
Approximate Structured Diffusion for Sequence Labelling

Anonymous ACL submission

Abstract001

Sequence labelling, a core task of Natural Lan-002
guage Processing (NLP), consists in assigning003
each token of an input sentence a label. From004
a Machine Learning point of view, sequence005
labelling is often cast as a Linear-Chain Con-006
ditional Random Field (CRF) parametrised by007
a neural network. While this approach gives008
good empirical results, CRFs assume a finite009
decision span (e.g. label bigrams) which limits010
their expressivity and hurts performance when011
long-range dependencies are required.012

We show we can leverage diffusion to train a013
CRF conditioned on an entire label sequence,014
with the caveat that the condition is on a noisy015
version of labels. We show experimentally that016
this method, in conjunction with Mean-Field in-017
ference, improves label accuracy with a 16.5%018
error reduction while remaining faster than tra-019
ditional CRF decoding.1020

1 Introduction021

Sequence labelling, a fundamental task in NLP,022

consists in assigning a tag to each token of an input023

sentence. It is the foundation of a variety of NLP024

applications, such as POS tagging, named-entity025

recognition or parsing. Modern approaches to this026

task are based on CRFs parametrised by neural net-027

works (Lafferty et al., 2001; Zheng et al., 2015).028

While structured models such as CRFs consider in-029

teractions between labels, tractability impose some030

restrictions. Thus many proposed models are lim-031

ited to bigrams, i.e. correlations of adjacent labels.032

Recently, diffusion has been applied to language033

modelling to effectively condition generation on un-034

bounded contexts (Hoogeboom et al., 2021; Austin035

et al., 2021; Sahoo et al., 2024). In practice, these036

models train denoisers to predict independently037

each token from noisy versions of the clean output.038

1Our code will be made available publicly upon accepta-
tion.

In this work, we bridge these two concepts, i.e. 039

structured prediction and discrete diffusion, for se- 040

quence labelling. We define a CRF conditioning 041

the predicted label sequence not only on the input 042

sentence but also on a noisy label sequence. This 043

helps the model consider unbounded label interac- 044

tions while remaining able to enforce preferences 045

on predicted adjacent labels. Decoding with dif- 046

fusion models requires iterative sampling to refine 047

predictions from random noise. Since sampling 048

CRF distributions is costly, with a complexity lin- 049

ear in the input size, we speed up decoding and 050

training by approximating them with Mean-Field. 051

We evaluate on POS tagging and show that this 052

model scales up better than baseline CRFs, with 053

both the unigram diffusion model and the addition 054

of either a CRF denoiser or its Mean-Field approx- 055

imation achieving superior performance. 056

2 Model 057

2.1 Standard Sequence Labelling Model 058

Given a sentence s = s1 . . . sn, with si the 059

ith word, labelling produces a sequence y = 060

y1 . . . yn, with yi ∈ L the label for si. More 061

precisely, standard sequence labelling models de- 062

fine a parametrised probability distribution pθ(y|s) 063

so labelling amounts to returning the mode ŷ = 064

argmaxy pθ(y|s) and learning parameters θ is cast 065

as Maximum Likelihood Estimation. These dis- 066

tributions are usually written as energy models 067

pθ(y|s) ∝ exp f(x,y; θ), computed by a neural 068

network implementing f , i.e. parameters θ are the 069

parameters of f . The decomposition of f over 070

sequences is crucial for efficiency. 071

Unigram Models sum unary potential over the se- 072

quence f(s,y; θ) =
∑n

i=1 f(s, yi; θ). Typically 073

this is implemented as a Transformer (Vaswani 074

et al., 2017) whose output vector at position i feeds 075

a MLP computing f for all labels at this position. 076

As a consequence of the decomposition of f , pθ 077
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is factorized, i.e. pθ(y|s) =
∏n

i=1 pθ(yi|s). La-078

belling and training are efficient but the indepen-079

dence between predictions impairs the expressivity080

required to model fine-grained label interactions.081

Bigram Models sum unary and binary2 po-082

tentials over adjacent positions, f(s,y; θ) =083 ∑n
i=1 f1(s, yi; θ)+

∑n−1
i=1 f2(s, yi, yi+1; θ). Trans-084

former output are fed to f1 like in the unigram085

case. For f2, we need to compute a transition086

matrix for all labels yi, yi+1. This can be either087

implemented as a position-independent matrix, or088

as a MLP computing at each position the transi-089

tion weights, fed up by a Transformer’s output.090

Labelling and training can be performed in linear091

time w.r.t. sentence’s length, as can be computed092

marginal probabilities, with Viterbi (Forney, 1973)093

and Forward/Backward (Rabiner, 1989) algorithms.094

Bigram CRFs are difficult to parallelise but approx-095

imations such as Mean-Field (Wang et al., 2020) or096

Mean-Regularisation (Corro et al., 2025) recover097

the position-wise independent computation, and098

thus the efficiency, of unigram models.099

2.2 Discrete Diffusion Models for Labelling100

We follow diffusion language models (Hoogeboom101

et al., 2021; Austin et al., 2021) to define labelling102

as generation of labels given words.103

Forward Diffusion. A sequence of tags y0 is104

altered by a forward diffusion process q con-105

sisting of T steps y1 . . .yT to eventually obtain106

a random sequence3 yT . Generating such se-107

quences is a Markovian process q(y1 . . .yT |y0) =108 ∏T
t=1 qt(y

t|yt−1) with independent noise at each109

position i: qt(yt|yt−1) =
∏n

i=1 qt(y
t
i |y

t−1
i ).110

Noise distributions are parametrised by a corrup-111

tion ratio βt following a predefined schedule:4112

qt(y
t+1
i |yti) =

{
βt +

βt

|L| if yt+1
i = yti

1−βt

|L| otherwise
113

The parameters of these conditional distributions114

qt(·|·) for timestep t can be encoded as a ma-115

trix Qt. We can also precompute consecutive116

applications of t diffusion steps q0|t(y
t
i |y0i ) =117 ∑

yt−1
i

qt(y
t
i |y

t−1
i )q0|t−1(y

t−1
i |y0i ).118

Denoising. Our model, following Hoogeboom119

et al. (2021); Austin et al. (2021) for language120

models, produces a parameterised distribution on121

2These models can be extended to n-ary potentials.
3All sequences of size |y0| are uniformly probable.
4We only consider cosine (Hoogeboom et al., 2021).

label sequences from a random sequence by re- 122

versing the diffusion process. With a slight abuse 123

of notation we also denote this distribution as pθ. 124

This model can assign a probability to less and 125

less noisy sequences, also a markovian process : 126

pθ(y
0y1 . . .yT |s) = p(yT )

∏T
i=t pθ(y

t−1|yt, s), 127

where the prior p(yT ) is the uniform distribution. 128

We drop the condition on s in notations. 129

Denoiser pθ is implemented by a neural network 130

presented in §2.3. The same network is used for 131

all t: to add time information, we feed the neural 132

network with a learned representation of t. We 133

follow the widely adopted architecture of Ho et al. 134

(2020) and describe a single denoising step from t 135

as full denoising followed by (t− 1) forward steps: 136

pθ(y
t−1|yt) =

∑
y0

pθ(y
0|yt)q(yt−1|yt,y0) 137

= Ey0∼pθ(·|yt)

[
q(yt−1|yt,y0)

]
138

≈ q(yt−1|yt, ŷ0) 139

with ŷ0 = Ey0∼pθ(·|yt)[y
0]. 140

A denoising step can thus be modelled as sam- 141

pling from (i) the so-called posterior distribution 142

with (ii) the clean sequence y0 replaced by an 143

expected sequence ŷ0. In practice, addressing 144

(i) requires computing the posterior distribution, 145

expressed with three tractable distributions, from 146

Bayes’ theorem and Markovian assumption : 147

q(yt−1|yt,y0) =
q(yt−1,yt|y0)

q(yt|y0)
148

=
q(yt|yt−1,y0)q(yt−1|y0)

q(yt|y0)
149

=
qt(y

t|yt−1)q(yt−1|y0)

q(yt|y0)
. 150

While explanations above indicated that denois- 151

ing is performed step by step from t to t−1, we can 152

rewrite it to perform several steps at once, from t to 153

t−k. This may impact the quality of the generated 154

sequence since the denoiser is called less, and has 155

thus less opportunities to rely on the input sequence. 156

In our experiments we use a halving strategy and 157

go from step t to step ⌊ t2⌋, starting with step T until 158

we reach 0, so the number of calls to the denoiser 159

is logarithmic in the number of diffusion steps. 160

Structured Denoising We can adapt the previous 161

decoding method to the case where the denoiser 162

pθ is implemented by a CRF or an approxima- 163

tion. Remember that the denoiser’s role is to gen- 164
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erate ŷ0 = Ey0∼pθ(·|yt)[y
0]. In the case of linear-165

chain CRFs we can compute marginals in O(n)166

time complexity, either by running the forward-167

backward algorithm (Rabiner, 1989) or backprop-168

agating through the log-partition (Eisner, 2016).169

Unfortunately, this approach is intractable in our170

context. Because of the limited parallelizability171

of the Viterbi algorithm and its variants, training172

becomes too slow. The linear space complexity173

of these methods also burdens training with mem-174

ory consumption. Moreover the denoiser must be175

called multiple times during decoding.176

Instead, we can approximate the CRF distri-177

bution with Mean Regularisation (Corro et al.,178

2025) or find the closest factorized distribution with179

Mean-Field (Wang et al., 2020). We experiment180

with the latter and show we can exploit structures181

with diffusion models while remaining efficient.182

Training is performed by maximizing likelihood183

with the denoiser synced to the diffusion model184

at each timestep. More precisely we optimise a185

variational lower bound of the log-likelihood :186

log pθ(y
0) = log

∑
y1...yT∼q(·|y0)

pθ(y
0,y1, . . . ,yT )187

≥ E
y1∼q0|1(·|y0)

[
log pθ(y

0 | y1)
]

188

−
T∑
t=2

E
yt∼q0|t(·|y0)

[
DKL

(
q(yt−1 | yt,y0)

|| pθ(yt−1 | yt)

)]
189

−DKL

(
q0|T (y

T | y0)
∥∥ p(yT )

)
,190

where DKL is the Kullback-Liebler divergence be-191

tween the two distributions. The last term can be ig-192

nored since, by definition, the two distributions are193

uniform and their divergence is thus zero. We train194

our model by uniformly sampling a t between 1 and195

T , and then a sequence yt ∼ q0|t(·|y0), which sim-196

ulates t diffusion steps. If t = 1, we only consider197

the first term; si t ≥ 2 we only consider the mean198

in the second term based on this t, which brings us199

back to optimizing a single KL divergence.200

We notice that once sampled yt, the first term is201

just a log-likelihood. For the second term, we get:202

DKL[q(y
t−1|yt,y0)||pθ(yt−1|yt)]203

=DKL[q(y
t−1|yt,y0)||q(yt−1|yt, ŷ0)] + C,204

i.e. we seek to match posteriors conditioned on205

respectively gold sequences and the denoised ones.206

Finally, we add the denoising loss (Austin et al.,207

2021) as it helps training stability and convergence.208

2.3 Neural Architecture 209

The neural architecture depicted in Fig.1 imple- 210

ments potential functions, f for unigrams or f1, f2 211

for bigrams, as defined in §2.1, which are then 212

summed to define probability distributions. All 213

models start converting words s1, . . . , sn to non- 214

contextual representations with a look-up table and 215

a charLSTM (Lample et al., 2016). These are 216

contextualized with Transformers (Vaswani et al., 217

2017) to obtain vectors e1, . . . , en. Alternatively, 218

pretrained embeddings can be used. The unigram 219

model is parametrised by n vectors li of |L| scores 220

computed by a MLP from ei. The bigram models 221

adds |L| × |L| scores which represent label tran- 222

sitions from one position to the next. These are 223

computed for each position by a MLP. 224

Our diffusion models implement the denoiser 225

with Diffusion Transformer blocks (Peebles and 226

Xie, 2022). It takes as input a sequence of label em- 227

beddings from a trainable look-up table correspond- 228

ing to noisy labels and, as context for normaliza- 229

tion, the concatenation of the contextual word em- 230

beddings and a trainable embedding of the timestep. 231

After these blocks a final MLP converts position 232

vectors to unigram, and possibly bigram, scores. 233

3 Experiments 234

Data We experiment on 4 datasets from Universal 235

Dependencies v2.15 (Zeman et al., 2024) namely 236

EN-EWT, DE-GSD, FR-GSD, NL-LassySmall for 237

English, German, French, and Dutch. We use stan- 238

dard splits, evaluate accuracy with punctuation and 239

average results over 8 random seeds. 240

We compare the 3 baseline models, unigram, 241

Mean-Field and CRF with our diffusion models, 242

the unstructured and structured models, Diffusion- 243

Uni and Diffusion-MF respectively. Addition- 244

ally, we report the best POS taggging results from 245

(Corro et al., 2025). The hyper-parameter setups 246

for each model are described in F, while additional 247

results, with a different encoder, features and a 248

baseline for Diff-CRF (the non approximated struc- 249

tured diffusion model) in B, an ablation study in C, 250

and the models’ speeds in E. 251

Our results in Table 1 show that structured diffu- 252

sion improves performances in nearly all datasets, 253

and get an average 16.54% error reduction between 254

the best model without diffusion (CRF) and the 255

model with structured diffusion (Diffusion-MF). 256

We find that the diffusion approach allows mod- 257

els to scale better with more parameters, surpass- 258
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Diffusion Transformer

Label Embeddings

yT
i ∈L. . . . . .yT = ∼ Cat( 1

|L| )

×N
zi∈Rk. . . . . .

Unary MLP Pairwise MLP

li∈R|L| Bi+1
i ∈R|L|×|L|. . . . . .

CRF: Mean-Field Marginal Approx

ŷ0
i = Epθ(·|yt)

[
y0
i

]
∈ [0,1]|L|. . . . . .

yt−1 ∼ q(·|yt, ŷ0)

Sample a label sequence

T. Emb.

t ∈ [T ]

τ ∈Rg

t
=

T
,...,1

. . .ci∈Rd. . .

Transformer Encoder
×M

CharLSTM + Word Embeddings

si∈V. . . . . .Input s =

C ∈ Rd×n

Unary MLP Pairwise MLP

li∈R|L| Bi+1
i ∈R|L|×|L|. . . . . .

CRF: Viterbi

yi∈L. . . . . .

ŷ = argmaxy Pθ(y|s)
Baseline

Figure 1: From word embeddings, instead of directly predicting distribution parameters (baseline, left) we use them
with timesteps as context for a diffusion transformer fed with sequences of noisy label embeddings (ours, right).

English German French Dutch AVG

(Corro et al., 2025) 91.9 94.4 96.5 94.7 94.37

Unigram 91.48 92.38 94.58 91.94 92.60

Mean-Field 93.51 93.88 96.02 93.84 94.31

CRF 94.02 94.11 96.60 94.00 94.68

Diffusion-Uni 95.01 94.73 97.33 94.73 95.45

Diffusion-MF 95.06 94.85 97.39 94.93 95.56

Table 1: Test results for UD 2.15.

ing the 3 baseline with an equal parameter count,259

this is shown in Table C in Appendix. Moreover260

in this setting, while the main source of perfor-261

mance increase is the use of diffusion, we can262

see that the additional structure given by the CRF263

(Diffusion-MF) improves performance over the264

simple diffusion process (Diffusion-Uni).265

4 Related Work266

Structured discrete diffusion. Discrete diffusion267

either corrupts labels directly (Hoogeboom et al.,268

2021; Austin et al., 2021) or relaxes tokens for269

Gaussian diffusion and discretise at decode time270

(e.g. Ho et al., 2020; Li et al., 2022; Peebles and271

Xie, 2022); related variants use iterative masking272

(Chang et al., 2022), bit encodings (Chen et al.,273

2022), or VQ codebooks (Gu et al., 2021). For274

structured NLP, diffusion has been applied to span-275

level NER (Shen et al., 2023), token-level labelling276

via bit-relaxed sequences (Huang et al., 2023), and277

non-autoregressive constrained generation (Gong278

et al., 2022); continuous-time categorical formula-279

tions connect to jump processes and score match-280

ing (Sun et al., 2023). Adjacent works insert CRFs281

around diffusion, e.g. continuous CRF for latent282

diffusion (Ranasinghe et al., 2024) or diffusion-283

enhanced BiLSTM-CRF for NER (Qiu et al., 2025). 284

Unlike previous works, we use a CRF denoiser in- 285

side the loop, yielding (i) guaranteed normalization, 286

(ii) global context via the evolving noisy sequence, 287

and (iii) parallelizable mean-field updates. 288

Structured prediction with neural CRFs. Neu- 289

ral CRF models remain strong for labelling (Laf- 290

ferty et al., 2001); differentiable inference via un- 291

rolled mean-field (CRF-as-RNN) and parallel ac- 292

celerations improve efficiency (Zheng et al., 2015; 293

Wang et al., 2020; Corro et al., 2025), alongside 294

amortized perspectives (Stoyanov and Eisner, 2011; 295

Domke, 2012; Hershey et al., 2014) and classical 296

variational analyses (Wainwright and Jordan, 2008; 297

Yedidia et al., 2005; Murphy et al., 1999). Rather 298

than single-shot CRF decoding, we perform re- 299

peated, globally informed CRF diffusion-driven 300

updates, reconciling long-range evidence with lo- 301

cal constraints beyond purely accelerated CRF de- 302

coders (Wang et al., 2020; Corro et al., 2025). Our 303

model is then closer to (Jayasumana et al., 2024) 304

but with the CRF inside a diffusion denoiser instead 305

of generative Transformers. 306

5 Conclusion 307

We presented a novel approach to sequence la- 308

belling, with application to POS tagging, based on 309

structured prediction and discrete diffusion to bet- 310

ter predict tag distributions. Our model improves 311

the tagging metric and increases parameter scaling, 312

surpassing the baseline and performing even better 313

as the number of parameters grows while keeping 314

a manageable time complexity thanks to the Mean- 315

Field approximation of the CRF distribution. Our 316

approach could also be applied in other tagging 317

tasks in NLP, such as NER, or word segmentation. 318
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Limitations319

We showed that the presented method can scale,320

i.e. the more parameters the better accuracy is, as321

opposed to prior methods which tend to overfit322

when the number of parameters grow. However,323

this increase come at the expense of memory con-324

sumption and compute time. In other words, our325

models require more energy to be run at their full326

potential.327

In order to improve parallelization, we resort328

to the parallel version of Mean-Field for which329

convergence is not guaranteed. Although we didn’t330

see pathological divergence in practice, we note331

that the method recently developed by Corro et al.332

(2025) could be used as a drop-in replacement for333

parallel Mean-Field with convergence guarantees.334

Ethical Considerations335

We believe that our work does not raise ethical con-336

cerns. We present a novel architecture for sequence337

labelling based on diffusion and structured predic-338

tion and we test it on standard, publicly available339

data.340

We acknowledge the environmental impact of341

the energy cost of training neural models.342
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Algorithm 1: Diffusion Decoding for Se-
quence Labelling

Input: x ∈ RN×D: Token embeddings
Output: ŷ ∈ LN : Predicted tags

1 t← 1024
2 yt ← sample(Cat( 1L1N ))
3 while t > 1 do
4 ỹ ← tag-embed(yt)
5 t̃← time-embed(t)
6 p← denoise-marginals(x, ỹ, t̃)
7 t′ ←

⌊
t
2

⌋
8 yt ← sample(posterior(t′, t, p))
9 t← t′

10 ŷ ← y1
11 return ŷ

2. tag-embed and time-embed embed discrete531

values (resp. POS labels and timesteps) to532

their dense representations. They are imple-533

mented as look-up tables;534

3. denoise-marginals calls the denoiser on the535

input sentence x from a noisy prediction ỹ and536

compute marginal distributions of all labels at537

each positions. For unstructured diffusion or538

Mean-Field, we simply return the softmaxed539

logits return by the neural network implement-540

ing the denoiser. For structured diffusion we541

use the forward/backward algorithm.542

4. posterior computes the posterior distribu-543

tion from marginals p between timesteps t544

and t′.545

The algorithms starts by sampling labels from546

the uniform distribution. Then at each relevant547

timestep, it performs the following operations.548

First the previously predicted labels, as well as549

the current timestep t, are embedded. Then the550

denoiser is called to predict a new sequence of551

marginal label distributions. Finally, we use the552

posterior distribution to sample labels at timestep553

t′ =
⌊
t
2

⌋
. These steps are repeated recursively for554

timestep t′, until we reach timestep 1.555

B Additional Results556

In Table 2, we report the results obtained using the557

GloVe pretrained embeddings (Pennington et al.,558

2014), which strengthen the validity of our ap-559

proach, even when using more advanced pretrained560

features. In Tables 3 and 4, we compare the561

Models No GLOVE GLOVE

Dev Test Dev Test

Unigram 91.36 91.48 94.70 94.69

MF 93.17 93.51 95.25 95.32

CRF 93.84 94.02 95.39 95.48

Diffusion-Uni 94.47 94.74 95.71 95.75

Diffusion-MF 94.72 94.93 95.79 95.88

Table 2: Comparison of the scores for all models using
a transformer encoder, with or without GLOVE embed-
dings in English using UD 2.15 (EN-EWT).

best baseline setups for the unigram, mean-field 562

and CRF taggers, to the L and XL versions of our 563

models (see F) respectively using either a trans- 564

former as an encoder, or a pre-trained multilin- 565

gual transformer model, RoBerta-Large (Liu et al., 566

2019). Note that due to training time constraints, 567

we only trained Diffusion-CRF, our structured dif- 568

fusion model which doesn’t use the mean-field ap- 569

proximation using RoBerta-Large as an encoder. 570

Model sizes are described in F, while a global view 571

of the scaling, or lack thereof for each model is pre- 572

sented in C. The 2 tables show that both structured 573

and unstructured diffusion work well, however, we 574

acknowledge that the bitter lesson applies here, 575

where with an the increased parameter count of 576

the XL model, as well as with the enriched word 577

embeddings with RoBerta-Large, the unstructured 578

model manages to catch up to Diff-MF. 579

English German French Dutch AVG

Dev Test Dev Test Dev Test Dev Test Dev Test

Transformer
Unigram 91.36 91.48 92.85 92.38 95.12 94.58 92.03 91.94 92.84 92.60

Meanfield 93.17 93.51 94.12 93.88 96.49 96.02 93.92 93.84 94.42 94.31

CRF 93.84 94.02 94.31 94.11 96.88 96.60 94.17 94.00 94.80 94.68

Diffusion-Uni 94.47 94.74 94.83 94.51 97.41 97.07 94.75 94.48 95.37 95.20

Diffusion-MF 94.72 94.93 94.82 94.51 97.22 96.86 94.74 94.54 95.37 95.21

RoBerta-Large
Unigram 98.33 98.41 97.42 96.91 98.53 98.26 97.55 97.56 97.96 97.78

Meanfield 98.20 98.28 97.20 96.80 98.45 98.14 97.33 97.35 97.79 97.64

CRF 98.32 98.41 97.33 96.85 98.54 98.26 97.47 97.48 97.92 97.75

Diffusion-Uni 98.42 98.51 97.44 96.90 98.55 98.27 97.64 97.59 98.01 97.82

Diffusion-CRF 98.44 98.38 97.38 96.89 98.57 98.33 97.64 97.50 98.01 97.77

Diffusion-MF 98.47 98.50 97.48 96.89 98.58 98.30 97.64 97.62 98.04 97.83

Table 3: Results for UD 2.15, average of 8 experiments
using the best configurations for all 3 baseline models,
and the L configuration for diffusion models).

C Ablation Studies 580

We find that the diffusion approach allows models 581

to scale better with more parameters, surpassing 582
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English German French Dutch AVG

Dev Test Dev Test Dev Test Dev Test Dev Test

Transformer
Unigram 91.36 91.48 92.85 92.38 95.12 94.58 92.03 91.94 92.84 92.60

Meanfield 93.17 93.51 94.12 93.88 96.49 96.02 93.92 93.84 94.42 94.31

CRF 93.84 94.02 94.31 94.11 96.88 96.60 94.17 94.00 94.80 94.68

Diffusion-Uni 94.83 95.01 95.11 94.73 97.56 97.33 95.18 94.73 95.67 95.45

Diffusion-MF 94.97 95.06 95.17 94.85 97.62 97.39 95.26 94.93 95.76 95.56

RoBerta-Large
Unigram 98.33 98.41 97.42 96.91 98.53 98.26 97.55 97.56 97.96 97.78

Meanfield 98.20 98.28 97.20 96.80 98.45 98.14 97.33 97.35 97.79 97.64

CRF 98.32 98.41 97.33 96.85 98.54 98.26 97.47 97.48 97.92 97.75

Diffusion-Uni 98.49 98.52 97.48 96.97 98.55 98.27 97.73 97.65 98.06 97.85

Diffusion-CRF 98.40 98.38 97.34 96.87 98.54 98.28 97.47 97.42 97.94 97.74

Diffusion-MF 98.49 98.44 97.47 96.88 98.58 98.29 97.60 97.58 98.04 97.80

Table 4: Results for UD 2.15, average of 8 experiments
using the best configurations for all 3 baseline models,
and the XL configuration for diffusion models).

the 3 baseline models when using a low parameter583

setup, but also getting increasingly better results584

as the parameter count increases, while the base-585

line models show no such improvements passed a586

very low ceiling after which performance actually587

decreases. Given that the baseline models consist588

principally of an encoder and a scoring MLP, we589

only tested their scaling when using a transformer590

as an encoder, whereas with the diffusion mod-591

els, the encoder’s size remains the same, but the592

parameters allotted to the diffusion and denoising593

processes vary, this is further explained in F. The594

principal limit of our scaling, to our knowledge is595

the limited memory in the GPUs we used.596

Models Model size

XS S M L XL

Transformer

Unigram 91.17 91.36 91.16 90.87 N/A

MF 93.17 92.96 92.79 92.63 N/A

CRF 93.84 93.58 93.55 93.47 N/A

Diffusion-Uni N/A 94.04 94.33 94.47 94.83

Diffusion-MF N/A 94.45 94.67 94.72 94.97

RoBerta-Large

Unigram 98.33 N/A

MF 98.20 N/A

CRF 98.22 N/A

Diffusion-Uni N/A 98.37 98.40 98.42 98.49

Diffusion-CRF N/A N/A N/A 98.44 98.40

Diffusion-MF N/A 98.44 98.48 98.47 98.49

Table 5: Dev scores with varying model sizes in English
using UD 2.15 (EN-EWT).

Another test we did was to use different mean-597

field iterations, which led to increasing though di-598

minishing gains until 10 iterations for the baseline 599

mean-field model, and 15 iterations for Diff-MF. 600

The effect of different numbers of iterations on 601

speed is shown in E. 602

D Diffusion Tuning 603

N layers 1 2 3 4 6 8 10 12 14

Diff-Uni 93.76 94.45 94.62 94.72 94.80 94.84 94.86 94.90 x

Diff-MF 94.33 94.78 94.88 94.88 94.97 94.94 94.93 94.93 x

Table 6: Comparison of dev scores for the base and
structured diffusion models with varying diffusion layer
counts on UD2.15 (EN-EWT) using a transformer en-
coder and the EXTRA-LARGE model size.

We tested different numbers of layers for the dif- 604

fusion transformer and settled on 8, which yields 605

high results in all tested datasets while having a 606

memory footprint small enough to ensure that both 607

the training and evaluation can be carried out with 608

no errors. As can be seen in 6, the unstructured 609

model keeps getting better results with added lay- 610

ers, and more parameters. 611

E Timing Experiments 612

In this section we notice in that a high number of 613

mean-field iterations as well as the diffusion itself 614

both have a non negligible effect on speed in Table 615

7, however it is worth noting that the slowest train- 616

ing speeds we obtained for Diff-MF were about 617

equivalent with the speed of the CRF model. Where 618

our structured approach does slow down is in the 619

evaluation, due to our decoding needing to perform 620

the denoising process multiple times. Diff-CRF 621

in particular is prohibitively slow, further validat- 622

ing our approximation approach with mean-fields. 623

Similarly, our diffusion models do slow down con- 624

siderably the more layers we use, as shown in 8. 625

626

F Hyperparameters 627

We categorize our models into 5 different size con- 628

figurations, based on the parameter count they have 629

for the main baseline, XS, S, M, L, XL, corre- 630

sponding to roughly 20, 40, 60, 80 and 650 million 631

parameters respectively. 20 million parameters are 632

allotted to the transformer encoder, for the baseline 633

models, unigram, mean-field, CRF, the encoder 634

is given more parameters to reach the bigger con- 635

figurations, as the encoder is all these models have, 636

save for a scoring MLP. For the diffusion models, 637
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MF iters 0 1 2 3 4 7 10 15

Training

MF 2832 4277 4251 4150 4147 4008 3810 3674

Diff-MF 350 333 333 327 327 309 300 278

Evaluation

MF 7925 9950 9917 8870 8322 9232 8679 8280

Diff-MF 209 193 191 187 182 178 166 158

Table 7: Training and evaluation speeds with different
numbers of mean-field iterations on MF and Diff-MF
for UD 2.15 (EN-EWT).

N_layers 1 2 3 4 6 8 10 12

Training

Diff-Uni 677 605 522 463 350 287 240 215

Diff-MF 657 568 487 430 336 277 237 205

Evaluation

Diff-Uni 419 344 278 249 187 159 133 120

Diff-MF 361 287 247 221 177 147 127 110

Table 8: Training and evaluation speeds for the base and
structured diffusion models with varying diffusion layer
counts for UD 2.15 (EN-EWT)..

the encoder does not change in size, but we change638

the size of the diffusion transformer used, thus in639

the M configuration for example, the non diffu-640

sion models have 60 million parameters allocated641

to their encoder, while the diffusion models have642

20 million for the encoder, and 40 million for the643

diffusion transformer. We thus cannot have a XS644

diffusion baseline, as it would have 0 parameters645

for the diffusion, and we also decided not to test646

out the XL baselines for the non diffusion models,647

as none of them showed potential to perform any648

better than in the smaller baselines.649

Models Model size

XS S M L XL

Transformer

Unigram 1129 999 750 640 N/A

MF 738 664 552 486 N/A

CRF 361 345 313 283 N/A

Diffusion-Uni N/A 449 455 399 287

Diffusion-MF N/A 343 344 322 242

RoBerta-Large

Unigram 210 N/A

MF 191 N/A

CRF 152 N/A

Diffusion-Uni N/A 156 155 155 129

Diffusion-CRF N/A X X 71 66

Diffusion-MF N/A 140 140 141 119

Table 9: Training speeds with varying model sizes in
English using UD 2.15 (EN-EWT).

Models Model size

XS S M L XL

Transformer

Unigram 4258 3798 3178 2711 X

MF 3254 3030 2740 2469 X

CRF 574 559 550 530 X

Diffusion-Uni X 167 167 152 175

Diffusion-MF X 122 131 127 136

RoBerta-Large

Unigram 754 N/A

MF 710 N/A

CRF 358 N/A

Diffusion-Uni X 142 141 142 145

Diffusion-CRF X X X 38 40

Diffusion-MF X 112 113 113 118

Table 10: Evaluation speeds with varying model sizes
in English using UD 2.15 (EN-EWT).
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