semi-autoregressive
block generation, we adjust only the generation
length and diffusion step parameters according to
the original settings. We successfully reproduce
the reported results for LLaDA-8B, Dream-7B, and
LLama-3.1-8B using these configurations. How-
ever, we were unable to reproduce the original re-
sults for MMaDA-8B despite following the pub-
lished implementation details, and we therefore
report our own evaluation results for this model.

5 Discussion

5.1 Dynamic Sinks and Positional Encoding

Recent work on encoder-only models notes that
attention sinks can shift usually around special
markers like [CLS] or [EOS] and connects this
behaviour to the use of absolute positional em-
beddings (Ruscio et al., 2025). However, we find
that DLMs, despite using Rotary Positional Em-
beddings (RoPE, Su et al. 2023), show extremely
varied and dynamic sink patterns, including sinks
that move and others that split attention between
masked and unmasked tokens. These appear all
over the text sequence, often on important struc-
tural tokens (like punctuation). We further explain
these observations in Table 2. The emergence of
sink tokens on semantic and formatting markers
suggests that the sinking behaviour is driven not
only by the positional encoding or token index in
the sequence (Ruscio et al., 2025; Barbero et al.,
2025), but also by training dynamics and frequency
of the token in the training corpus (Sun et al., 2024;
Land and Bartolo, 2024).
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5.2 Robustness to Masking Sinks

A notable result from Section 4.3 is that DLMs
keep working, although with a drop in performance,
even when we mask their attention sinks, which
would cause an ARM to fail completely. We be-
lieve this robustness comes from the bidirectional
attention and the iterative denoising process work-
ing together to create stability that ARMs lack. In
ARMs, attention is causal, and the sink token is
usually a single, static anchor, that all future tokens
rely on. The next token to predict is therefore usu-
ally highly dependent on the sink, and cutting its
attention score causes the model to fail.

Howeyver, the bidirectional attention in DLMs
lets every token see the full context at every denois-
ing step. Additionally, at each step all tokens are
considered for unmasking, and only the ones with
highest probability (i.e., where the model is most
confident) are actually unmasked. This iterative de-
noising process might ensure higher stability: when
a sink is masked, the model may become less con-
fident about those tokens that are highly affected
by the sink, and therefore not consider them for
unmasking.

Model Token Freq.
¢ 0.368
<|mdm_mask|> 0.366

LLaDA 0.050
<|start_header_id|> 0.008
(white-space) 0.008
<|mask|> 0.321
¢ 0.090

Dream 0.046
, 0.044
<|endoftext|> 0.040
¢ 0.180
<|mdm_mask|> 0.166

MMaDA <|end_header_id|> 0.160
<|startoftext|> 0.108
istant 0.066

Table 2: Relative Frequency of Top-5 Sink Tokens.
Relative frequency of the top-5 most frequent tokens
detected as sinks by our metric. Across all models the C
(a token representing white-spaces) and [MASK] token
are the ones at which the models most often sink their
attention. We note that in MMaDA the istant token
comes from assistant , which is part of the prompt
template. Frequencies computed across 30 generations
with generation length of 128, 128 denoising steps and
block size of 32.

5.3 Practical Implications

Extending the analyses presented in this study, sev-
eral concurrent works have further characterized
and exploited attention sinks in DLMs. For in-
stance, Zhang et al. (2026) add a new sink token
to the model and show that it improves genera-
tion quality. Myrzakhan et al. (2026) use DLMs’
attention sinks to perform online pruning of unsta-
ble sink tokens, enabling a better quality-efficiency
trade-off. While Dai et al. (2026) show how DLMs’
sink mechanism helps them in RAG-related tasks,
even outperforming ARMs.

Moreover, in ARMs, attention sinks have been
proven to act as a tool to control over-mixing and
avoid representation collapse, especially in long
contexts (Barbero et al., 2025; Di Giovanni et al.,
2023). However, attention sinks in ARMs are usu-
ally present only at the beginning of the sequence
and represent a single point of reference for the en-
tire generation. In contrast, DLMs offer a flexible
inference and their sinks often shift position dur-
ing generation. Recent work of Long et al. (2026)
provides a method for efficiently handling long-
context generation by dynamically identifying at-
tention sinks, and retaining them during denoising.

6 Conclusion

We presented the first empirical analysis of atten-
tion sinks in Diffusion Language Models, show-
ing that they consistently emerge but behave dif-
ferently from those in autoregressive models. In
DLMs, sinks are dynamic, often shifting across de-
noising steps and aligning with semantic or struc-
tural tokens rather than fixed positions. Moreover,
DLMs remain remarkably robust to sink mask-
ing, suggesting that their bidirectional and iterative
generation distributes attention more evenly and
avoids reliance on single anchor tokens. These find-
ings reveal that diffusion models organize attention
through flexible mechanisms, offering new insights
into their internal dynamics and interpretability.

7 Future Work

While our empirical analysis offers a general
overview of sink behaviour in DLMs, it also raises
several open questions. It remains unclear what
type of information the model stores in the sinks
that correspond to future positions. A promising
direction to investigate this would be a mechanistic
analysis, for instance using the Logit Lens (Nostal-
gebraist, 2023).
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Moreover, although we observed several sink
behaviours (e.g., Figure 5a), we did not attempt
to provide a detailed explanation of these phenom-
ena. While such an investigation would be valuable,
it would require an interpretability-focused study,
which lies beyond the scope of this primarily em-
pirical work.

8 Limitations

While this study provides an extensive analysis
across three DLMs , it remains a purely empirical
work. We focus on documenting the emergence and
dynamic behavior of attention sinks through obser-
vation rather than providing a formal theoretical
framework or a detailed mechanistic explanation
of these phenomena. Furthermore, while we con-
ducted an extensive study across three DLMs, our
analysis is limited to instruct models, as we did not
perform experiments on their corresponding base
versions. Finally, we focused on attention sinks in
pre-trained models and did not explore how modi-
fications to the training procedure might influence
their behaviour, an aspect that has recently been
investigated for ARMs by Miller (2023); OpenAl
et al. (2025).
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Figure 7: Distribution of attention scores in LLaDA-8B (left), Dream-7B (centre), and MMaDA-8B (right). The
y-axis is the frequency with which a token receives the cumulative attention score indicated in the x-axis. Note
that the majority of tokens don’t receive a cumulative attention score bigger than 5, while there are evident outliers,

which are the attention sinks.

A Cumulative Attention Scores
Distribution

In Figure 7 we show additional plots of the cumula-
tive attention score distribution across all denoising
steps, displaying how a only a few tokens, the sinks,
receive a disproportionate high attention score.

B Selection of Sink Threshold

In Equation 3 we defined e to be the threshold for
classifying a token as a sink. In Figure 8 we show
how the value of ¢ affects sink selection. We see
that all the analysed DLMs filter out at least 96%

of tokens when using € = 3.
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D Prompt Template

Across this study we used the standard Hugging
Face prompt formatting for instruct models, which

defaults to:

<|startoftext|><|start_header_id|>user<|end_header_id|>

User's prompt
<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Model's response

Figure 8: Percentage of tokens not considered as sinks
when increasing the value of ¢, for a sequence of 64
tokens. A balanced threshold is found at ¢ = 3, which
we mainly used in this investigation to define that a

token is a sink.

C Characteristic Sinks

We provide examples of characteristic moving

sinks in Dream-7B and MMaDA -8B, see Figure 9.
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(a) Fixed sink in MMaDA-8B. MMaDA-8B often exhibits
a static sink at the beginning of the sequence. In different
denoising steps (0 and 127), the sink stays consistently at the
beginning of the sequence. Heatmap extracted from layer 12
and head 9.
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(b) Moving sinks in Dream-7B typically shift from right to
left. The sink moving is on step 32 (Left) and at the rightmost
position. While at step 33 (Right) the sink has moved towards
the centre. The heatmap was extracted from layer 5 and head
6.

Figure 9: Fixed sink in MMaDA-8B and moving sink in Dream-7B.
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