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Abstract Diffusion language models adopt a non-autoregressive generation approach that improves inference speed. Additionally,
continuous refinement through an iterative refinement enhances the quality of the generated text, making it promising for text
generation tasks. However,since diffusion language models are often trained using cross-entropy loss based on maximum likeli-
hood estimation,even if the model generates a correct sentence,it may be penalized for not strictly aligning with the reference sen-
tence,resulting in a serious multimodality problem,significantly reducing the quality of text generation. To alleviate the multimo-
dality problem,a discrete diffusion language model ConvexDiffusion based on convex loss function training is proposed. The mo-
del leverages the property of convex functions to sharpen the optimal distribution so that the model focuses more on high-proba-
bility outputs. To further improve the quality and reduce the repetition rate of generated words,a hybrid-aware noise schedule
that enabled the noise labelling to vary non-linearly is designed,along with a high-confidence deterministic denoising strategy em-
ployed during the decoding process. Experimental results on the three text generation tasks—machine translation,question gene-
ration,and question paraphrasing demonstrate that ConvexDiffusion achieves a performance improvement of 1~7 BLEU points
and faster generation speed compared to leading diffusion models such as RDM and non-autoregressive models like CMLM. Espe-
cially on two large datasets, WMT16 EN-RO and WMT14 EN-DE, ConvexDiffusion surpasses the leading autoregressive models
in text generation.
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Table 1 Hyperparameter setting
Hyper-parameter IWSLTI14’DE-EN WMTI16’EN-RO WMT14’EN-DE QG QQP
Hidden size 512 512 512 512 512
Number of warm-up steps 30000 15000 10000 10000 10000
Number of attention heads 4 8 8 8 8
Number of training steps 300000 120000 300000 70000 70000
Label smoothing 0.1 0.1 0.1 0.1 0.1
Optimizer Adam Adam Adam Adam Adam
Dropout 0.3 0.3 0.1 0.2 0.2
Hidden size in FFN 1024 2048 2048 1024 1024
Weight decay rate 0.01 0.01 0.01 0.01 0.01
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Table 2 Comparison of BLEU scores between IWSLT’14 DE-EN,WMT’16 EN-RO.,and WMT’14 EN-DE

Type Model Iterations IWSLT14 DE-EN WMT’16 En-Ro WMT’14 En-De
CMLM 16 32.18 32.90 25.00
Non-autoregressive CMLMC 10 34.28 34. 14 26. 40
Models CMLM-+SMRAT 10 30. 74 32.71 25.10
Disco Adaptive — — 25. 64
Continuous Diffusion CDCD 200 — — 20.0
4 26.93 29.16 19.48
10 28.32 30.41 21.62
Absorbing Diffusion
16 28. 38 30.79 22.07
25 28.93 30. 56 22.52
4 31.47 32.60 24.26
10 33.91 33.38 26.96
Discreet Diffusion RDM
16 34.41 33.82 27.58
25 34.49 33.99 27.59
4 31.52 32.45 23.51
10 33. 64 33.63 26.66
ConvexDiffusion(Ours)
16 34.20 34.02 26.99
25 34.48 34.34 27.63
Auto-regressive Models Transformer-base n. a 34.51 34.16 27.53
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Fig. 3 Trade-off curves between generation speed and quality

on WMT’16 En-Ro
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Table 3 Experimental results on QG and QQP
Task Type Model BLEU ROUGE-L.  BERTScore Dist-1
GRU-attention 0.0651 0.2617 0.5222 0.7930
Auto-regressive Models

Transformer-base 0.1663 0.3441 0.6307 0.9309
Pre-trained language GPT2-large FT 0.1110 0.3215 0.6346 0.9670

QG Models GPVAE-TS 0.1251 0.3390 0.6308 0.9381
’ Non-autoregressive Models LevT 0.0930 0.2893 0.5491 0.8914
Continuous Diffusion DiffuSeq 0.1731 0.3665 0.6123 0.9056

RDM 0.1802 0.3550 0.6310 0.9082

Discreet Diffusion
Ours 0.1814 0.3556 0.6354 0.9205
GRU-attention 0.1894 0.5129 0.7763 0.9423
Auto-regressive Models

Transformer-base 0.2722 0.5748 0.8381 0.9748
Pre-trained language GPT2-large FT 0.2059 0.5415 0.8363 0.9819

Qap Models GPVAE-TS 0.2409 0.5886 0.8466 0.9688
Non-autoregressive Models LevT 0.2268 0.5795 0.8344 0.9790

Continuous Diffusion DiffuSeq 0.2413 0.5880 0.8365 0.9807
RDM 0.2498 0.5886 0.8466 0.9817

Discreet Diffusion

Ours 0.2585 0.5941 0.8514 0.9824
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Table 4 Experimental results of different loss functions on

WMT’16 En-Ro
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Fig.4 Gradient curves under different convex functions
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Table 5 BLEU on QG and QQP test sets with varying %
k QG QQP
TR A AL K e 0.1744 0.2507
k-Power=0. 3 0.1725 0.2391
k-Power =0.5 0.1746 0.2462
k-Power =0.7 0.1814 0.2585
k-Power =0.75 0.1765 0.2512
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Fig.5 Results of different hyperparameters ¥ on IWSLT’14 De-En
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Table 6 Experimental results of different decoding strategies on

WMT14’EN-DE
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