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@ Limitations of Parallel Decoding

A Case Study on List Operations
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Q. Pick a random city for travel: New York,
New Orleans, Mexico City, or Panama City?

Vi Yi+1 Joint

One-by-One p(yi|X) piwlX, i) pOuYis1lX)

Parallel pOilX)  pGialX)  pOilX) PG |X)

MASK pOIX) PO | X)

&

o * NN
Promth - Vit *5 6\ ‘\°O &

A. New City

Parallel decoding ignores token dependencies

Q. Replace a random item in A, B, C with F.

A=66% B=66% C=66%
F=33% F=33% F =33%
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*Assuming that all tokens are unmasked in parallel
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Q. Shuffle the following items: A, B, C.

A=33% A=33% A=33%
B=33% B=33% B=33%
C=33% C=33% C=33%
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Quality inevitably drops under parallel decoding

Consists of 17 tasks across 3 categories

Waiting Line  Text Writing Puzzles

Metric Accuracy Grammar Score Accuracy

# Tasks 10 5 2

Covers a wide-range of difficulty levels

Easy-to-parallelize Hard-to-parallelize  ParallelBench
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K :One-by-One  :Fully Parallel % :lIdeal

The first benchmark to assess the trade-offs
of parallel decoding in dLLMs
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A. New City

Parallel decoding ignores token dependencies

Conditional Total Correlation C(Y|X):
C(Y|X) = —Haua(Y1X) + 3, ey Haaa(s X)

on e- Step Ge neratio n [1]: [1] On the Learning of Non-Autoregressive Transformers (ICML 2022)

ming Dk (Paaa (Y| X) || Po(Y|X)) > C(Y|X)

T-Step Parallel Decoding:

Theorem 1 (Lower Bound for 7'-step Parallel Decoding). For a factorized generative model (e.g.,
dLLM) Py(Y | X) performing T-step parallel decoding, assume the target sequence Y is partitioned
into T disjoint sets, Y = S1 U Sy U---USr. At each step i € {1,...,T}, the model generates the
tokens in set S; in parallel, conditioned on X and all previously generated tokens S<; = S1 U Sz U
...US;_1(S<1 = 0). The minimum achievable KL divergence for this model is lower-bounded by:

ming Dk (Paaa(Y|X) || Po(Y|X)) > L7 ({Si}E1) = Xr 1 Eseinpua[C(Si| X, 5<i)] ()



A Case Study on List Operations

Q. Replace a random item in A, B, C with F.

A =66% B =66% C =66%

F =33% F =33% F =33%
A 3x (1 X 2 x 2) 44.4%
k= —_— —_ —_) = B
CC 3 3 3 (1]

*Assuming that all tokens are unmasked in parallel

Data Distribution Perspective (Section 4.1)

Decoding Strategy Perspective (Section 4.2)

Q. Shuffle the following items: A, B, C.

A=33% A=33% A=33%
B =33% B =33% B =33%
C=33% C=33% C=33%
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Quality inevitably drops under parallel decoding

Task / Analysis -
C(Y|X) lim,, o, C(Y|X)  Acc. (Greedy, Top-k)  Acc. (Greedy, Threshold)
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Shuffle nlog,(n) — logy(n!) 00 Eq. (5) 1ify > 0.5
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Input Length (n)

(a) Shuffle (r = 1)

Input Length (n)

(b) Shuffle (7 = 0)

(c) Replace (r = 1) (d) Replace (7 = 0)

Input Length (n)
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(e) Thres. (n = 10)

Input Length (n)



o P op op

ParallelBench o e S
& 223 e
Shuffle

Consists of 17 tasks across 3 categories

You are managing a waiting line at a customer service desk.
The waiting line should be randomly shuffled to ensure fair service distribution:

Waiting Line  Text Writing Puzzles

Metric Accuracy Grammar Score Accuracy

Fla 0 > 2 ["Paul Payne", "Robert Riley", "Peter Stone"]

Covers a wide-range of difficulty levels
Please randomly shuffle the list and provide only the final list.

Easy-to-parallelize Hard-to-parallelize ParallelBench
Ensure the sequence is different from the original.
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Words-to-Sentence (easy)

Parallelism Parallelism Parallelism

K :One-by-One X :Fully Parallel X :lIdeal

Construct a single, coherent sentence using the words dog, park, ball, and throw.

The first benchmark to assess the trade-offs
of parallel decoding in dLLMs
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Benchmark results (LLaDA 1.5)
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Accuracy

Diffusion LLM vs. Autoregressive LLM

Mercury (Diffusion LLM)
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7 EXPLORING ADDITIONAL TECHNIQUES
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Figure 8: Waiting Line results using LLaDA 1.5 (Random Top-k) with various advanced techniques.

We further explore whether benchmark performance can be improved when various advanced tech-
niques for dLLMs are applied. Details and full results are in Appendix E.



Speed-Quality Trade-off
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Takeaway. Static parallel decoding (e.g., top-k) can suffer severe quality degradation, and
adaptive decoding strategies (e.g., threshold) still have significant room for improvement.
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