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Abstract

Autoregressive (AR) language models and Dif-
fusion Language Models (DLMs) constitute
the two principal paradigms of large language
models. However, both paradigms suffer from
insufficient reasoning capabilities. Human rea-
soning inherently relies on causal knowledge
and thought, which are reflected in natural lan-
guage. But in the AR paradigm, language is
modeled as next token prediction (a strictly
left-to-right, token-by-token order), whereas
natural language itself exhibits more flexible
causal structures. In the DLM paradigm, the
attention mechanism is fully connected, which
entirely disregards causal order. To fill this
gap, we propose the Causal Concept-Guided
Diffusion Language Model (C2DLM). Starting
from DLM’s fully connected attention, C2DLM
first obtains a concept-level causal graph from
the teacher model, and then explicitly guides at-
tention to learn causal relationships between
concepts. By focusing on causal relation-
ships and avoiding interference from difficult
subgoals involving causal inversion, C2DLM
achieves a 12% improvement and a 3.2× train-
ing speedup on the COT-OrderPerturb task,
along with an average gain of 1.31% across
six downstream reasoning tasks. Code and data
are available here.

1 Introduction

In recent years, the development of large language
models (LLMs) (Zhao et al., 2023; Liu et al.,
2024; Team et al., 2023) has led to two dominant
paradigms: autoregressive (AR) LLMs and diffu-
sion language models (DLMs) (Li et al., 2025a;
Nie et al., 2025). In the AR paradigm, a causal
mask (Vaswani et al., 2017) constrains the model
with a lower-triangular matrix to predict the next
token based on preceding tokens. In contrast, the
DLM paradigm employs fully connected attention
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Figure 1: Difference between AR, DLM, and C2DLM.
AR models struggle to capture global information, and
linguistic flexibility is not bound to a strict left-to-right,
token-by-token causal order. DLMs discard causal pri-
ors entirely. The C2DLM explicitly guides the model to
learn causal relations between concepts, capturing the
underlying causal priors of natural language generation.

to guide the model in globally modeling data from
coarse to fine (Ye et al., 2024).

However, both AR and DLMs suffer from insuf-
ficient reasoning capabilities, such as frequent hal-
lucinations (Huang et al., 2025) and unreliable rea-
soning chains (Lanham et al., 2023; Yehudai et al.,
2025), imposing fundamental limitations on tasks
that require reasoning and posing significant chal-
lenges in real-world deployment (Pan et al., 2025;
Acharya et al., 2025; Wu et al., 2024a). Specifi-
cally, AR models exhibit limitations in complex
reasoning, long-term planning, and maintaining
global coherence (Ye et al., 2024; Bubeck et al.,
2023; Kambhampati et al., 2024; Zečević et al.,
2023). DLMs, as strong competitors to AR models,
reduce training efficiency and hinder the effective
scaling of reasoning depth, thereby limiting their
potential for complex tasks.

Human reasoning inherently relies on causal
knowledge and thought. From a natural lan-

821

https://github.com/Kairong-Han/C-2-DLM


guage perspective, it is inherently flexible rather
than strictly left-to-right and token-by-token causal
structures. However, AR generation enforces unidi-
rectional information flow, resulting in local greed-
iness and a limited understanding of global objec-
tives and long-term structure. In contrast, DLMs
discard the causal order between tokens, often pro-
ducing final answers before the intermediate rea-
soning steps that COT methods would generate
(Wang et al., 2025a). Their training further in-
volves numerous difficult sub-tasks (e.g., predict-
ing masked cause variables from outcomes under
random masking) (Kim et al., 2025), which reduces
training efficiency and constrains the scalable de-
velopment of reasoning depth.

To address the above fundamental problems, we
hypothesize that these limitations stem from a mis-
alignment between the attention mechanism’s mod-
eling priors of natural language and the causal
priors underlying natural language. Therefore, we
aim to guide the model to capture the underlying
causal priors of the natural language generation pro-
cess, rather than superficial correlations. Inspired
by this, we propose the Causal Concept-Guided
Diffusion Language Model (C2DLM) paradigm,
as shown in Figure 1.

The C2DLM extends DLMs by two key steps:
(1) concept-level causal meta-knowledge extrac-
tion, and (2) causal alignment via the V-aware Re-
attention mechanism. In the first step, to obtain
concept-level causal graphs at low cost, an auto-
mated workflow leverages the in-context learning
(ICL) (Dong et al., 2022) capabilities of teacher
LLMs to extract concept-level meta-knowledge.
In the second step, we propose the V-aware Re-
attention mechanism to align the attention map
weighted by the L2-norm of the value matrix with
the underlying causal priors extracted in step one
for the natural language generation process.

To compare AR, DLM, and C2DLM systemati-
cally, we design the COT-OrderPerturb dataset to
quantify the impact of priors. AR models are sen-
sitive to concept order, whereas DLMs are more
robust but limited by efficiency and performance
bottlenecks. Building on DLMs, C2DLM achieves
a 12% higher performance and 3.2× faster training.
On downstream tasks with explicit causal priors,
C2DLM yields average improvements of 7.43% on
STG (Han et al., 2025b) and 10.84% on Sudoku
(training set size 200). Across six reasoning-related
datasets, it delivers an average gain of 1.31%, while
causal prior extraction with GLM-4.5 costs only

$0.46 per million tokens. Our contributions can be
summarized as follows:

• We propose C2DLM, a new paradigm distinct
from AR and DLM. It enhances reasoning
ability by guiding attention through causal
knowledge between concepts to achieve
causal alignment.

• The C2DLM achieves a 12% improvement
and a 3.2× acceleration of training efficiency
in the COT-OrderPerturb tasks, 7.43% on the
STG dataset, and 1.31% across six reasoning-
related downstream datasets on average.

• We reveal the risk of misalignment between
attention mechanisms and the causal priors
underlying natural language, which shows the
potential of combining causality into language
models.

2 Preliminaries and Related Work

2.1 Diffusion Large Language Model
Recently, researchers have adapted the diffusion
paradigm (Yang et al., 2023; Cao et al., 2024; Tong
et al., 2025) to discrete text data, proposing DLMs
(Nie et al., 2025; Ye et al., 2025, 2024; Austin
et al., 2021), which achieve competitive perfor-
mance compared to AR models. DLMs employ
a bidirectional attention mechanism and leverage
the Negative Evidence Lower Bound to provide an
upper bound on the negative log-likelihood of the
training data, thereby modeling the distribution of
language. LLaDA (Nie et al., 2025) first demon-
strated the effectiveness of DLMs at the 8B scale,
using the following supervised fine-tuning (SFT)
loss LDLM:

−Et,p0,r0,rt

[
L′∑

i=1

1[rti = M ] · log pθ(r0i | p0, rt)
]
,

where rt denotes the noised sequence appended to
the prompt p0. Recent work has mainly focused on
improving DLM by reinforcement learning (RL)
(Kaelbling et al., 1996; Hu et al., 2026b), such as
d1 (Zhao et al., 2025a), wd1 (Tang et al., 2025),
BranchGRPO (Li et al., 2025b), and others (Zhao
et al., 2025b; Zhu et al., 2025). Another line of
work focuses on speeding up DLM inference time,
such as Fast-dllm (Wu et al., 2025), SlowFast (Wei
et al., 2025), and others (Wang et al., 2025b; Hu
et al., 2025).

However, C2DLM focuses on causal alignment
of the attention mechanism in the SFT stage.
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2.2 Combining Causality and Attention
Mechanisms

Transformer (Vaswani et al., 2017) proposes the
multi-head attention mechanism, which models de-
pendencies between tokens:

Aattn
i = softmax

(
Qi ·K⊤

i√
dk

)
·Vi,

where for each head i in multi-head attention,
Qi,Ki ∈ Rn×dk ,Vi ∈ Rn×dv .

Although attention and causal (Pearl, 2009; Han
et al., 2025a) graphs are correlated in the covari-
ance structure (Rohekar et al., 2023; Han et al.,
2024), the attention sink (Sun et al., 2024; Xiao
et al., 2023; Gu et al., 2024) phenomenon reveals
outliers in the attention distribution, reducing in-
terpretability (Kobayashi et al., 2020). To correct
and denoise attention, some studies leverage causal
backdoor mechanisms for debiasing in text (Wu
et al., 2024b) and vision (Yang et al., 2021). Re-
cent work proposed the Re-attention mechanism
(Han et al., 2025b) to inject causal knowledge into
a student model.

C2DLM provides a new paradigm for investigat-
ing attention mechanisms in DLMs, interpreting
the importance of guiding the model to align with
data generation priors.

2.3 The Limitations of Attention in AR and
DLM

The limitations of AR and DLM models stem
from the structural priors imposed by their atten-
tion mechanisms. The AR model, with its lower-
triangular attention matrix and modeling objective
P (x) =

∏
i pθ(xi|x<i), is unable to handle sit-

uations in natural language where the outcome
precedes the cause. On the other hand, DLMs
can be regarded as an any-order AR model (Ar-
riola et al., 2025). DLMs adopt a fully connected
structure that can model arbitrary dependencies:
P (xi) = pθ(xi | x̸=i). The absence of causal con-
straints causes key causal signals in each step of
the COT process to be diluted by redundant infor-
mation from both past and future contexts. This
makes it difficult for the model to perform stable
and effective reasoning over COT.

3 Method

As shown in Figure 2, C2DLM consists of two main
steps: (1) concept-level causal meta-knowledge ex-
traction, and (2) causal alignment via the V-aware
Re-attention mechanism.

3.1 Concept-level Causal Meta-knowledge
Extraction

Humans, when confronted with downstream tasks,
analyze relationships among conceptual entities,
perform reasoning, and integrate contextual infor-
mation to verbalize their thought process in natural
language. Inspired by this, we extract and construct
concept-level reasoning graphs for tasks described
in natural language. Each concept encapsulates
the core information necessary for reasoning and
reflects human causal logic, thereby encoding the
true and flexible priors underlying the data. There-
fore, the generating function of language should
be consistent with human prior understanding of
causal concepts.

To reduce the cost of generating such priors, we
design an automated workflow. The teacher model
first extracts a set of concepts C = {c1, c2, . . . , cn}
from the reasoning steps, and denotes the remain-
ing text as context T . Each concept c ∈ C repre-
sents a semantically complete entity or sentence.
The teacher then constructs a reasoning graph over
C, capturing causal dependencies between con-
cepts.

Unlike prior work (Han et al., 2025b), the graph
is not restricted to pairwise causal forms such as
cA causes cB . For a given concept cA, informa-
tion from cB that is unnecessary for generation
is pruned, preventing reverse dependencies. For
example, as shown in Figure 2(a), the teacher de-
composes the problem into four steps and identifies
causal meta-knowledge within each step. Condi-
tions like “2, 3, 5, 7, 11, 13, 17, 19” and “each
prime factor of 20! must be assigned entirely to a
or b” together imply 256 valid (a, b) pairs, though
this fact is not required when generating those con-
ditions. For certain tasks, we further introduce a
rule-based, semi-autoregressive supervisory signal
that decomposes the reasoning chain into coarser-
grained steps s ∈ S based on inter-rule inference.
This mechanism prunes irrelevant information from
earlier steps, improving the efficiency of subse-
quent reasoning. Prompt details are provided in
Appendix A.

Based on the above constraints, we define the
prior supervision mask as:

Mj,i =





1, ci, cj ∈ C, ci → cj ,

0, ci ∈ T or cj ∈ T ,

−1, ci, cj ∈ C, cj → ci or si > sj .
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Question: Given a rational number, write it as a fraction in 
lowest terms and calculate the product of the resulting 
numerator and denominator. For how many rational numbers 
between 0 and 1 will 20! be the resulting product?

Answer: Given a rational number between 0 and 1, we need to 
(...Omitted COT...) Thus, the number of rational numbers 
between 0 and 1 for which the product of the numerator and 
denominator in lowest terms of 20! is \boxed{128}
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Figure 2: (a) Leveraging the contextual learning capability of a strong model, the causal teacher model uses prompts
to automatically extract concept-level information from COTs and generates causal meta-knowledge links between
concepts as supervisory signals. (b) During training, for the internal attention map obtained from COTs, the V-aware
Re-attention mechanism weights the attention maps by the norms of the corresponding value matrix. (c) The
tokenizer maps the textual supervisory signals from step (a) to the weighted attention maps, and a loss-based
intervention is applied to guide the C2DLM’s decision-making process.

where c and s are concepts and steps indexed by
token i and j respectively.

3.2 Causal Alignment via the V-aware
Re-attention Mechanism

To align the model’s decision dependencies with
the underlying causal mechanisms of natural lan-
guage and eliminate instability caused by outliers
in the attention map, we propose the V-aware Re-
attention mechanism. With respect to the supervi-
sory mask introduced in the previous section, we
define the index sets as

Ik = {j |Mi,j = k}, k ∈ {−1, 0, 1}.
Because the attention map can be distorted by

the attention sink phenomenon, its raw values may
fail to accurately reflect token-level interactions.
To address this, we incorporate the L2-norm of
the value matrix as weighting information. Let
A(h) ∈ RTq×Tk denote the attention map of the
h-th head, and V (h) ∈ RTq×dh the corresponding
value matrix. We use the L2 norm of the value
matrix as weighted information (Kobayashi et al.,
2020):

∥V (h)
i ∥2 =

√√√√
dh∑

d=1

(
V

(h)
i,d

)2
, i = 1, . . . , Tq.

The weighted attention map is then

Ã
(h)
i,j = A

(h)
i,j ·∥V

(h)
i ∥2, ∀i ∈ [1, Tq], j ∈ [1, Tk],

and averaging across nh heads yields

Ãi,j =
1

nh

nh∑

h=1

Ã
(h)
i,j .

Based on Ã, we compute the average attention
values for encouraged and neutral sets as

Ā1 =
1

|I1|
∑

j∈I1
Ãi,j , Ā0 =

1

|I0|
∑

j∈I0
Ãi,j .

The ratio loss for the i-th row is

Lratio(i) =





− Ā1

Ā1 + Ā0
,

Ā1

Ā0
< α,

0, otherwise,

where α > 0 enforces a minimum ratio between
encouraged and neutral attentions. In addition, for
masked entries with Mi,j = −1, we penalize the
squared weighted attention values:

Lneg(i) = λ
∑

j∈I−1

Ã2
i,j ,
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with λ > 0 controlling the penalty strength. The
total loss for the i-th row is then

Lrow(i) = Lneg(i) + Lratio(i).

For the Jr valid rows that have supervisory sig-
nals, we apply weighting and combine them with
the DLM downstream SFT loss (as described in
Section 2.1) to obtain the final training loss:

Ltotal = LDLM +
γ

|Jr|
∑

i∈Jr

Lrow(i),

where γ > 0 is a balancing coefficient controlling
the relative strength of the proposed constraint loss.

Because we directly intervene on the weights
of the attention matrix, we introduce a smooth-
ing mechanism to stabilize training. Inspired by
learning rate scheduling, we define a γ-parameter
scheduler Sγ that modulates γ over training steps.
Specifically, for the initial set of steps, γ increases
linearly from γmin to γmax, and for the subsequent
steps, it decreases linearly back to γmin. Formally,
this can be expressed as:

γt =

{
γmin +

t
T1
(γmax − γmin), t ∈ [0, T1]

γmax − t−T1
T2−T1

(γmax − γmin), t ∈ [T1, T2],

where t denotes the current training step, T1 is the
number of warm-up steps, and T2 − T1 is the num-
ber of cool-down steps.

4 Experimental Results

4.1 Experimental Setup

Datasets. We first constructed a synthetic dataset,
COT-OrderPerturb, to examine how the ordering of
concepts within COT influences AR and DLM. We
then employed the Sudoku* and STG (Han et al.,
2025b) datasets to assess how models benefit when
downstream tasks exhibit explicit causal structures.
Finally, we evaluated broader reasoning-related
downstream tasks, including MATH500 (Lightman
et al., 2023), GSM8K (Cobbe et al., 2021), GPQA
(Rein et al., 2024), ARC_C (Clark et al., 2018),
SAT (Zhong et al., 2023), and MMLU_STEM
(Hendrycks et al., 2021b,a).

Baselines and hyperparameters. We adopt
LLaDA-8B-Instruct† as the primary experimen-
tal model and apply LoRA (Hu et al., 2022) for

*https://github.com/Black-Phoenix/4x4-Sudoku-Dataset
†https://github.com/ML-GSAI/LLaDA/

fine-tuning, with SFT serving as the main DLM
baseline. During training and evaluation, all hy-
perparameters are consistent except for the loss
introduced by C2DLM. In addition, we include the
following commonly used AR models for compar-
ison: Llama-3.1-8B, Llama-3.2-1B (Dubey et al.,
2024), Qwen-2.5-1.5B, and Qwen3-8B (Yang et al.,
2025). For the γ-parameter scheduler, we set
T1 = 0.1 × T2. For the λ-parameter, we set 100
for the COT-OrderPerturb and 10 for all other tasks.
The learning rate is uniformly fixed at 2 × 10−5,
and the LoRA rank is set to 128. For STG and
Sudoku, we set α as 5, and for other tasks, α is
3. Unless otherwise specified, the block length
during the test defaults to 32. More detailed hyper-
parameter configurations are provided in Appendix
B.

4.2 Quantifying the Impact of Priors
Previous studies (Hu et al., 2026a) have shown that
order has a certain impact on the reasoning perfor-
mance of diffusion-based models. To verify the
impact of AR and DLM attention limitations, we
propose the COT-OrderPerturb synthetic dataset,
thereby quantifying the impact of misalignment be-
tween the attention mechanism’s modeling priors
of natural language and the causal priors underlying
natural language. We first generate COT simula-
tion data based on a given prior causal graph, as
shown in Figure 3, including both COTs that follow
the standard causal order and COTs with permuted
concept sequences, where outcomes may precede
their causes. To systematically explore different
types of perturbations, we apply the following shuf-
fling strategies: DFS, local reverse (LR), output
first (OF), reverse (RE), and three random shuf-
fles R1, R2, and R3 (details in the Appendix C),
along with a control condition named No COT in
which answers are generated directly without COT
reasoning. Results are summarized in Table 1.

Structural Bias in AR Models. We observe
that AR models exhibit declining performance con-
sistency when data is perturbed such that outcomes
precede their causes. However, linguistic flexibility
is not bound to a strict left-to-right, token-by-token
causal order, e.g., "The ground is slippery today
because it rained" or "Lung cancer is caused by
smoking". The outcome may precede the cause.
The misalignment between AR priors and under-
lying causal priors of natural language introduces
structural risks that cannot be resolved by simply
scaling the training data.
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Model Normal COT Shuffle COT No COTDFS LR OF RE R1 R2 R3 avg ± std

AR
Llama-3.2-1B 22.40% 20.60% 25.80% 31.40% 22.60% 25.00% 24.00% 24.20% 24.80%±3.37% 15.60%
Qwen3-8B 60.60% 2.41% 44.20% 0.20% 0.20% 23.00% 32.40% 33.20% 19.37%±18.32% 36.40%
Llama-3.1-8B 47.60% 18.20% 44.00% 14.00% 21.40% 4.00% 32.60% 29.80% 23.43%±13.20% 44.60%

DLM
LLaDA-8B-Instruct (SFT) 38.60% 38.20% 36.60% 42.40% 41.80% 33.80% 35.00% 40.60% 38.34%±3.38% 57.60%

Table 1: Performance of AR and DLM under different settings on the COT-OrderPerturb dataset.

ZorinVortex

Input Variables

FluxQuasar Radiant

Chain-of-thoughts

....

Answer

Stardust

Normal COT (Causal Order)

ZorinVortex

Input Variables

RadiantQuasar Flux

Chain-of-thoughts

....

Answer

Stardust

Shuffle COT (Causal Order Inversed)

Exchanged, outcomes precede their causes

Question: Please infer the value of the Stardust variable based on the 
variables below ... Zorin is 84 and Vortex is 6. 

Normal COT
COT: Quasar = (Zorin + Vortex) * 0.5 + 10 
= 55\nFlux = (Zorin - Vortex) * 0.6 + 20 = 
67\nRadiant = (Quasar + 2 * Flux) / 3 = 
63\n ...... Therefore answer is 91

Shuffle COT
COT: Quasar = (Zorin + Vortex) * 0.5 + 10 
= 55\nRadiant = (Quasar + 2 * Flux) / 3 = 
63\nFlux = (Zorin - Vortex) * 0.6 + 20 = 
67\n ...... Therefore answer is 91

Figure 3: Normal COT follows the causal topological
order of the data-generating process to construct reason-
ing steps, whereas the Shuffle setting simulates cases
where COT exhibits causal misordering.

Robustness from Order-Independence in
DLMs. The DLM, trained with fully connected
attention and order-independent masking, demon-
strates greater robustness. In the shuffled COT
setting, DLM achieves both a better mean and stan-
dard deviation of accuracy.

Performance Bottlenecks of DLMs. Interest-
ingly, DLMs perform notably worse than AR mod-
els under the Normal COT setting. While AR
models consistently benefit from COT supervision,
DLMs achieve substantially higher performance
in the No-COT condition than when COT is in-
cluded. This discrepancy arises because, by dis-
carding causal order, DLM training effectively be-
comes a form of multi-objective learning across
all reasoning steps. With limited data, this hin-
ders the acquisition of deeper reasoning capabili-
ties. Moreover, the longer COT sequences further
exacerbate inefficiency: DLMs typically require
nearly 80 epochs to converge, whereas AR models
converge within only 4 epochs.

Performance Gain Using C2DLM. C2DLM ex-

3.2x

Figure 4: Accuracy curve as training progresses in the
COT-OrderPerturb task.

Model Normal COT

LLaDA-8B-Instruct (SFT) 38.60%
C2DLM (ours) 50.60%
∆ +12.00%

Table 2: Performance comparison under the Normal
COT setting. Notation ∆ denotes the performance gain
relative to direct SFT on LLaDA-8B-Instruct.

plicitly incorporates step-wise conceptual causal re-
lationships, guiding the model to learn the data gen-
eration process via a V-aware Re-attention mecha-
nism, and suppresses attention on element interac-
tions that violate the causal structure. As shown in
Table 2, aligning with causal priors leads to a signif-
icant performance improvement of 12%, surpass-
ing that of Llama-3.1-8B. Moreover, as illustrated
in Figure 4, the training efficiency of C2DLM is
3.2 times that of DLM.

4.3 Downstream Task Experiments with
Explicit Causal Structures

Some downstream tasks contain explicit causal
structures as priors in their data generation pro-
cesses. We selected Sudoku and STG as represen-
tative benchmarks to evaluate C2DLM.

4.3.1 Sudoku dataset
For the Sudoku task, we focus on a 4 × 4 grid,
which is consistent with the setting in (Zhao et al.,
2025a). In Sudoku, each number is determined by
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Setting Sudoku

n=200 n=500 n=5000

AR
Llama-3.2-1B 3.00% 22.40% 80.60%
Qwen3-8B 67.40% 76.40% 83.00%
Llama-3.1-8B 8.60% 29.20% 80.80%

DLM
LLaDA-8B-Instruct (SFT) 77.05% 90.23% 92.14%
C2DLM (ours) 87.89% 91.21% 92.97%
∆ +10.84% +0.98% +0.83%

Table 3: Performance on Sudoku task. Here, n denotes
the size of the training data. Notation ∆ denotes the
performance gain relative to direct SFT on LLaDA-8B-
Instruct.

2x

Figure 5: Performance change curve during different
epochs of training on the STG_H dataset.

the values in its row, column, and corresponding
subgrid. Experimental results in Table 3 indicate
that AR approaches are constrained by the unidirec-
tional flow of information, causing a misalignment
between attention priors and the data generation
process, which leads to low performance. By con-
trast, C2DLM effectively leverages the causal pri-
ors, which allows the model to better fit the data
and avoid learning spurious and unrelated corre-
lations. This advantage is particularly obvious in
small-data scenarios (n = 200), where LLaDA-
8B-Instruct lacks clear supervisory guidance and
performs worse than C2DLM.

4.3.2 STG dataset

Similarly, the STG dataset is also generated from
explicit causal graphs and provides both IID and
OOD (Han et al., 2025b; Tong et al., 2023) test-
ing scenarios, which facilitate a more systematic
evaluation of robustness in the presence of spuri-
ous correlations. As shown in Table 4, C2DLM
significantly outperforms direct SFT across differ-

ent STG subsets, with an average improvement of
7.43% across IID and OOD settings. Compared
to AR, introducing the causal prior via C2DLM
markedly narrows their gap and even surpasses the
best AR baselines in the OOD setting of STG_S,
STG_M, and STG_L.

We further examined the training efficiency of
C2DLM in STG_H. As shown in Figure 5, the
training efficiency of C2DLM is 2 times that of
DLM.

Prediction: Low Risk

Question: Here is the statistical data for a person. Please predict the probability of cancer. 
Certain gene: 3, Weight: 2, Clothing size: 4, Exercise: 1, Room size: 2, Yellow fingers: 6, 
Smoking: 10, Hormones: 1 
Ground Truth: High Risk

Prediction: Low Risk

Prediction: Low Risk

Figure 6: Attention visualization and weight distribu-
tion bar charts, where the x-axis represents different
attributes in the STG task. Purple indicates causal fac-
tors, green denotes spurious correlations, and yellow
represents unrelated factors.

To better interpret the impact of C2DLM on the
attention mechanism, we conducted attention visu-
alizations weighted by the value matrix. As shown
in Figure 6, C2DLM effectively learns causal re-
lationships, whereas direct fine-tuning of LLaDA
fails to distinguish spurious correlations and irrel-
evant factors from causal factors. By mechanisti-
cally guiding the model to fit the data generation
process, C2DLM yields more robust predictions
and enhances model reliability. Further analysis is
provided in Appendix E.

4.4 Evaluation on Broader Math and
Reasoning Downstream Tasks

For broader downstream tasks without explicit
causal structure, we leverage the automated work-
flow introduced in Section 3.1. Specifically, we
adopt the latest GLM-4.5 (Zeng et al., 2025), which
provides a balance between scalability and cost-
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Setting STG_S STG_M STG_L STG_H

IID OOD IID OOD IID OOD IID OOD

AR
Llama-3.2-1B 83.50% 67.25% 95.75% 61.50% 97.25% 87.00% 37.40% 27.90%
Qwen-2.5-1.5B† 81.50% 78.50% 93.25% 82.00% 95.75% 82.00% 51.50% 53.40%
Llama-3.1-8B† 90.50% 86.25% 93.25% 64.50% 96.00% 88.25% 57.80% 49.60%

DLM
LLaDA-8B-Instruct (SFT) 86.50% 81.25% 85.75% 83.00% 88.25% 83.25% 24.80% 25.60%
C2DLM (ours) 88.00% 88.50% 93.00% 95.00% 93.50% 92.25% 35.20% 32.40%
∆ +1.50% +7.25% +7.25% +12.00% +5.25% +9.00% +10.40% +6.80%

Table 4: Performance on STG task. Notation "†" means results from (Han et al., 2025b). Notation ∆ denotes the
performance gain relative to direct SFT on LLaDA-8B-Instruct.

Setting GSM8K MATH500 GPQA MMLU_STEM ARC_C SAT Avg

LLaDA-8B-Instruct 80.36% 36.60% 28.79% 58.74% 85.75% 71.36% 60.27%
LLaDA-8B-Instruct (SFT) 80.74% 36.20% 29.24% 59.21% 85.67% 75.00% 61.01%
C2DLM (ours) 81.96% 37.20% 29.46% 60.42% 86.26% 78.64% 62.32%

∆ +1.22% +1.00% +0.22% +1.21% +0.59% +3.64% +1.31%

Table 5: Performance on diverse math and reasoning downstream datasets. Notation ∆ denotes the performance
gain relative to direct SFT on LLaDA-8B-Instruct.

effectiveness while addressing the challenges of
extracting causal relationships from long COT se-
quences. Aligning with previous work (Zhao et al.,
2025a; Tang et al., 2025), we start from the s1k
dataset and construct a training dataset containing
686 instances annotated by the GLM-4.5.

We conducted a manual random sampling of
50 instances to evaluate the causal graphs gener-
ated by the teacher model. Two instances (4% of
the sampled data) failed to produce causal graphs
due to decoding errors. Among the successfully de-
coded instances, the accuracy was 93.42% ± 1.41%.
Detailed experimental procedures are provided in
Appendix F.

Both SFT and C2DLM are trained on this dataset,
with the only difference being that C2DLM incorpo-
rates the causal prior loss. The resulting models are
then evaluated on six downstream tasks. As shown
in Table 5, C2DLM achieves consistent improve-
ments across six test datasets, with an average gain
of 1.31%. Notably, these gains are obtained using
only 686 causally annotated examples. As per-
formance improvements from scaling next-token
prediction alone are approaching a bottleneck, our
pipeline highlights the potential of leveraging two-
dimensional supervision signals based on token
interactions as a promising direction for future scal-
ing, with the cost as low as $0.46 per million tokens
(see Appendix D for details).

4.5 Ablation Study

Setting GSM8K MATH500 SAT Avg

α = 2 81.43% 37.60% 77.73% 65.58%
α = 3 81.96% 37.20% 78.64% 65.93%

w/o Sγ 81.65% 33.20% 74.09% 62.98%
w/o V-aware 81.35% 34.00% 68.64% 61.33%

α = 4 81.65% 34.00% 76.82% 64.16%
α = 5 81.50% 36.80% 78.18% 65.49%

Table 6: Ablation study under different α and γ sched-
uler. Gray line (α = 3) is the default setting. The
notation w/o Sγ means that the γ scheduler is not used.

To analyze the effects of different components
and hyperparameters, we conducted ablation stud-
ies on the parameters α and the γ scheduler. α
represents the degree of emphasis on causal re-
lationships, and an appropriate level of emphasis
contributes to improved model performance. Addi-
tionally, we evaluated an ablation of the V-aware
strategy, in which the model performance was as-
sessed without the weighting provided by the value
matrix (denoted as w/o V-aware). As shown in Ta-
ble 6, within a certain range, model performance
first improves and then declines as α increases.
We further examined the impact of the γ sched-
uler. Without the γ scheduler, the performance of
C2DLM declines on all datasets. When the V-aware
strategy is not employed, and causal knowledge is
directly injected, performance decreases. This is
due to the direct manipulation of attention scores.
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Ignoring the influence of the value matrix intro-
duces substantial instability during training, which
in turn leads to performance degradation. These re-
sults demonstrate the effectiveness of the V-aware
strategy.

5 Conclusion

To address the limitations of language mod-
els in reasoning, we propose C2DLM, a new
paradigm distinct from AR and DLM. C2DLM
leverages automated pipelines to extract causal
meta-knowledge and employs the V-aware Re-
attention mechanism to align attention. We pro-
pose the COT-OrderPerturb task to quantify the
influence of language modeling priors, and we vali-
date the effectiveness of C2DLM on Sudoku, STG,
and six broad downstream tasks. C2DLM improves
both the model’s reasoning ability and training effi-
ciency. Furthermore, we reveal the risk of misalign-
ment between attention mechanisms and the causal
priors underlying natural language, which shows
the potential of combining causality into language
models.

Limitations

Our experiments focus on the LLaDA-8B-Instruct
model, but due to constraints in training resources
and the base model, C2DLM’s performance still
lags behind the SOTA AR models. Furthermore,
larger-scale DLMs remain underexplored, so the
effectiveness of C2DLM on such models is still
unknown. Limited by computational resources,
we are unable to inject causal knowledge at scale
during pretraining; the pretraining stage remains
largely unexamined, and our current work focuses
solely on the SFT phase. Causal knowledge in the
real world is highly complex, and thus extracting
causal structures and benefiting from them in more
intricate causal graphs or ultra-long COT remains
a significant challenge.

Ethical Considerations

A potential risk of this work lies in the possibility
that the proposed method could be misused to in-
ject illegal or unethical information into models.
Therefore, we strongly urge users to ensure that
all training datasets comply with relevant laws and
ethical guidelines when applying this approach.
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A Details of Prompt

This appendix provides the prompt templates used
for concept-level causal meta-knowledge extraction
with a Teacher LLM. By decomposing questions
and extracting concept-level causal relations, we
derive reasoning graphs, which serve as a surrogate
for the underlying causal priors of natural language.

Teacher LLM’s System Prompt

##Command: You are a causality expert.
Your task is to identify causal relationships
in a given problem and its solution, in or-
der to generate a two-dimensional supervi-
sory signal between tokens. Specifically,
you need to extract concepts in the chain of
thought. These concepts should:
1.Reflect the essential reasoning process.
2.Carry richer information content.
3.Have a stronger impact on predicting the
final answer.
4.Be unique within the text, to avoid ambi-
guity during matching.

5.The extracted content must come strictly
from the original text provided.
The extraction format should be a dictio-
nary: { "Effect1": [Cause11, Cause12, ...],
"Effect2": [Cause21, Cause22, ...], ... }.The
dictionary key concept represents the effect,
while the value list represents the causes.
Therefore, in each segment of text, you need
to carefully determine which concept is the
cause and which is the effect — that is, with-
out the cause, the effect cannot be naturally
obtained. It is best if the concepts can be
linked end-to-end through causal relation-
ships, forming a complete reasoning map.

Teacher LLM’s In-context Demo

Question: Given a rational number, write
it as a fraction in lowest terms and calcu-
late the product of the resulting numerator
and denominator. For how many rational
numbers between 0 and 1 will 20! be the
resulting product?
Answer: Given a rational number between 0
and 1, we need to write it as a fraction in
lowest terms a

b and calculate the product of
the resulting numerator and denominator.
We need to determine how many such
rational numbers exist where the product
a× b = 20!.

1. Prime Factorization of 20!:
- The prime factors of 20! are 2, 3, 5, 7, 11,
13, 17, and 19. These are 8 distinct primes.

2. Coprime Pairs:
- For a × b = 20! and gcd(a, b) = 1, each
prime factor of 20! must be assigned
entirely to either a or b. This results in
28 = 256 coprime pairs (a, b).

3. Counting Pairs (a < b):
- Since a and b are coprime and a× b = 20!,
each pair (a, b) and (b, a) are distinct. To
find pairs where a < b, we divide the total
number of pairs by 2, excluding the case
a = b (which is impossible since 20! is not
a square).

4. Result:
- The number of coprime pairs (a, b) with
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a < b is 256
2 = 128.

Thus, the number of rational numbers
between 0 and 1 for which the product of
the numerator and denominator in lowest
terms is 20! is 128 .

## Demo Output 1:
{
“2, 3, 5, 7, 11, 13, 17, and 19": ["The prime
factors of 20!"],
"This results in 28 = 256 coprime pairs
(a, b)": ["2, 3, 5, 7, 11, 13, 17, and 19",
"each prime factor of 20! must be assigned
entirely to either (a) or (b)"],
"each pair (a, b) and (b, a) are distinct":
["Since (a) and (b) are coprime and
a× b = 20!"],
"The number of coprime pairs (a, b) with
a < b is 256

2 = 128" : ["This results in
28 = 256 coprime pairs (a, b)", "we divide
the total number of pairs by 2, excluding the
case (a = b)"]
}

## Demo Input 2:
Question: Square AIME has sides of
length 10 units. Isosceles triangle GEM
has base EM , and the area common to trian-
gle GEM and square AIME is 80 square
units. Find the length of the altitude to EM
in△GEM .
Answer: Square (AIME) has sides of
length 10 units. Isosceles triangle (GEM)
has base (EM), and the area common to
triangle (GEM) and square (AIME) is
80 square units. We need to find the length
of the altitude to (EM) in△GEM .

1. Vertices of the Square:
- Place the square on a coordinate sys-
tem with vertices (A(0, 0)), (I(0, 10)),
(M(10, 10)), and (E(10, 0)).

2. Isosceles Triangle (GEM):
- Base (EM) is vertical from (E(10, 0)) to
(M(10, 10)).
- The apex G of the triangle is to the left
of (EM) (outside the square for larger
altitudes).

3. Coordinates of G:
- Let the altitude from G to (EM) be h. The
coordinates of G are (10 − h, 5) because
the triangle is isosceles with (GE = GM).

4. Equations of Lines:
- Line (GE) has the equation y = − 5

hx+
50
h .

- Line (GM) has the equation
y = 5

hx+ 10− 50
h .

5. Intersection with the Square:
- The lines (GE) and (GM) intersect the
left edge of the square (x=0) at points
(0, 50h ) and (0, 10− 50

h ).

6. Area Calculation:
- The overlap area is:

Area =

∫ 10

0

(
(
5
hx+ 10− 50

h

)

−
(
− 5

hx+ 50
h

)
)
dx

- Simplifying: Area =∫ 10
0

(
10
h x+ 10− 100

h

)
dx = 100− 500

h .
- Setting Area = 80: 100 − 500

h = 80 =⇒
h = 25.

Thus, the length of the altitude to (EM) in
△GEM is 25 .

## Demo Output 2:
{
"The coordinates of (G) are (10 − h, 5)":
["the triangle is isosceles with (GE =
GM)", "Let the altitude from (G) to (EM)
be (h)", "Place the square on a coordinate
system with vertices (A(0, 0)), (I(0, 10)),
(M(10, 10)), and (E(10, 0))"],
"The lines (GE) and (GM) intersect the
left edge of the square (x=0) at points (0, 50h )
and (0, 10− 50

h )": ["Line (GE) has the equa-
tion y = − 5

hx + 50
h ", "Line (GM) has the

equation y = 5
hx+ 10− 50

h "],
"the length of the altitude to (EM) in
△GEM is 25 ." : ["Setting the area equal
to 80: 100− 500

h = 80 =⇒ h = 25"]
}
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B Details of Hyperparameters

Since different tasks vary in sequence length and
convergence speed, we assign task-specific training
epochs and generation lengths at evaluation. The
detailed configurations are as follows:

For the COT-OrderPerturb task, we train for 10
epochs with a generation length of 512. To fully ex-
amine the impact of the DLM generation paradigm
without any AR strategy, we additionally set the
block length to 512.

For the Sudoku task, we train for 10 epochs with
a generation length of 256 at evaluation.

For the STG task, the STG_E subset (including
STG_S, STG_M, and STG_L) is a binary classifi-
cation problem, and we train for 10 epochs. The
more challenging STG_H subset is trained for 40
epochs. Since these tasks do not involve chain-of-
thought reasoning, the generation length is fixed at
8.

For the six downstream tasks, we follow the
setup of (Zhao et al., 2025a; Tang et al., 2025) and
train on the s1k‡, with the training context length
set to 1600. At evaluation, the generation length is
set to 512 for GSM8K, MATH500, and SAT, while
all other choice tasks use a generation length of 32.

For the autoregressive model baselines, we uni-
formly adopt a LoRA learning rate of 2 × 10−4.
Sudoku is trained for 8 epochs, while all other tasks
are trained for 4 epochs.

All training is conducted on 2 × NVIDIA A100
40GB GPUs, with the random seed fixed at 42
across all experiments. For testing, GSM8K,
MATH500, and SAT are run on 4 × A100 40GB
GPUs, while all other tasks are evaluated on 2 ×
A100 40GB GPUs.

Detailed implementation examples can be found
in our code repository.

C Generation Details of
COT-OrderPerturb Dataset

The goal of this process is to generate chain-of-
thought reasoning trajectories with controlled or-
der perturbations while preserving the underlying
causal structure.

C.1 Graph Construction and
Chain-of-Thought Generation

We define a directed acyclic graph (DAG) template
in which nodes represent abstract variables (e.g.,

‡https://huggingface.co/datasets/simplescaling/s1K-1.1

Quasar, Flux, Radiant, Nova), and edges encode
functional dependencies. Each non-source variable
is associated with a deterministic transformation
rule, typically a linear or nonlinear combination of
its parent variables. Two source nodes (Zorin and
Vortex) are sampled uniformly from the integer
range [0,100], while all other variables are com-
puted sequentially via topological ordering. The
target variable Stardust is uniquely determined by
this process, ensuring consistency across samples.

Given the DAG and computed values, we con-
struct step-wise reasoning traces. Each reasoning
step includes: the functional rule applied (e.g.,
Quasar = (Zorin + Vortex) * 0.5 + 10), the input
variables, and the evaluated output.

When arranged in strict topological order, these
steps form a reasoning trajectory that faithfully
reflects the data-generating process. Finally, the
data generation process is shown in Figure 7. One
example is as follows:

COT-OrderPerturb Example

Question: Please infer the value of the
Stardust variable based on the variables
below. The input variables are Zorin (value:
80) and Vortex (value: 79).

COT:
Quasar = (Zorin + Vortex) * 0.5 + 10 = 90
Flux = (Zorin - Vortex) * 0.6 + 20 = 21
Radiant = (Quasar + 2 * Flux) / 3 = 44
Nova = (Quasar - Flux + Zorin) / 3 + 5 = 55
Gravity = (Radiant * Quasar) / 120 + 8 = 41
Pulse = Radiant * 0.4 + Flux * 0.9 = 36
Helix = (Gravity + Pulse + Radiant) / 3 = 40
Echo = (Pulse - Flux) * 0.8 = 12
Comet = (Pulse + Gravity) * 0.6 + 2 = 48
Aether = (Echo + Gravity) * 0.5 = 26
Nebula = (Helix + Comet) / 2 + 3 = 47
Celestia = (Nebula + Aether + Echo) * 1.1 +
6 = 100
Stardust = int(Celestia * 0.7) = 70

Therefore, the final answer is 70.

Answer: 70

C.2 Order Perturbations

To examine robustness to reasoning irregularities,
we apply controlled perturbations to the canonical
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Figure 7: DAG used in data generation process. Yellow
nodes are input variables. The Stardust variable is the
final answer.

reasoning sequence. The perturbation modes are:

• reverse (RE): complete reversal of all steps.

• local reverse (LR): pairwise reversal within
local consecutive steps.

• output first (OF): moving the final output
computation to the beginning.

• DFS: depth-first–style ordering based on node
depth.

• random×3 (R1, R2, R3): three fixed random
permutations of reasoning steps.

• No COT: omission of reasoning; only the
final answer is given.

These perturbations preserve the correctness of
the final answer (Stardust) while only shuffling the
intermediate reasoning trajectory.

In total, 2000 unique base samples are generated,
yielding multiple perturbed training subsets. We
generate another 500 different samples as a unique
test dataset. The pseudo-code of the data genera-
tion process is shown in Algorithm 1.

D Cost Analysis of C2DLM

We also analyze the cost of using GLM-4.5 for
causal annotation. Specifically, we randomly select
100 examples as a representative subset to estimate
annotation costs and calculate both input and out-
put token counts. For the input, the average input
length is 865.2 tokens, with an additional prompt
overhead of 1981 tokens. For the output, the aver-
age length is 295.3 tokens.

Algorithm 1 COT-OrderPerturb Data Generation
Require: Number of base samples N , DAG tem-

plate G, Perturbation modesM
Ensure: Test set T , Training sets {Dm}m∈M

1: Initialize T ← ∅, Dm ← ∅ for all m ∈M
2: Initialize seen signatures S ← ∅
3: Define perturbation modes: RE, LR, OF, DFS,

R1 . . .3, No COT
4: while |T | < N do
5: Sample source nodes (Zorin, V ortex) ∼

Uniform(0, 100)
6: Evaluate all other nodes in G via topological

order
7: Compute final target variable Stardust
8: Create signature σ =

(Zorin, V ortex, Stardust)
9: if σ ∈ S then

10: continue
11: end if
12: Add σ to S
13: Construct canonical chain-of-thought steps

π
14: Store canonical sample (Q, π, Stardust)

into test set T
15: for all m ∈M do
16: Apply perturbation m to steps π → πm
17: Store perturbed sample

(Q, πm, Stardust) into Dm

18: end for
19: end while
20: return T , {Dm}m∈M

Formally, the average cost for one token is com-
puted as:

Cost =
1

865.2
(Tin · Pin + Tout · Pout),

where Tin and Tout denote the total input and
output token counts. Thus, Tin = 2846.2, Tout =
295.3. The official pricing of GLM-4.5 is Pin=0.8
RMB/M tokens, Pout=2.0 RMB/M tokens.

Substituting the empirical statistics:

Cost =
1

865.2
×(2846.2×0.8+295.3×2.0) = 3.31.

Converting to USD (1 RMB ≈ 0.14 USD)§, the
total annotation cost is about $0.46 per million
tokens.

§The pricing unit of the GLM API is in CNY, approxi-
mately 1 CNY per million tokens, which is equivalent to about
0.14 USD based on the exchange rate as of October 2, 2025.
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E Attention Visualization of C2DLM

This section provides a supplementary analysis of
the attention visualizations presented in the main
text. Specifically, the attention map illustrates how
tokens interact within the model. However, exam-
ining the attention map alone is insufficient. For
instance, in the phenomenon of attention sink, a
disproportionate amount of attention is assigned to
semantically insignificant tokens such as punctua-
tion or prepositions. As compensation, the value
matrix of these tokens exhibits substantially lower
norms compared to normal tokens. Consequently,
using value-weighted attention offers a more accu-
rate visualization target. Our visualization results
are shown in Figure 8 and 9. Based on the visual-
ization, the following conclusions can be drawn:

Regardless of whether value weighting is ap-
plied, direct fine-tuning of LLaDA fails to effec-
tively differentiate among the three types of fac-
tors, leading to a substantial decline in OOD per-
formance. This occurs because the model primarily
captures token correlations; when such correlations
are disrupted in OOD settings, performance deteri-
orates significantly.

In contrast, C2DLM effectively learns the un-
derlying causal mechanisms of the model. As il-
lustrated, the causal factors consistently exhibit
greater importance than other factors, irrespective
of whether value weighting is applied. Notably,
although the Exercise attribute receives lower atten-
tion scores than Hormones in the raw attention map,
its importance surpasses Hormones and ranks third
once value weighting is considered. This highlights
that weighted attention better captures the influence
of value matrix norms across tokens, thereby pro-
viding a more faithful basis for analyzing token
interactions.

F Human Evaluation of Teacher Model
Generated Causal Graphs

Ideally, human experts should be employed for an-
notation. In this work, however, we use a teacher
model to reduce costs and facilitate potential scal-
ing. Accordingly, we conducted a human evalua-
tion to verify the accuracy of the generated causal
graphs. The evaluation procedure is detailed as
follows:

We randomly sampled 50 annotated instances
from the dataset, representing 7.3% of the total data.
Two human experts with undergraduate degrees in
science and engineering independently conducted

the evaluation. During the evaluation, the experts
were allowed to use any online resources to search
and cross-check concepts to ensure the accuracy of
their assessments.

For the causal graphs, given the absence of a pre-
established ground truth, we focused on the causal
logical consistency of each edge. Specifically, for
each effect, we checked whether the list of causes
extracted by the LLM could logically account for
it. If the causal relationship was correct, it was
scored as 1; if the cause list was partially correct
or incomplete, it was scored as 0.5; if incorrect, it
was scored as 0.

The evaluation metric is computed as follows.
Let Ei = {(ci,j , ei)} denote the set of causal pairs,
where ci,j is a cause and ei is the corresponding
effect for instance i, and let score(ci,j , ei) be the
score assigned to each pair as described above.
Then the accuracy for instance i is:

Acci =
1

|Ei|
∑

(ci,j ,ei)∈Ei

score(ci,j , ei)

The overall causal accuracy across all N evalu-
ated instances is:

Overall Accuracy =
1

N

N∑

i=1

Acci

The experimental results are shown in Table 7,
and can be summarized as follows:

1. Two instances failed to generate causal graphs
due to decoding errors, accounting for 4% of
the sampled data.

2. For instances with correctly decoded causal
graphs, the accuracy is 93.42% ± 1.41%.

G Use of AI Assistants

We used generative AI, ChatGPT, to check for syn-
tactic and grammatical errors in the manuscript.
We carefully verified the correctness of the revised
content.
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Figure 8: Mask is the position which will be decoded as high or low (directly determines the final answer).
Visualization of the attention matrices, presented from top to bottom: direct visualization of LLaDA’s attention map;
LLaDA’s attention map weighted by the Value norm; direct visualization of C2DLM’s attention map; and C2DLM’s
attention map weighted by the Value norm.

Evaluator Total Pairs #Score=1 #Score=0.5 #Score=0 Average Accuracy
Human 1 311 280 28 3 94.84%
Human 2 311 271 29 11 92.02%

Table 7: Evaluation results for human assessment of causal graphs.
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Figure 9: Visualization of the weight distribution bar charts, presented from top to bottom: direct visualization of
LLaDA’s attention weights bar chart; LLaDA’s attention weights weighted by the Value norm; direct visualization
of C2DLM’s attention weights bar chart; and C2DLM’s attention weights weighted by the Value norm.
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