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Abstract
We present SpanDiffusion, a continuous diffusion approach to extractive causal question answering for the
FinCausal 2026 shared task. SpanDiffusion uses two Gaussian masks, continuous signals with peaks at the answer
start and end positions, and learns to denoise them from pure noise through a dedicated transformer conditioned on
frozen DeBERTa-v3-large embeddings with LoRA adapters (1.6M parameters). By replacing Denoising Diffusion Prob-
abilistic Models (DDPM) with flow matching (rectified flow), we reduce denoising to only 20 Euler steps at inference. A
systematic ablation across six diffusion variants and a span-classification baseline shows that LoRA adaptation is the
dominant factor (+34 Exact Match points), followed by flow matching (+5.5 EM). However, the standard span classifier
(85.8% EM) outperforms our best diffusion model (83.0% EM), suggesting that the denoiser does not yet justify its
added complexity. We discuss tradeoffs between the interpretability of diffusion trajectories and classification accuracy.
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1. Introduction

Detecting causal relationships in financial docu-
ments is important for understanding market dy-
namics and supporting analytical workflows. The
FinCausal shared task series (Moreno-Sandoval
et al., 2023, 2025) has helped to push progress on
this problem since 2020, evolving from span-level
BIO tagging to extractive question answering for-
mulations. The 2026 edition further expands its
bilingual (English and Spanish) dataset of 4,000
training samples and replaces Exact Match and Se-
mantic Answer Similarity evaluation with an LLM-
as-a-judge metric that scores system outputsona 1-
5 adequacy scale (Moreno-Sandoval et al., 2026).

Dominant approaches at FinCausal 2025 relied
on fine-tuned LLMs such as Llama 3.1 (Niess et al.,
2025) or encoder-based token classification (Devlin
et al., 2019). While LLMs achieve strong adequacy
scores, they risk hallucinating tokens absent from
the source text, a critical failure mode in financial
applications that has to be carefully balanced. Ex-
tractive models avoid hallucination by construction
but lack the capacity to model positional uncertainty
over answer boundaries.

We propose SpanDiffusion (Figure 1), which
frames extractive Q&A as a continuous denoising
problem. Instead of classifying each token
independently, we diffuse dual Gaussian masks,
soft peaks centered at the answer start and end
positions, and learn to recover them from noise
via a dedicated transformer conditioned on the
encoder output. Our contributions are:

1. Anovel formulation of extractive Q&A as contin-
uous diffusion over dual Gaussian span masks,
with joint start and end prediction through a
shared denoising process.

2. Replacing Denoising Diffusion Probabilistic
Models (DDPM) with flow matching (rectified
flow), achieving simpler training and 2.5x
fewer inference steps (20 instead of 50).

3. A systematic ablation across six diffusion vari-
ants and a standard span-classification base-
line, separating the contributions of the dif-
fusion formulation, encoder adaptation, and
training duration.

2. Method

2.1.

Given a context passage C = (ci1,...,cy) and a
causal question @, the task is to extract a con-
tiguous span (s,e) such that the answer A =
(cs,...,c.) addresses the causal relationship in Q.
The training data comprises 2,000 English and
2,000 Spanish samples (Moreno-Sandoval et al.,
2026). The leaderboard test sets contain 500 and
503 samples, respectively.

Task Formulation

2.2. Encoder

We encode the concatenated input [Q; [SEP];C]
with DeBERTa-v3-large (He et al., 2023), a 434M-
parameter Transformer pre-trained with replaced
token detection. The encoder weights are frozen,
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Figure 1: SpanDiffusion architecture. The input is encoded by a frozen DeBERTa-v3-large with LoRA
adapters. The denoiser receives noisy dual-peak masks z; and timestep ¢, attends to the encoder
representations via cross-attention, and predicts the velocity field. At inference, 20 Euler integration steps
map noise to clean dual peaks, from which the answer span is extracted via argmax.

and we inject LoRA adapters (Hu et al., 2022)
into the query_proj and value_proj projec-
tions of all 24 attention layers. With rank r=16,
scaling =32, and dropout 0.05, this adds 1.6M
trainable parameters (0.3% of the encoder) while
enabling domain adaptation to financial text.

2.3. Dual Gaussian Span Masks

Rather than predicting start/end logits indepen-
dently, we construct a continuous 2-channel target
over the L context tokens. For a ground-truth span
(s,e), the target at position i is:

. 2

(i) = 26Xp(—w) —1, ce{start,end}
202

(1)

where pgat = 8, pend = ¢, and o=1.5 (selected

via grid search over {0.5,1.0,1.5,2.0}). This maps
each channel to [-1, 1] with Gaussian peaks cen-
tered at the answer boundaries. The soft repre-
sentation provides a smooth loss landscape for
the denoiser, coupling neighboring positions rather
than treating each token independently.

2.4. Flow Matching

We adopt rectified flow (Liu et al., 2023; Lipman
et al., 2023) instead of DDPM (Ho et al., 2020).
Given a source sample zo ~ A(0,1) and target
z1 (the dual-peak mask from Eq. 1), we define a
straight interpolation path:

xp=t-z1+ (1 —1t) -z, t€][0,1] @
The velocity along this path is constant: v = z; — .
A neural network vy is trained to predict this velocity

(Eq. 3):
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L=E;,, ||v9(xt, t,h) — (1 — xo (3)

s

where h denotes the encoder representations and
| - |3, denotes the masked MSE, ﬁ >iem ()7,
where M is the set of context-token positions (ex-
cluding question and special tokens).

At inference, we integrate from zg ~ A(0, I) us-
ing Euler steps with At = 1/K (Eq. 4):
(4)

Ti4At = Tt + Ug(l’t,t, h) . At
We use K=20 steps, compared to 50 DDIM steps
needed by our DDPM baseline. Final answer po-
sitions are extracted as s = arg max =%V, ¢ =

1
(end)
arg max I, .

L]

2.5. Denoiser

The velocity predictor (denoiser) is a 6-layer Trans-
former with hidden dimension d=1024 and 16 at-
tention heads. Each layer performs self-attention
over the noisy mask representation, followed by
cross-attention to the encoder output i and a feed-
forward network. Time conditioning follows the
adaptive layer normalization (adaLN) scheme from
DiT (Peebles and Xie, 2023):

h

LN(R) - (1+ s¢) + by (5)

where (s;,b;) are produced by a learnable MLP
from a sinusoidal time embedding. The 2-channel
noisy mask is projected to d via a 2-layer MLP be-
fore entering the Transformer. The denoiser com-
prises 121.8M trainable parameters.



Variant Method LoRA Start End EM
Baseline Linear r=16 91.5 93.2 85.8
V1 (soft-box) DDPM — — — 325
V2 (dual-peak) DDPM — — — 425
V2-LoRA DDPM r=16 83.2 89.2 76.5
V3-Flow Flow r=16 86.2 93.0 82.0
V3-Flow-Long Flow r=16 87.2 93.5 83.0
V3-LoRA32 Flow r=32 89.8 91.2 82.8

Table 1: Ablation results on the validation set (%
accuracy). EM = Exact Match (both start and end
correct). Baseline = DeBERTa + LoRA + linear
span head (no diffusion). All LoRA variants use
a=32, dropout 0.05.

3. Experiments

3.1. Experimental Setup

We combine the English and Spanish training splits
into a single bilingual set of 4,000 samples and cre-
ate a stratified 90/10 train/validation split. All mod-
els are trained jointly on both languages. We use
AdamW with learning rate 3x10~* for the denoiser
(or span head) and 3x10~° for LoRA parameters,
weight decay 0.01, gradient clipping at 1.0, OneCy-
cleLR with cosine annealing (warmup 0.1), and
batch size 8. Training uses fp32 (DeBERTa-v3 over-
flows under mixed precision). Most variants train
for 30 epochs, V3-Flow-Long extends this to 50
with early stopping (patience 10). Each run takes
~2 hours on one NVIDIA L40 GPU. Validation per-
formance is measured by Exact Match (EM): the
percentage of samples where both predicted start
and end positions exactly match the ground truth.

All diffusion variants share the DeBERTa-v3-
large encoder and differ in the diffusion formulation,
LoRA usage, and training schedule, as detailed in
Table 1. We additionally include a standard span-
classification baseline (DeBERTa + LoRA + linear
head, no diffusion) for reference.

3.2. Ablation Study

Table 1 presents the ablation study. The top row
shows a standard span-classification baseline (De-
BERTa + LoRA + linear head, no diffusion), which
achieves 85.8% EM, outperforming all diffusion vari-
ants. We analyze the individual factors below.

Target shape (soft-box vs. dual-peak). As an
initial baseline (V1), we tested a ‘soft-box’ target
where all tokens within the span are assigned a
value of 1 and all others -1. Switching to the dual-
peak Gaussian formulation (V2) improved EM from
32.5% to 42.5%, allowing the model to better cap-
ture the contiguous nature of the extractive spans.
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Submission EN ES
SpanDiff. V1 (soft-box) 330 —
SpanDiff. V2 (dual-peak) 3.41 —
SpanDiff. V2-LoRA 433 4.41
SpanDiff. V3-Flow 457 4.63
Span Hybrid V27 408 —
Best competitor 481 4.81

Table 2: FinCausal 2026 leaderboard scores (LLM-
as-a-judge, 1 to 5 scale). Span Hybrid V2 =
RoBERTa-base + flow matching + classifier-free
guidance, an earlier architecture abandoned in fa-
vor of SpanDiffusion.

LoRA is mostinfluential. Adding LoRA adapters
to the frozen encoder yields the largest single im-
provement in our study. V2 to V2-LoRA increases
EM from 42.5% to 76.5%, an increase of +34.0
points. Without adaptation, the frozen DeBERTa
representations are poorly aligned with the contin-
uous target space of the denoiser. LoRA with only
1.6M additional parameters (0.3% of the encoder)
bridges this gap effectively.

Flow matching outperforms DDPM. Replacing
DDPM with rectified flow (V2-LoRA — V3-Flow)
improves EM by +5.5 points (76.5% — 82.0%) while
reducing inference from 50 DDIM steps to 20 Euler
steps (2.5x speedup). The straight interpolation
paths of flow matching provide a simpler learning
objective, and the constant-velocity targets reduce
gradient variance.

Baseline outperforms diffusion. The span clas-
sifier (85.8% EM) surpasses our best diffusion vari-
ant (V3-Flow-Long, 83.0%) by 2.8 points while re-
quiring only 2.7M total trainable parameters vs.
123.4M for the diffusion model, due to replacing
the 121.8M-parameter denoiser with a 1.1M lin-
ear span head. Inference is also simplified to a
single forward pass. Looking at the training dy-
namics reveals an interesting contrast: the base-
line’s validation cross-entropy loss diverges after
epoch 4 (0.38 — 1.68 by epoch 21) while EM contin-
ues improving (83.5% — 85.8%), indicating that the
model overfits in probability space but the argmax
decision boundary remains correct. In contrast,
V3-Flow-Long’s MSE validation loss decreases
steadily (0.35 — 0.03) but EM saturates at 83.0%,
suggesting the continuous regression objective is
harder to optimize for discrete position accuracy.

3.3. Competition Results

Table 2 shows the FinCausal 2026 leaderboard
scores for our submissions. The progression V1 —
V2 — V2-LoRA — V3-Flow mirrors the validation
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Figure 2: Euler integration from noise (¢=0) to clean
dual peaks (t=1) in 20 steps. Blue = start channel,
red = end channel. The answer span boundaries
sharpen progressively over the trajectory.

ablation. Our best submission (V3-Flow) scores
4.57 (EN)/4.63 (ES), while the top system achieves
4.81 on both sub-tasks.

The gap to the top system (~0.24 on English)
may partly reflect evaluation dynamics (Section 5),
though the top system may simply produce more
accurate answers. The baseline used in Table 1
was not officially submitted, so a direct compari-
son with SpanDiffusion is not possible under the
challenge evaluation measure.

3.4. Diffusion Process Visualization

Figure 2 illustrates flow matching inference on a
validation example. At ¢=0 the signal is pure noise;
as Euler integration progresses, the start peak
(blue) and end peak (red) gradually separate and
sharpen, converging to the correct boundaries by
t=1.0. The intermediate states are interpretable,
demonstrating how the model progressively
resolves positional uncertainty, a key advantage
over single-pass classification.

4. Related Work

Diffusion models for NLP. Diffusion models
have been applied to text generation via continuous
embeddings (Li et al., 2022; Gong et al., 2023) and
discrete masking (Sahoo et al., 2024). Han et al.
(2023) propose semi-autoregressive diffusion for
controllable generation. While Shen et al. (2023)
recently introduced boundary diffusion for Named
Entity Recognition, to our knowledge, SpanDiffu-
sion is the first to formulate extractive Q&A as a
continuous diffusion process over span boundaries.

Flow matching. Flow matching (Lipman et al.,
2023) and rectified flow (Liu et al., 2023) replace the
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SDE formulation of DDPM with straight ODE paths,
allowing faster sampling. Peebles and Xie (2023)
demonstrated their effectiveness with Transformers
(DiT). We adapt DiT-style adaLN to 1D positional
masks.

Parameter-efficient fine-tuning. LoRA (Hu
et al., 2022) injects low-rank updates into frozen
weights. Our ablation confirms its critical role:
without LoRA, EM drops from 76.5% to 42.5%, the
largest single factor.

5. Discussion

LLM-as-a-judge metric. FinCausal 2026 re-
placed Exact Match with an LLM-as-a-judge metric
(Zheng et al., 2023). We hypothesize that exact
span extractions may receive lower fluency ratings
than paraphrases conveying the same information,
though a controlled study is needed to confirm this.

Diffusion vs. classification. The baseline’s ad-
vantage (85.8% vs. 83.0%) raises the question of
when diffusion-based span prediction is a good
choice. SpanDiffusion offers two potential benefits
not captured by EM: (1) interpretable intermedi-
ate states (Figure 2) showing how the model pro-
gressively resolves span boundaries, and (2) the
stochastic inference process could in principle yield
uncertainty estimates over predictions, though we
do not evaluate calibration in this work. However,
on the 4,000-sample FinCausal dataset, these do
not offset the harder optimization of the diffusion
objective.

Limitations. The fixed Gaussian width (c0=1.5)
assumes unimodal boundaries, which may not hold
for multi-span answers, since errors concentrate
on multi-clause causal chains and very short (1 to
2 token) answers where peaks overlap. Training
requires fp32 (DeBERTa-v3 overflows under mixed
precision). The 20-step Euler inference is both
slower than single-pass classification and stochas-
tic (different random xz seeds yield different predic-
tions), introducing inference variance that a deter-
ministic baseline could avoid. We did not quantify
this variance and leave it to future work.

6. Conclusion

We presented SpanDiffusion, a continuous diffu-
sion approach to extractive causal question answer-
ing that operates over dual Gaussian span masks
rather than discrete token labels. Our systematic
ablation reveals that LoRA encoder adaptation is
the single most important factor (+34 EM points),



followed by the switch from DDPM to flow match-
ing (+5.5 EM with 2.5x fewer inference steps). A
standard span classifier with the same encoder
outperforms our best diffusion model (85.8% vs.
83.0% EM), indicating that diffusion-based span
prediction does not currently justify its added com-
plexity on this task. Nonetheless, our best diffusion
model scores competitively on the FinCausal 2026
leaderboard (4.57/4.63 EN/ES). We believe the for-
mulation remains promising: the interpretable de-
noising trajectory and built-in uncertainty estimation
offer qualitative advantages that Exact Match does
not capture. Future work includes classifier-free
guidance (Ho and Salimans, 2022) for question-
conditioned refinement, consistency distillation for
single-step inference, and scaling to larger training
sets where the capacity of the 121.8M-parameter
denoiser may be more effectively utilized.
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