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Abstract

While the internal mechanisms of autoregres-
sive (AR) transformers have been studied exten-
sively, much less is known about diffusion lan-
guage models (DLMs), an emerging alternative
that generates text by iterative denoising. In
this work, we study how DLMs implement in-
duction, a mechanism behind in-context learn-
ing in which the model finds a repeated context
and copies the token that followed it. Our anal-
ysis compares attention-only AR models and
absorbing-mask DLMs with matched architec-
tures. We find that DLMs learn a bidirectional
induction circuit, where previous-token and
next-token heads write local context into the
residual stream and later induction heads use
it to find and copy the answer from the match-
ing source position. The circuit is direction-
symmetric, working whether the source ap-
pears in the past or in the future. When only left
context is visible, matching what an AR model
sees, the DLM does not outperform its AR
counterpart in induction capabilities. However,
we observe it has stronger induction when both
sides of the masked token are visible, point-
ing to bidirectional context access rather than a
stronger one-sided mechanism. Beyond induc-
tion, we provide causal evidence that DLMs
compute the global fraction of masked tokens
and use it as an implicit timestep, even though
they are given no explicit timestep embedding.

1 Introduction

Large language models (LLMs) based on autore-
gressive (AR) transformers have become central
tools for writing, coding and scientific work (Noy
and Zhang, 2023; Lee et al., 2022; Peng et al., 2023;
Boiko et al., 2023), making their internal mecha-
nisms an important object of study (Bereska and
Gavves, 2024). However, AR transformers are not
the only relevant class of language models. Diffu-
sion language models (DLMs) are a growing alter-
native that generate text by repeatedly denoising
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Figure 1: The bidirectional induction circuit identified in
DLMs. Neighbour heads write previous-token and next-
token cues. Later induction heads use their QK weights
to match those cues between the mask and the source
answer, and their OV path raises the probability of the
answer token at the mask. The same circuit applies
when the source answer is in the future.

sequences rather than predicting only the next to-
ken (Austin et al., 2021; Sahoo et al., 2024). This
gives them a different computational structure and
the promise of parallel decoding, as shown by re-
cent systems such as LLaDA (Nie et al., 2026),
DiffusionGemma (O’Donoghue and Flennerhag,
2026), and Mercury (Khanna et al., 2025).

AR language models have received extensive at-
tention in mechanistic interpretability (Bereska and
Gavves, 2024; Elhage et al., 2021; Olsson et al.,
2022; Wang et al., 2022; Conmy et al., 2023), but
much less is known about the internal mechanisms
of DLMs (Wang et al., 2026; Dai et al., 2026; Kong
et al., 2026). As DLMs use a different training
objective, bidirectional attention and an iterative
denoising process, mechanisms found in AR mod-
els may not transfer directly (Kong et al., 2026).

In AR models, induction heads are a canonical
circuit for in-context learning (Olsson et al., 2022).
They allow the model to use a repeated context
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to copy the token that followed the same context
earlier, providing a basic mechanism for learning
from examples inside the prompt. Understanding
whether DLMs implement induction in the same
way is a first step toward comparing their in-context
learning mechanisms with those of AR models.

DLMs change the setting in which induction
has to operate. They predict masked tokens from
bidirectional context, but the true token at the pre-
diction position is hidden behind the mask token
[M] (often written as [MASK]) (Austin et al., 2021;
Sahoo et al., 2024). Therefore, a DLM could use
the same AR induction circuit, extend it symmetri-
cally to copy from both past and future contexts, or
use a different mechanism.

In this work, we study this problem in a con-
trolled setting, focusing on absorbing-mask DLM:s.
We train matched attention-only AR transformers
and DLMs, evaluate on the same repeated-token
induction task, and analyze the DLM circuit with
causal ablations and weight decompositions. This
lets us compare behaviour and mechanism under
the same architecture and data distribution.

Following standard practice in mechanistic inter-
pretability (Elhage et al., 2021; Olsson et al., 2022),
we use small models to enable circuit-level causal
analysis, providing a foundation for understanding
the mechanisms of large-scale DLMs.

Our analysis reveals that DLMs learn induction
and implement it in a bidirectional form, as shown
in Figure 1. Induction emerges abruptly, requires at
least two layers, and works approximately equally
well from past or future context.

This work makes the following contributions:

* We identify and provide causal evidence for a
two-pathway circuit in which previous-token
and next-token heads write local context, and
later induction heads use this information to
copy from both past and future contexts.

* We compare induction in AR models and
DLMs under matched conditions and show
that DLMs outperform AR models in terms of
induction only when they can exploit bidirec-
tional context, and not when restricted to the
left-context setting used by AR models.

* We show that DLMs encode the global mask
fraction as an implicit timestep without hav-
ing an explicit timestep embedding. A linear
probe can recover the global mask fraction
from the residual stream at a single position

after the first attention layer, and patching the
mask-rate direction causally changes predic-
tion entropy.

2 Related Work

Mechanistic Interpretability of Transformer
Language Models. Autoregressive transformers
have been the main focus of mechanistic inter-
pretability in language models. Prior work intro-
duced tools for analyzing transformer circuits, in-
cluding residual-stream decomposition, attention-
head circuits, and QK/OV factorizations (Elhage
et al., 2021). This line of work identified induc-
tion heads as a central mechanism for in-context
learning in AR models, where earlier tokens pro-
vide the features needed to copy from repeated
contexts (Olsson et al., 2022).

Mechanistic interpretability has also developed
causal and representation-level methods for study-
ing model behaviour (Mueller et al., 2026). Cir-
cuit analyses and path patching (Wang et al., 2022;
Goldowsky-Dill et al., 2023; Conmy et al., 2023)
test which components are necessary for a be-
haviour, while probing and sparse-feature meth-
ods (Belinkov, 2022; Huben et al., 2024; Temple-
ton et al., 2026) study what information is repre-
sented in the residual stream. Work on superpo-
sition further shows why individual neurons may
not correspond cleanly to single features (Elhage
et al., 2022). Our DLM analysis draws on several
of these approaches, combining mean ablations,
QK/OV decomposition, and linear probing.

Diffusion Language Models. DLMs produce
text by gradually denoising corrupted sequences
instead of generating tokens one by one from left
to right. Early work developed discrete diffusion
objectives, including absorbing-state and more gen-
eral transition processes, and later work adapted
these objectives to language modeling (Austin et al.,
2021; Gulrajani and Hashimoto, 2023; Lou et al.,
2023; Sahoo et al., 2024; Shi et al., 2024). We use
DLM as the broad term in this paper, and our ex-
periments focus on absorbing-mask DLMs, which
prior work often calls masked diffusion models
(MDMs) (Ou et al., 2025; Zheng et al., 2025).

Recent work has made DLMs more competi-
tive by scaling masked diffusion models, adapting
AR models into diffusion models, and combining
autoregressive and diffusion-style generation (Nie
et al., 2025; Gong et al., 2025; Arriola et al., 2025).
Large DLMs further show that diffusion-based gen-



eration is becoming a practical alternative to stan-
dard AR decoding (Nie et al., 2026; Ye et al., 2025;
Khanna et al., 2025; O’Donoghue and Flennerhag,
2026). These models are often motivated by faster
or more parallel decoding, but their bidirectional
denoising objective (Artetxe et al., 2022; Patel et al.,
2022) also changes the internal computation for in-
context learning (Kim et al., 2025).

Interpretability of Masked Diffusion Models.
Mechanistic work on masked diffusion models is
still emerging. Recent studies analyze sparse fea-
tures in DLMs, attention-floating behaviour dur-
ing denoising, mechanism changes when AR mod-
els are post-trained into masked diffusion models,
and theoretical links between masked diffusion and
learned-order autoregression (Wang et al., 2026;
Dai et al., 2026; Kong et al., 2026; Garg et al.,
2025). These papers show that DLMs can share
some behaviour with AR models while also chang-
ing how information is routed. Our work instead
identifies the DLLM induction circuit and provides
causal evidence for its two-pathway structure in a
matched AR-DLM setting.

3 Method

3.1 Matched Autoregressive and Diffusion
Models

We train matched attention-only AR and DLM
transformers at depths L € {1,2,3}. The AR
models use causal attention and next-token pre-
diction, whereas the DLMs use bidirectional at-
tention and an absorbing-mask diffusion objec-
tive (Austin et al., 2021; Sahoo et al., 2024). Apart
from the objective and attention mask, the architec-
ture and training recipe are the same for both types
of models. For the main behavioural comparisons,
we train three independent seeds for each family
and depth, allowing us to compare both induction
emergence and final induction performance across
model families.

3.2 Measuring Induction

We evaluate induction capabilities on sequences
constructed with random tokens where only in-
context information can be utilized to predict the
correct tokens (Olsson et al., 2022). Each sequence
has length 512, with the first 256 tokens sampled
uniformly at random and repeated as the second
half. Let WX A YR denote a five-token source win-
dow with answer token A, and let WX [M] YR denote
the corresponding query window with A replaced

by the mask token [M]. In forward induction, the
source is in the first copy and the query in the sec-
ond, whereas in reverse induction their order is
swapped. In total, we use 128 such sequences for
evaluating each model. We mask a fixed, determin-
istic set of non-adjacent positions and score 3,328
masked tokens for the forward evaluation and 3,328
masked tokens for the reverse evaluation.

We use random tokens so that semantic and
natural-language frequency effects cannot explain
performance and the model must use the in-context
information to identify the masked token. We score
induction by how much repetition helps the model
predict the correct token: for each masked posi-
tion, we compare the model’s log probability on
the correct token in the repeated sequence to its log
probability on the same token in a non-repeated
control sequence with the same mask layout. The
induction score is this difference in nats, averaged
over masked positions.

AR models have no mask token [M], so we evalu-
ate them with next-token prediction on the same se-
quences: the model reads the sequence without any
masks and predicts each scored position from the
tokens to its left, using the same position-matched
control. This makes the AR score directly compa-
rable to the DLM forward score, while the reverse
setting has no AR counterpart.

3.3 Circuit Analysis

In order to localize the circuits, we utilize two com-
plementary measurements. First, we compute struc-
tural attention fingerprints, such as how much a
head attends from a masked position ¢ to z — 1,
to 7 + 1, or to the source answer position in the
other copy, which has no mask tokens. Second,
we perform mean ablations: for each head, we re-
place its output with its per-position mean over
non-repeated control prompts and recompute the
induction score (Wang et al., 2022). This approach
helps us identify which heads attend to relevant
information as well as which are actually causally
important for induction.

For weight-level analysis, we use DLMs without
LayerNorm, obtained by converting models trained
with LayerNorm, so that the residual stream can
be decomposed into additive components. For QK
analysis, we decompose an induction head’s atten-
tion logit from [M] to the source answer into query-
component by key-component terms. Following
Elhage et al. (2021), a head uses Q-composition
when an earlier head’s output contributes to its



query, and K-composition when it contributes to
its key. For OV analysis, we pass source-token
embeddings through an induction head’s value and
output matrices and then through the unembedding,
giving an effective token-to-token logit map.

3.4 Training and Implementation Details

All models use doqe1 = 512, 16 attention heads
with dypeaq = 32, and sequence length 512. The
DLM objective uses 7' = 100 timesteps and no
explicit timestep embedding. Models are trained on
FineWeb-Edu sequences (Penedo et al., 2024) for
250k steps with batch size 128, learning rate 1073,
10k warmup steps, and cosine decay to 10% of the
peak learning rate. We intentionally train in the
overtraining regime commonly used in mechanistic
interpretability work (Olsson et al., 2022; Nanda
et al., 2023). After training, AR models have lower
validation perplexity at every depth (e.g., 64.5 vs.
117.5 at L2), although the DLM value is an ELBO-
based upper bound on the true perplexity (Sahoo
et al., 2024), so the gap may be smaller than these
numbers suggest. However, we observe that in
some settings, DLM induction is stronger.

Both model families use the GPT-2 BPE tok-
enizer (Radford et al., 2019), and for DLMs we add
one extra mask token [M]. We train all models with
AdamW (Loshchilov and Hutter, 2017) with weight
decay 0.1 and gradient clipping at 1.0. For DLMs,
each batch samples a timestep ¢ € {1,...,7"} uni-
formly and independently masks each position with
cosine probability 1 — cos((t/T")m/2). We average
the loss only over masked positions.

Behavioural results are measured on AR and
DLM models trained with LayerNorm. For mech-
anistic analysis, we use folded no-LayerNorm
DLMs, which we obtain as follows (Nanda and
Bloom, 2022; Heimersheim, 2024): we fully train
the DLMs with LayerNorm, then replace each Lay-
erNorm’s per-token standard deviation with a con-
stant calibrated on training data. This makes every
LayerNorm a linear map, which we fold into the
adjacent weight matrices. Finally, we briefly fine-
tune the resulting no-LayerNorm models until they
recover the performance of the LayerNorm models.

This transformation approximately preserves
model quality: at L2, the folded no-LayerNorm
DLMs reach nearly the same validation perplexity
as the LayerNorm models (117.2 vs. 117.5), and
the folded L2 and L3 models show the same induc-
tion circuit. Their induction scores stay strong but
are not identical: forward scores are 3.67 = 0.15

nats at L2 and 4.64 + 0.09 at L3 (Table 1), versus
4.13 + 0.17 and 4.47 4+ 0.31 for the LayerNorm
models.

4 Results

We first compare induction behaviour in AR and
DLM models, then localize the heads that imple-
ment the DLM circuit and test their causal role. Af-
terward, we analyze how their QK and OV weights
find and copy the source answer token, and finally
show that DLMs compute and use the global mask
rate as an implicit timestep.
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(b) DLM induction is direction-symmetric.

Figure 2: Induction phase change. The induction score
is the log-probability gain on repeated versus control
sequences, in nats. Scores are three-seed averages and
the step axis is symlog.

4.1 DLM Induction Is Bidirectional

Induction appears abruptly during training and re-
quires at least two layers, as shown in Figure 2a.
AR and DLM models with one layer stay near zero
induction score, while L2 and L3 models transition
from near-zero to strong induction after roughly
8-24k training steps, with the DLMs transitioning
earlier than the matched AR models. This result
is consistent with the expected structure of an in-
duction circuit: one layer is enough to write local
neighbour features, but a later layer is needed to use
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Figure 3: Context access at L2, averaged over three
seeds. The DLM’s advantage over AR appears when
both sides of the masked token are visible, and the same
pattern holds at L.3. Axis schematics are abbreviated
from the true +4 window.

those features to retrieve the matching token (EI-
hage et al., 2021; Olsson et al., 2022).

Once induction emerges, it is nearly direction-
symmetric in the DLM. As shown in Figure 2b,
DLMs perform approximately the same on forward
and reverse induction, with nearly identical scores
at the end of training (e.g., 4.13 £ 0.17 forward
vs. 4.07 £ 0.25 reverse nats at .2). This shows the
models retrieve the answer equally well from either
direction. An AR model has no corresponding
reverse setting because of its causal attention mask.

The DLM has stronger induction when it can see
both sides of the masked token (Figure 3). To test
this, we control which of the mask’s neighbours
stay visible within four tokens on each side: none,
a single left or right neighbour, the four left, the
four right, or all eight. Everything outside this
window stays visible, including the whole source
copy, and extra masks at distant positions keep the
total number of masks equal across conditions, so
only the local context around the mask varies.

In the left-only setting, which matches the infor-
mation available to an AR model, the DLM scores
at or below the AR baseline (2.23 vs. 3.46 nats at
L2). The DLM has stronger induction only when
both sides are visible, with a score close to the
sum of the two one-sided scores (4.39 at L2). This
shows that its advantage comes from seeing both
sides of the mask rather than from a stronger one-
sided induction mechanism.

4.2 The Circuit Splits Into Previous-Token
and Next-Token Pathways

In order to localize the first part of the circuit, we
label layer-0 heads by whether they attend to the
previous token or the next token around the mask,
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Figure 4: Circuit localization in one representative DLM
run. Across the other DLM runs, head indices differ but
the same pattern appears.

and then test their causal role with mean ablation.
Previous-token heads attend from the mask to the
token on its left, while next-token heads attend
from the mask to the token on its right.

Ablating each layer-0 head individually singles
out one dominant head of each type. In the rep-
resentative run shown in Figure 4a, removing the
previous-token head or the next-token head causes
the largest drops in induction score, while remov-
ing any other head produces much smaller changes.
This indicates that bidirectional induction starts
by writing two local facts into the residual stream:
what is immediately to the left of the masked token
and what is immediately to its right.

The second step of the circuit appears in the next
layer. As shown in Figure 4b, a few layer-1 heads
attend strongly from the mask to the source answer
position in the other copy. We identify these as
induction heads: they use the neighbour informa-
tion written at layer O to find the source answer and
copy it back to the masked position. We then label
each induction head by which layer-0 pathway it
reads, determined with QK decomposition.

The same circuit replicates across depths and



forward reverse previous-token next-token #i . source
induction .

depth run score score drop drop heads attention

(nats) (nats) (nats) (nats) range
L=2 A 3.59 3.70 2.10 2.11 4 0.25-0.42
L=2 B 3.54 3.82 2.07 1.62 4 0.25-0.43
L=2 C 3.88 3.84 2.47 1.88 4 0.34-0.56
L=3 A 4.73 4.85 3.02 3.30 5 0.44-0.63
L=3 B 4.67 4.67 3.30 2.57 4 0.56-0.70
L=3 C 4.51 4.48 3.00 2.16 4 0.53-0.65

Table 1: Replication of the two-pathway circuit across the six folded no-LayerNorm DLMs used for mechanistic
analysis. Drops come from ablating one head at a time, and source attention is measured from the mask to the
source answer position for the selected induction heads.

training seeds. Table 1 lists the corresponding
heads for the six folded DLMs (three L2 and three
L3 models). Every run has one dominant previous-
token head, one dominant next-token head, and
a group of layer-1 induction heads whose source
attention stands clearly apart from the rest (0.25-
0.70 vs. =~ 0.03 for the next-highest head). Note
that the two per-head ablation drops can sum to
more than the full induction score because both
ablations disrupt the same downstream copy step.
The specific head indices change across runs, but
the organization of the circuit is stable. At L3, the

bours to 2.28 with one matching neighbour on each
side and 4.29 with two, while longer segments add
a negligible amount. This suggests an effective
induction window of five tokens, although models
with more heads and layers may learn a wider one.
Ablating a 2 head reduces the score by only 0.4-
0.7 nats, compared with about 2 nats for a +-1 head.
Including the +2 matches nearly doubles the score
because the extra context sharpens the induction
heads’ attention to the source.
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to +2.8 when both windows support A). Ablating sther e os

one of the two layer-0 heads tips the prediction
toward the other pathway: removing the previous-
token head shifts it toward B, and removing the
next-token head shifts it toward A. This shows that
either pathway alone can steer the output.

The two-pathway description is a simplification
of a slightly wider local circuit. Besides the domi-
nant heads for 7 — 1 and 7 + 1, we also find weaker
layer-0 heads that attend to 7 — 2 and 7 4 2. To mea-
sure how much local context is used, we construct
sequences where only a short segment around the
masked position matches the source, instead of the
whole sequence, and vary the segment length. The
score rises from 0.03 nats with no matching neigh-

emb pos «prev next» other emb pos «prev next» other
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Figure 5: QK mechanics in representative induction
heads. Each matrix decomposes the attention logit from
the mask token [M] to the source answer into query-
component by key-component terms. The largest term is
the one where the head’s own layer-0 pathway supplies
both the query and the key.

4.3 Weight Analysis Reveals the QK and OV
Mechanics of the Circuit

We then examine whether the localized heads im-
plement the expected computation in their weights.



For each induction head, we decompose the atten-
tion logit from the masked position to the source
answer into QK contributions from residual-stream
components (token embedding, positional embed-
ding, layer-0 head outputs). This lets us identify
which earlier component supplies the query at the
mask and which component supplies the key at the
source position.

The QK decomposition shows that induction
heads find the source by matching the same local-
neighbour feature in the query and the key. As
shown in Figure 5, previous-token induction heads
get their largest QK contribution from the previous-
token layer-0 head at both the masked position and
the source position. Next-token induction heads
show the same pattern for the next-token layer-0
head. Across all selected induction heads in the
six DLMs, the term where the head’s own layer-
0 pathway supplies both the query and the key
reaches 2.7-8.3 attention logits, while every other
term stays below 2.4.

token read at A
o
logit contribution
(vs. average token)

token predicted at [M]

Figure 6: OV mechanics in one representative induction
head, evaluated on a fixed random sample of 26 vocabu-
lary tokens. Attending to token ¢ at the source tends to
raise the logit of ¢ at the mask. Logits are relative to the
average vocabulary token.

This shows that the model uses both Q-
composition and K-composition: the layer-0 neigh-
bour head helps build the query at the mask token
[M] and the key at the answer token. This differs
from the standard AR induction-head mechanism,
where the current token is visible and can build the
query from its embedding, so the composition is
mainly into the key at the source position (Elhage
etal., 2021; Olsson et al., 2022). In a DLM, every
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Figure 7: Induction under corruption at L.2, averaged
over three seeds. Induction remains strong under high
global mask rates when the local window is visible. The
same pattern holds at L3.

masked position carries the same embedding of the
mask token [M], so the query has to come from what
layer-0 heads write at the mask.

The OV path explains what happens once a head
attends to the source position. As shown in Fig-
ure 6, the effective token-to-token map of an induc-
tion head is diagonal on a fixed random sample of
26 vocabulary tokens: attending to token ¢ at the
source tends to raise the logit of token ¢ at the mask.
Over the full vocabulary, this induction head makes
the copied token the top-1 logit for about one in
five source tokens.

The weight analysis supports the same mecha-
nism identified by ablation. Layer-0 heads write
local neighbour features, QK uses those features
to select the matching source position and OV in-
creases the logit of the attended token at the masked
position.

4.4 DLMs Learn an Implicit Timestep

We find that the induction circuit relies on nearby
tokens, not on the overall corruption level. The
DLM keeps a high induction score under heavy
masking as long as the tokens near the mask stay
visible (Figure 7): with the +2 neighbours pro-
tected, the score even rises slightly as masking
reaches 90% (from 4.31 to 4.71 at L2). When the
nearby tokens are masked instead, the score col-
lapses to about 0.5. This means the models are
robust to the corruption level as long as the local
window contains the relevant information.
Although induction is local, the DLM still inter-
nally represents the global mask rate. To test this,
we train a linear probe to predict the fraction of
masked tokens from the residual stream at a single
position. At the input embeddings, the probe can-
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Figure 8: The implicit timestep. Gray lines show indi-
vidual DLMs and the colored line the six-model mean.

not predict it (R? ~ 0), as a single token carries no
information about the global mask rate. After layer-
0 attention, the same probe reaches high RZin all
six DLMs (0.82-0.91), at both masked and visible
positions. This shows that the model computes a
global corruption-level feature even though it is not
given an explicit timestep embedding (Ou et al.,
2025; Zheng et al., 2025). Since the mask fraction
increases with the timestep under the cosine sched-
ule, this feature serves as an implicit timestep.

The mask-rate feature seems to affect predic-
tions. We test this by keeping the visible tokens
around a masked position fixed and adding ex-
tra masks only at distant positions. As shown
in Figure 8a, the entropy of the prediction at the
masked position rises by 0.29-0.45 nats across the
six DLMs as the global mask fraction increases.
Because the local context is unchanged, this sug-
gests that the model uses the global corruption level
when making predictions.

Finally, we test whether this mask-rate represen-
tation is causally used. We patch the layer-0 mask-
rate direction from a high-corruption run into the
same position in a low-corruption run. As shown

in Figure 8b, this patch raises entropy toward the
high-corruption condition in all six DLMs, recover-
ing 13-88% of the low-to-high entropy gap (mean
~ 40%), while an equal-size random-direction
patch has little effect. We expect only partial re-
covery as the patch changes the layer-0 residual
only at the predicted position, and later attention
layers can recompute the true mask rate from the
other positions. Still, the patch shifts entropy in the
expected direction in every model, showing that the
model not only computes the mask rate but uses it
as an implicit timestep.

5 Limitations

We analyze small attention-only transformers and
their folded no-LayerNorm variants. This simpli-
fies circuit analysis but leaves open if the mecha-
nisms appear in the original LayerNorm models or
larger DLMs with MLPs and more layers.

We only study absorbing-mask DLMs, where
corrupted positions are replaced by the mask token
[M]. Other diffusion objectives may behave differ-
ently. In particular, uniform-noise DLMs do not
use a mask token (Austin et al., 2021; Lou et al.,
2023), so they may not learn the same local induc-
tion circuit or the same implicit timestep.

Finally, our induction task is synthetic and con-
trolled. Random-token repeated sequences isolate
the induction circuit by eliminating semantic and
frequency effects, but this does not show that the
same circuit underlies in-context learning in natural
language. Testing this mechanism on richer tasks
remains an important next step.

6 Conclusion

We present a controlled mechanistic study of in-
duction in matched AR and absorbing-mask DLMs.
We show that DLMs learn a bidirectional circuit:
previous-token and next-token pathways feed later
induction heads, whose QK and OV weights re-
trieve and copy the source answer token.

The DLM advantage over AR comes from ac-
cess to both sides of the masked token rather than
a stronger one-sided mechanism. We also find that
DLMs compute and causally use the global mask
rate as an implicit timestep, even without an ex-
plicit timestep embedding.

Our work is a step toward understanding the
mechanisms behind in-context learning beyond AR
models, an important setting as other classes of
language models are increasingly adopted.
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