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Abstract

The "reversal curse" refers to the phenomenon
where large language models (LLMs) ex-
hibit predominantly unidirectional behavior
when processing logically bidirectional rela-
tionships. Prior work attributed this to autore-
gressive training—predicting the next token in-
herently favors left-to-right information flow
over genuine bidirectional knowledge associ-
ations. However, we observe that Diffusion
LLMs (DLLMs), despite being trained bidi-
rectionally, also suffer from the reversal curse.
To investigate the root causes, we conduct sys-
tematic experiments on DLLMs and identify
three key reasons: 1) entity fragmentation dur-
ing training, 2) data asymmetry, and 3) missing
entity relations. Motivated by the analysis of
these reasons, we propose Diffusion Entity-
Relation Modeling (DiffER), which addresses
the reversal curse through entity-aware train-
ing and balanced data construction. Specif-
ically, DiffER introduces whole-entity mask-
ing, which mitigates entity fragmentation by
predicting complete entities in a single step.
DiffER further employs distribution-symmetric
and relation-enhanced data construction strate-
gies to alleviate data asymmetry and miss-
ing relations. Extensive experiments demon-
strate that DiffER effectively alleviates the
reversal curse in Diffusion LLMs, offering
new perspectives for future research. The
code is available at https://github.com/
CQU-MM-Intelligent-Lab/DiffER.

1 Introduction

With the continuous development of Large lan-
guage models (LLMs), their applications expand
across various industries. Some work (Berglund
et al., 2023; Ma et al., 2023; Allen-Zhu and Li,
2023; Zhu et al., 2024) finds that current LLMs
face a significant challenge due to the "reversal
curse." This curse describes a phenomenon where
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Figure 1: The identified 3 factors of DLLM reversal
curse: 1) entity fragmentation (split representation), 2)
data asymmetry (directional bias), and 3) relationship
sparsity (missing logic).

LLMs exhibit unidirectional behavior with sym-
metric bidirectional relationships. For example,
after learning from the "X’s father is Y," LLMs can
answer "Who is X’s father?" correctly, but struggle
with "Who is Y’s child?". This limitation severely
impacts the reasoning capabilities and knowledge
generalization of LLMs, highlighting a fundamen-
tal gap between pattern matching and relational
understanding. Therefore, addressing the reversal
curse is essential for creating more intelligent and
reliable LLMs.

Previous research (Berglund et al., 2023; Allen-
Zhu and Li, 2023; Zhu et al., 2024) primarily at-
tributed the reversal curse to the autoregressive
training mechanism of LLMs, where the model
predicts the next token sequentially from left to
right. This unidirectional training objective leads
to a sequential processing of information, mak-
ing it challenging to establish true bidirectional
knowledge associations. With the emergence of
Diffusion LLMs (DLLMs), many researchers (Pan
et al., 2025) believed that this issue had been re-
solved. However, our pilot experiments indicate
that even DLLMs using bidirectional architectures
remain impacted by the reversal curse. For exam-
ple, as shown in Table 1, while the model achieves
92.00% accuracy on forward queries (e.g., “Who
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is A’s parent?”), its performance collapses to ap-
proximately 46.73% on reverse queries (e.g., “Who
is B’s child?”), often resulting in fragmented or
hallucinatory outputs. This situation prompts us
to explore the underlying reasons for this persis-
tence, which could provide valuable insights for
both DLLMs and LLMs.

To systematically explore and quantify the mech-
anisms behind the reversal curse, we conduct a
series of cause analysis experiments on DLLMs,
evaluating their performance under two-stage train-
ing protocol on the PORE dataset (Lu et al., 2024).
Through fine-grained analysis, as shown in Fig. 1,
we identify 3 main factors that contribute to this
issue: 1) entity fragmentation, where the com-
plete entity is split across multiple prediction steps,
disrupting consistency in its representation; 2) data
asymmetry, which leads to bias in model learning
due to imbalances in the distribution of forward
and backward relationship; and 3) relationship
sparsity, where the explicit encoding of entity re-
lationships in the training data is insufficient.

Inspired by these findings, we design Diffusion
Entity-Relation Modeling (DiffER), a post-
training method that addresses the reversal curse in
DLLMs through entity-aware training and balanced
data construction. First, inspired by the whole-
word masking mechanism (Cui et al., 2021), we
propose a full entity masking training strategy to
address entity fragmentation by ensuring that entire
entities are predicted within a single denoising step,
thus preserving their integrity during the learning
process. Then, we introduce a data construction
strategy that enhances symmetry and relational rel-
evance, mitigating data asymmetry and relation-
ship sparsity through the creation of reversed entity
data and relationship prediction data. Extensive
experiments demonstrate that the proposed Dif-
fER method significantly reduces the reversal curse
in DLLMs, leading to substantial improvements
in bidirectional reasoning tasks. In summary, the
main contributions of this paper include:

(1) We demonstrate that Diffusion Large Lan-
guage Models still suffer from the reversal curse
and systematically identify entity fragmentation,
data asymmetry, and relation sparsity as the three
primary root causes.

(2) We introduce DiffER to address the reversal
curse through three key components: whole-entity
masking, symmetric alignment, and inverse rela-
tion modeling.

(3) Extensive experiments on the parent—child

and company-ceo datasets validate that DiffER
could effectively mitigate the reversal curse.

2 Related Work

2.1 Reversal Curse

The "Reversal Curse" denotes the inability of
LLMs to generalize from A — B to B — A,
highlighting fundamental deficits in factual con-
sistency and knowledge editing (Berglund et al.,
2023; Elazar et al., 2021; Cohen et al., 2024; Lu
et al., 2024). While data augmentation can mitigate
specific instances, it lacks robustness across un-
seen relations or complex compositions (Grosse
et al., 2023). Mechanistically, this asymmetry
stems from the autoregressive objective: Trans-
former FFNs function as unidirectional Key-Value
memories where value access does not trigger keys
(Geva et al., 2021; Dai et al., 2022; Meng et al.,
2022), encoding entities as surface-level dependen-
cies (Allen-Zhu and Li, 2023; Liu et al., 2025).
However, these explanations rely almost exclu-
sively on autoregressive architectures, leaving un-
clear whether the Reversal Curse reflects an inher-
ent limitation of relational generalization or merely
an artifact of autoregressive training.

2.2 Diffusion LLMs

Diffusion LLMs (DLLMs) represent a paradigm
shift towards non-autoregressive generation, itera-
tively denoising sequences via bidirectional atten-
tion mechanisms (Li et al., 2022; He et al., 2023;
Gong et al., 2022; Nie et al., 2025; Ye et al., 2025).
Unlike causal decoders constrained by unidirec-
tional masking, DLLMs leverage omnidirectional
context throughout the learning process. This field
has rapidly evolved from early discrete corruption
frameworks (Austin et al., 2021) to scalable ar-
chitectures like SEDD (Lou et al., 2023), MDLM
(Sahoo et al., 2024), and simplified diffusion objec-
tives (Shi et al., 2024). Theoretically, DLLMs’
global visibility suggests potential immunity to
the Reversal Curse (Pan et al., 2025). However,
overcoming it requires explicit alignment in train-
ing strategy and data construction, not architecture
alone.

3 Pilot Experiments

To systematically investigate whether DLLMs in-
herently mitigate the "reversal curse," we conduct
a series of controlled pilot experiments. Specifi-
cally, we evaluate DLLM performance under two
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Table 1: Pilot analysis of reversal curse causes: (a) Entity Fragmentation: 26.97% of errors are due to fragmented
representations of multi-token entities.(b) Generalization gaps: Although baseline accuracy reaches 92%, perfor-
mance degrades under relation sparsity (failing on paraphrased queries) and data asymmetry (reverse B — A).

distinct training paradigms using a controlled re-
versal dataset. Our fine-grained analysis identifies
three primary factors: 1) Entity Fragmentation, 2)
Data Asymmetry, and 3) Relation Sparsity.

3.1 Experimental Setup

We design a two-stage protocol to disentangle the
effects of knowledge acquisition from format align-
ment. To ensure rigorous benchmarking, we strictly
align our data construction for both knowledge in-
jection and subsequent inference with the PORE
dataset specifications (Lu et al., 2024).

Stage 1: Knowledge Injection via Continued
Pre-training. We perform continued pre-training
on LLaDA-8B-Base (Nie et al., 2025) using the
parent—child subset from PORE benchmark. The
base corpus Dy, contains only forward declara-
tive statements (e.g., “A’s parent is B”); all reverse
patterns and paraphrases are filtered to prevent in-
formation leakage. We optimize using LLaDA’s
discrete denoising objective, which reconstructs
randomly masked tokens . Crucially, while mask-
ing is bidirectional, entity order remains fixed
(A — B). This tests whether symmetric general-
ization can emerge solely from bidirectional archi-
tecture despite unidirectional structural exposure.

Stage 2: Instruction Alignment via Prompt-
Conditioned SFT. To evaluate retrieved knowl-
edge, we align the pre-trained model to follow
Question-Answering instructions. We construct
prompt-response pairs derived strictly from the pre-
training facts (e.g., Prompt: “A’s parent is whom?”,
Response: B). We adapt LLaDA’s denoising mech-
anism by keeping the Prompt (x},) unmasked while
diffusing the Response(x;). This forces the model
to utilize the knowledge injected in Stage 1 to gen-
erate B conditioned on A, explicitly modeling the

conditional probability P(B|A).

3.2 Verification and Root Cause Analysis

To verify the causes of the reversal curse in DLLMs,
we evaluate the model from three dimensions:

Evaluation on Qualitative Errors. As shown in
Table 1 (a), failures in Logical Compositionality
(e.g., deducing “Who is B’s child?”) often mani-
fest as partial hallucinations. This stems from the
model treating multi-token entities (e.g., “Harry
Potter”) as disjoint sequences (e.g., “Harry” and
“Potter”) rather than atomic concepts. We term
this Entity Fragmentation, where the integrity
of multi-token entities is compromised during the
denoising process.

Evaluation on Forward Consistency (A — B).
We assess the model’s understanding of the trained
direction by comparing performance on Knowl-
edge Retention queries (identical to training pat-
terns, e.g., “Who is A’s parent?”) with Seman-
tic Paraphrasing queries (using inverse phrasing,
e.g., “Whose child is A?”). As shown in Table 1
(b), while the model exhibits near-perfect recall on
exact training patterns, it suffers a significant per-
formance drop when the phrasing is altered. This
discrepancy suggests an inability to internalize the
underlying semantic relationship, pointing to Rela-
tion sparsity, where the model lacks the ability to
compute commutative mappings.

Evaluation on Backward Generalization (B —
A).  We probe the model’s ability to generalize
beyond the training flow, including Reverse Infer-
ence queries (inferring the subject from the object,
e.g., “Whose parent is B?”) . As shown in Ta-
ble 1 (b), the model experiences a catastrophic
collapse on direct reversal tasks, confirming a pro-

20979



1.Whole-Entity Masking
(WEM) (Holistic Units)

N (Balanced Data)
Training Dataset

—p —
S

Bidirectional Data Flow(A<B)

3.Inverse Relation Modelmg
(Logical Closure)

® @ |
Auxiliary Dataset
Dsym and Drer

-

Known(r) Mask to learn(r~*)

@(parcm) B— B (thld)@ parent

[MASK (”

Explicit Commutativity (r < r~1)

Harry @ ——>A’s father is B===> James B

Harry @ <“<——B s A’s father <= James B

 EEEE— Training (Enhanced) /ﬁ
DATA INPUTS .
===p [WHOLE_ENTITY_MASK LT AL DE
Harry Potter [ = = ] “Harry Potter’s father is James Potter” = X
l . —“[MASK1]’s father is [MASK2]” DiffER
@ Complete Entity No Fragmentation
S Enhanced
%/ 2.8 tric Al " Diffusion
- CLIIEIRE AU ELIEL Input B (Symmetric): LLMs

“Harry Potter’s father is James Potter” p——>{
+“James Potter is Harry Potter’s father”

Input C (Inverse):
“Harry Potter’s father is James Potter,”
“Harry Potter is James’ [MASK]—»chlld

Output: Harry Potter

Inference (Reverse, B—A)

Query: “Who is James
Potter’s child?”

Figure 2: Overview of DiffER. (1) WEM: entity-level denoising for structural integrity; (2) Symmetric Alignment:
bidirectional balancing via distribution-symmetric Dy, augmentation; (3) Inverse Relation Modeling: logical
commutativity via relation prediction on relational dataset D).

found Data Asymmetry in conditional modeling
where P(A|B) < P(B|A).

Motivation. Our empirical analysis reveals 3
distinct causes: (1) Entity Fragmentation, evi-
denced by partial hallucinations due to disjoint to-
ken processing; (2) Data Asymmetry, evidenced
by the inability to reverse direction; and (3) Re-
lation Sparsity, evidenced by the brittleness to
phrasing changes. Motivated by this, we propose
DiffER, which alleviates reversal curse by entity-
aware training and balanced data construction.

4 Methodology

Inspired by the finding from pilot experiments, we
propose DiffER, a post-training method designed
to mitigate the reversal curse in DLLMs. As illus-
trated in Figure 2, DiffER addresses identified bot-
tlenecks via 3 integrated components: (1) Whole-
Entity Masking (WEM), which counters entity
fragmentation by preserving the structural integrity
of multi-token concepts; (2) Symmetric Align-
ment, which mitigates data asymmetry by rebal-
ancing directional probability distributions; and (3)
Inverse Relation Modeling, which resolves rela-
tion sparsity by explicitly encoding logical commu-
tativity during denoising.

4.1 Whole-Entity Masking

A critical observation from the pilot experiments
is that independent token-level masking often com-
promises the semantic cohesion of multi-token en-
tities, leading to fragmented representations. To

rectify this, we propose Whole-Entity Masking
(WEM) mechanism during pre-training, which
transitions from standard stochastic noise sched-
ules to a structure-aware corruption process. In this
regime, entities are treated as atomic semantic units
rather than disjoint sub-word sequences.

Specifically, given an input sequence X =
(t1,...,tn) and a set of entity spans S = {(7,7)},
where each (i, j) corresponds to a contiguous token
span representing a named entity, we first obtain a
provisional token-level mask M & {0,1}™ follow-
ing the base corruption process of the DLLM (Nie
et al., 2025). WEM then applies an entity-level con-
tagion rule. Specifically, for any entity spanning
indices (7, j) in the sequence, if any token within
this span is selected by the base mask (i.e., partial
occlusion), the mask is propagated to cover the en-
tire span (i, 7). To resolve potential conflicts from
nested entities (e.g., "New York" inside "New York
City"), we employ a longest-match-first heuristic,
prioritizing the preservation of maximal semantic
units during the boundary alignment phase to con-
struct a structure-aware mask M such that, for each
entity span (7, j) € S,

1,
My, = { .
ey

This monolithic masking constraint ensures that
entity mentions are corrupted in an all-or-nothing
manner. For example, consider the entity “New
York”. Under standard token-level masking, it is
possible for only “New” to be masked while “York”

if 3m € [i,5] s.t. My, = Land k € [4, ],
otherwise.
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remains visible, enabling the model to trivially re-
construct the masked token through shallow intra-
entity cues. Such partial exposure encourages mem-
orization of surface forms rather than abstraction of
the entity as a unified concept. In contrast, WEM
enforces that once any constituent token of an entity
is selected for corruption, the entire entity span is
masked simultaneously. Consequently, the model
is forced to reconstruct the entity holistically us-
ing global contextual information, rather than rely-
ing on local token adjacency. The corresponding
training objective for WEM is defined as an entity-
aligned denoising loss:

Lwem = E(x, ) [ — Z M, log Po(t | X\M)}, ()
k=1

where M is the structure-aware mask constructed
by WEM, x\,, denotes the corrupted input se-
quence, and Py is the model’s conditional token
distribution.

By eliminating partial entity exposure, WEM
directly mitigates the entity fragmentation phe-
nomenon identified in our pilot study. The model
is trained to minimize the cross-entropy loss over
tokens selected by M, thereby enforcing an indi-
visible denoising objective at the entity level. This
inductive bias promotes coherent entity representa-
tions and forms a critical foundation for alleviating
downstream failures associated with reversal and
compositional generalization.

4.2 Symmetric Alignment

DLLMs may still inherit the data asymmetry prob-
lem induced by large-scale pre-training, where for-
ward conditional dependencies dominate their re-
verse counterparts. In particular, for a factual rela-
tion (A, r, B), the learned conditional distribution
often satisfies P(B | A) > P(A | B), result-
ing in a skewed probability landscape that hinders
backward inference.

To correct this imbalance, we introduce a Sym-
metric Alignment strategy during the SFT stage.
The core of this strategy is the construction of a
distribution-symmetric dataset Dsyp,, which explic-
itly counteracts forward-only inductive biases. For
each factual triple (A, r, B) in the original corpus,
we augment the training data with its logically re-
versed declarative form (B, r, A), together with
corresponding question—answering pairs. For ex-
ample, a forward statement such as “A’s parent is
B’ is paired with its inverse “B is A’s parent.”

Training on Dy, encourages the model to ap-
proximate the joint distribution P(A, B) rather
than overfitting to a single conditional direction.
Concretely, the SFT objective can be viewed as
minimizing the follow equation:

Lsym = E(A,B)~Dym | — 108 Po(B | A) —log Py(A | 32]37)
which thereby enforcing statistical parity between
forward and backward inference paths. As a
result, the model mitigates directional bias and
achieves bidirectional accessibility of stored rela-
tional knowledge.

4.3 Inverse Relation Modeling

As revealed by our analysis of relation sparsity,
models often fail to infer an inverse relation 7~
(e.g., child) even when the corresponding base rela-
tion r (e.g., parent) is well memorized. This failure
indicates that inverse relations are not implicitly
encoded as logical transformations within the la-
tent space, but are instead treated as independent
surface patterns.

To address this limitation, we introduce an In-
verse Relation Modeling objective supported by
a dedicated relational dataset Dy during the SFT
stage. Unlike entity-centric masking strategies, this
objective explicitly targets the relational descriptor,
encouraging the model to learn logical entailment
between paired relations.

Concretely, we construct logical implication
chains that explicitly connect forward facts to their
inverse counterparts. Each training instance is for-
mulated as a deductive sequence, such as: “A’s par-
ent is B. Therefore, A is B’s [MASK].” Given the
co-occurrence of entities A and B and the observed
relation r, the model is required to reconstruct the
masked inverse relation token r~!. This learning
objective can be expressed as minimizing:

Lrel = E(A,B,r,r_l)NDrel [ - IOg P9 (T_l ‘ A’ B: T)]7 (4)

which explicitly enforces the conditional mapping
from (A, B,r) to its inverse relation 7.

By shifting the denoising focus from entity re-
construction to relational inference, this objective
encourages the model to internalize the semantic
reciprocity between paired relations. As a result,
the model moves beyond memorization of isolated
relational patterns and acquires the ability to com-
pute bidirectional relational mappings, thereby re-
solving relation sparsity at a structural level.
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\ Standard LLaDA (Baseline) \ DiffER (Ours)
Training Instruction - - - - - ;
Who is A’s  Whose child Whose parent  Who is B’s Who is A’s  Whose child Whose parent  Who is B’s

parent? isA? is B? child? parent? isA? is B? child?
Train:A’s parent is whom?B ‘ 92.00 24.45 24.92 46.73 ‘ 97.75 28.08 26.31 49.83
Train:A is whose child?B ‘ 6.15 83.28 13.28 0.26 ‘ 12.56 87.24 15.47 1.85
Train:B is Whose parent?’A | 10.44 14.14 82.68 19.76 | 1289 17.38 89.56 2247
Train:B’s child is whom?A ‘ 47.85 0.99 12.03 94.84 ‘ 50.89 1.65 18.18 97.88

Table 2: Performance comparison (%) on the parent—child benchmark between Standard LLaDA (left) and DiffER
(right) across 4 instruction templates. Diagonal values denote in-template evaluation, while off-diagonal values

reflect generalization to alternative phrasings or directions.

\ PORE \ DiffER
Training Instruction ; ) ; ] . .
Who is A’s  Whose child Whose parent  Who is B’s Who is A’s  Whose child Whose parent  Who is B’s

parent? isA? is B? child? parent? isA? is B? child?
Train:A’s parent is whom?B ‘ 92.8 24.59 25.12 47.58 ‘ 97.75 28.08 26.31 49.83
Train:A is whose child?B | 1091 83.48 13.75 0.46 | 1256 87.24 15.47 1.85
Train:B is Whose parent?A | 10.71 14.41 83.01 20.09 1289 17.38 89.56 2247
Train:B’s child is whom?A ‘ 48.18 0.93 14.28 95.24 ‘ 50.89 1.65 18.18 97.88

Table 3: Performance comparison (%) on the parent—child benchmark between PORE (left) and DiffER (right)
across 4 instruction templates. Diagonal values denote in-template evaluation, while off-diagonal values reflect

generalization to alternative phrasings or directions.

5 Experiments

5.1 Experimental Setup

Datasets. To systematically evaluate the efficacy
of the proposed DiffER framework, we conduct
extensive experiments on two datasets from the
PORE benchmark (Lu et al., 2024): parent-child
and company-ceo. For the parent-child benchmark,
we leverage the entire dataset to construct the base
pre-training dataset Dy,s. containing 1,513 high-
quality factual pairs, all instantiated as forward
declarative statements. To facilitate symmetric
alignment and inverse relation modeling, we further
derive two auxiliary subsets by randomly sampling
from Dyye: a symmetric alignment corpus Dgyp,
(200 pairs) comprising both forward and inverse
formulations, and a relational inference corpus Dy
(200 pairs) specifically designed to supervise in-
verse relation prediction. To assess the general-
izability of DiffER, we extend this setup to the
company-ceo benchmark, following an identical
construction pipeline with Dyase, Dsym, and Dyey
sizes of 1,697, 200, and 200, respectively.

Evaluation. Following previous research (Lu
et al., 2024; Wei et al., 2025; Rao et al., 2024),
we adopt exact-match accuracy as the primary met-
ric. Specifically, it calculates the proportion of
instances where the model’s output string matches

the reference answer exactly. It serves as a rigor-
ous indicator of the model’s precision in generating
factual and well-defined responses.
Implementation Details. We employ LLaDA-8B
(Nie et al., 2025) and Dream (Ye et al., 2025) as
the foundational backbones. For the pre-training
phase, we set the maximum sequence length to
4,096 tokens to facilitate long-context knowledge
acquisition, training for 3 epochs with a learning
rate of 1 x 1075, In the SFT phase, we truncate
the sequence length to 128 tokens to align with the
concise nature of the datasets. This phase lasts for
50 epochs to ensure convergence, maintaining a
learning rate of 1 x 1075, Across all stages, we
utilize the AdamW optimizer with a linear warmup
ratio of 0.03. All experiments are conducted on
two NVIDIA RTX A800 GPUs.

5.2 Main Experiment

Table 2 summarizes the performance of the base-
line LLaDA and DiffER under different train-
ing—evaluation instruction combinations on the par-
ent—child benchmark. Overall, DiffER consistently
preserves or improves performance on evaluation
templates that match the training instruction (di-
agonal entries). For example, under “Who is A’s
parent?”, DiffER improves accuracy from 92.00%
to 97.75%. This indicates that the proposed modi-
fications do not impair factual memorization, but
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‘ Whole-Entity Masking ‘

Symmetric Alignment ‘ Inverse Modeling

Training Instruction ) - ) - - - - N - - y -
‘ Who is Whose child Whose parent  Who is Who is Whose child  Whose parent  Who is Who is Whose child Whose parent  Who is
A’s parent? isA? is B? B’s child? | A’s parent? isA? is B? B’s child? | A’s parent? isA? is B? B’s child?
Train:A’s parent is whom?B | 96.23 26.57 25.18 4884 | 9544 2637 25.45 4779 | 9577 27.03 24.98 49.17
Train:A is whose child?B | 11.70 85.86 14.61 Lo | 1s7 83.74 13.95 066 | 1210 84.53 1527 0.79
Train:B is Whose parent?A | 11.70 15.66 87.57 2108 | 1196 15.07 88.57 2095 | 1157 14.67 86.65 21.35
Train:B'’s child is whom?A | 50.36 1.19 17.58 98.02 | 4878 1.39 1732 9603 | 49.44 1.06 17.85 97.62
Table 4: Ablation study of different components of DiffER on the parent—child benchmark.
\ Standard LLaDA (Baseline) \ DiffER (Ours)
Training Instruction N - - -
Who is A’s  Whose company  What is B What is B’s Who is A’s  Whose company  what is B What is B’s
ceo? isA? ceo of? company? ceo? isA? ceo of? company?
Train:A’s ceo is whom?B | 83.74 77.78 035 0.29 | 90.87 83.21 271 2.89
Train:A is whose company?B ‘ 80.26 81.79 0.18 0.24 ‘ 86.15 90.45 3.07 247
Train:B is ceo of what?A ‘ 0.24 0.12 88.04 83.97 ‘ 2.71 3.12 95.17 87.06
Train:B’s company is what?A ‘ 0.18 0.24 63.23 89.33 ‘ 3.48 2.95 69.18 96.52

Table 5: Performance comparison (%) on the company-ceo benchmark.

instead lead to more precise and stable entity-level
denoising during retrieval.

Table 3 reports the performance of PORE (Lu
et al., 2024) adapted to the LLaDA backbone along-
side DiffER on the parent—child benchmark. We se-
lected PORE for this comparison because it simul-
taneously serves as (i) a data augmentation base-
line, employing reversed entity and relation orders
during continued pre-training; (ii) a representa-
tive AR-LLM solution, being a leading paradigm
designed to cure the reversal curse in autoregres-
sive models; and (iii) an alternative bidirectional
strategy, incorporating semantic-preserving QA
pairs and high-definition bidirectional data during
the SFT stage. Overall, DiffER consistently outper-
forms the PORE-adapted baseline across all eval-
uation templates. Upon inspecting the failed in-
ferences of PORE-trained LLaDA, we observed
frequent garbled characters and entity fragmenta-
tion, confirming that the reversal curse in diffusion
LLMs is not merely a data-exposure issue but a
structural pathology tied to the independent, token-
level masking paradigm. These results demonstrate
that DiffER’s improvements do not stem from sim-
ply seeing additional structured data; rather, the
gains are fundamentally driven by its diffusion-
native mechanisms—Whole-Entity Masking and
Symmetric Alignment—which explicitly enforce
statistical parity and structural integrity during dif-
fusion training.

More importantly, DiffER exhibits stronger gen-
eralization when the evaluation instruction devi-
ates from the training direction or surface form.
While the baseline LLaDA suffers a substantial

performance drop when inference shifts from the
trained A — B direction to reversed B — A
queries, DiffER consistently maintains a higher
accuracy ceiling. In particular, on the reversed
template “Who is B’s child?”, DiffER achieves
an absolute improvement from 46.73% to 49.83%.
Beyond simple reversal, DiffER also improves
robustness to semantic paraphrasing, with con-
sistent gains observed across alternative formu-
lations. These results suggest that DiffER cap-
tures more coherent entity—relation associations,
enabling diffusion-based LLMs to generalize be-
yond instruction-specific patterns and better sup-
port bidirectional relational retrieval.

5.3 Ablation Study

To quantify the contribution of each component
in DiffER, we conduct an ablation study by inde-
pendently enabling Whole-Entity Masking (WEM),
Symmetric Alignment, and Inverse Modeling. Re-
sults are reported in Table 4.

Component-wise Effects. Each component ad-
dresses a distinct failure mode. WEM primarily im-
proves robustness to entity fragmentation, yielding
strong performance on forward and paraphrased
queries (e.g., 85.86% on “Whose child is A?” when
trained on the same template). However, its im-
pact on reverse-direction inference remains limited,
indicating that improved entity integrity alone is
insufficient to correct directional bias.

In contrast, Symmetric Alignment and Inverse
Modeling substantially improve reverse inference
and logical compositionality. By rebalancing di-
rectional supervision and explicitly modeling re-
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ciprocal relations, these components enable effec-
tive backward reasoning. For example, with In-
verse Modeling alone, the model achieves 49.17%
accuracy on “Who is B’s child?” despite being
trained only on “Who is A’s parent?” This suggests
that data-level relational supervision is the primary
driver for mitigating directional asymmetry.

Orthogonality and Synergy. The ablation re-
sults also indicate that the components operate on
complementary dimensions. Whole-Entity Mask-
ing stabilizes entity representations, whereas Sym-
metric Alignment and Inverse Modeling reshape
the bidirectional relational structure. Their combi-
nation yields consistent additive gains, explaining
the strongest performance of the full DiffER model.

5.4 Generalizability of DiffER

To assess whether DiffER generalizes beyond a spe-
cific backbone, we evaluate it on Dream (Ye et al.,
2025). We apply the same DiffER training pipeline
to the Dream-7B backbone, comparing a standard
Dream model trained on Dy,s with its DiffER-
enhanced counterpart under identical hyperparame-
ters. As shown in Table 6, the results closely mirror
those observed on LLaDA. The standard Dream
model suffers a substantial performance drop on
reverse-direction queries, indicating that the rever-
sal curse persists across diffusion-based architec-
tures. In contrast, DiffER consistently improves
reverse inference and relational reasoning, demon-
strating that its benefits are architecture-agnostic
and stem from addressing reversal curse of the dif-
fusion objective.

We further evaluate DiffER on the company—ceo
benchmark to assess its robustness across relational
domains. As shown in Table 5, while the baseline
maintains high proficiency in standard relational
queries, it exhibits severe performance degradation
when handling reverse queries and combinational
logic. We attribute this significant performance dis-
parity to the inherent imbalanced data distribution
within the domain. Despite this, DiffER consis-
tently mitigates the reversal curse, mirroring the
systematic improvements observed in the parent—
child task. These results indicate that the gains
of DiffER are not specific to a particular relation
type but generalize effectively across structurally
similar relational settings, demonstrating robust
bidirectional reasoning.

Stand Fnh q
Task Metric ‘ d Dream ‘ Dream (Ours)
‘ Acc (%) Gap ‘ Acc (%) Gap
Forward Retention (A — B) 78.06 82.35 +4.29
Reverse Inference (B — A) 21.28 -56.78 23.73 +2.45
Logical Reasoning (r — 1) 21.81 -56.25 24.39 2.58

Table 6: Comparison between the Standard Dream base-
line and our DiffER model.

5.5 Error Analysis

To further investigate how DiffER mitigates spe-
cific failure modes, we conduct a detailed error
analysis on all incorrect predictions in the parent—
child benchmark for the “Who is B’s child?” in-
ference query when trained with the “A’s parent
is B” template. We utilize error rate as evaluation
criteria and categorize erroneous outputs into 3 mu-
tually exclusive types: (1) Entity Fragmentation,
where the model generates only a subset of tokens
from the ground-truth entity; (2) Data Asymmetry,
where the model simply repeats the queried subject
entity instead of producing the correct target; and
(3) Relationship Sparsity, where the output fails to
include either the query entity or the correct target.
The results summarized in Fig. 3 show that inte-
grating DiffER leads to a substantial reduction in
errors across all three categories compared with the
standard LLaDA baseline. In particular, DiffER
significantly decreases entity fragmentation errors,
indicating a more robust capacity for holistic en-
tity modeling. Errors arising from data asymme-
try are also largely mitigated, suggesting that the
model has developed stronger bidirectional reason-
ing ability. Finally, the reduction in relationship
sparsity errors highlights an improved capability
for logical and compositional inference. Overall,
this analysis indicates that DiffER improves not
only absolute factual accuracy but also the struc-
tural consistency of relational reasoning within the
diffusion-generation paradigm.

5.6 Case Study

Fig. 4 presents qualitative comparisons between
DiffER and the LLaDA baseline, illustrating how
DiffER addresses the failure modes identified in
the error analysis. The baseline frequently fails
to reverse learned relations and instead repeats
the query subject. For example, Diffusion-based
LLMs may generate corrupted multi-token entities
due to iterative denoising. In our case, the base-
line distorts “Charles Schermerhorn” into “Charles
Bhermerhorn,” while DiffER produces the correct
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Figure 3: Error-type breakdown of inference failures
under a unified evaluation setting.

LLaDA Predictions

(a) Entity Fragmentation

DiffER Predictions

(a) Holistic Units

A: Charlesx
P [Bhermer|horn
Broken | (Broken entity)

Q: Alision Brie’s|
father is whom?

A: Charles
»| Schermerhorn
Complete (Complete)\/

Q: Alision Brie’s
father is whom?

(b) Data Asymmetry

(b) Reversal Flow

Q: Manny De La|
Garza’s child is
whom?

A: Alana De
>
» La Garza

(Target) /|
(c) Logical relation

Q: Manny De La A: Manny De
Garza’s child is @ La Garza x

whom? (Repeats Subject)

oA

(¢) Relationship Sparsity

Q: Johnny Depp’s A: Betty Sue Q: Johnny Depp’ N A: Lily-Rose
child is whom? . Ealmer child is whom? —» Depp
Chaotic (wrong) x *| Logical (Target) /|

Figure 4: Typical predictions from LLaDA and DiffER.

entity, demonstrating stronger entity-level coher-
ence. In addition, when asked “Manny De La
Garza’s child,” it incorrectly outputs “Manny De La
Garza,” whereas DiffER correctly predicts “Alana
De La Garza,” indicating improved bidirectional
relational reasoning. Finally, the baseline often
confuses inverse relations. For the query “Johnny
Depp’s child,” it outputs an unrelated entity (“Betty
Sue Palmer”), whereas DiffER correctly predicts
“Lily-Rose Depp,” reflecting more accurate inverse
relation modeling.

6 Conclusion

In this work, we show that Diffusion LLMs
(DLLMs) remain susceptible to the reversal curse.
Through a systematic analysis, we identify three
fundamental causes: (1) Entity Fragmentation in
representations, (2) Data Asymmetry in training
distributions, and (3) Relation Sparsity in logical
reasoning. To address these issues, we propose the
DiftfER framework. It integrates (1) Whole-Entity
Masking to preserve entity-level semantic integrity,
(2) Symmetric Alignment to rebalance directional
biases in the training data, and (3) Inverse Rela-
tion Modeling to explicitly capture logical compo-

sitionality. Extensive experiments across multiple
benchmarks show that DiffER substantially allevi-
ates reversal curse failures, improving both forward
and reverse reasoning. These results indicate that
overcoming the reversal curse requires a coordi-
nated approach addressing structural consistency
and relational logic, offering a practical paradigm
for enhancing reasoning in DLLMs.

Limitations

While our proposed framework significantly mit-
igates the reversal curse in DLLMs, we acknowl-
edge several limitations that warrant future investi-
gation: (1) Scalability of Data Construction: Our
Symmetric Alignment and Inverse Relation Mod-
eling strategies currently rely on structured rela-
tional triplets (e.g., Knowledge Graphs) to syn-
thesize reverse data. Applying these strategies to
unstructured, massive-scale web corpora remains a
challenge, as automatically extracting and revers-
ing complex, implicit relationships in natural text
is non-trivial. (2) Model Scale and Architecture:
Our empirical validation was conducted primar-
ily on the LLaDA-8B and Dream-7B architecture.
While we believe the identified mechanisms (frag-
mentation, asymmetry, sparsity) are fundamental
to diffusion models, further research is needed to
verify whether scaling laws or different discrete dif-
fusion architectures (e.g., MDLM) exhibit different
behaviors regarding the reversal curse.
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