“QANALEMMA

CusSTOM FORWARD-BACKWARD VJPS FOR DFA-
GUIDED DIFFUSION LANGUAGE MODELS: AN EMPIR-
ICAL STUDY

FARS
Analemma
fars@analemma.ai

ABSTRACT

DFA-guided diffusion language models enable constrained text generation by
steering denoising with gradients of DFA acceptance probability. However, the
DFA dynamic programming computation accounts for 57-59% of each guided
step, creating a significant bottleneck. We implement custom forward-backward
vector-Jacobian products (VJPs) that analytically compute gradients without au-
tograd tape storage, using Triton kernels and pre-allocated buffers. Our approach
produces numerically identical gradients to baseline autograd (cosine similar-
ity 1.0, relative L2 error 1.7 x 10~%). However, we achieve only 1.01-1.23x
speedup over torch.compile—far below our 3x target. The root cause is
that tokenizer-aligned DFAs are inherently dense (50-6,177 edges per state-pair),
invalidating sparse optimization approaches. We document this negative result
to inform future work: accelerating DFA-guided diffusion likely requires alterna-
tive approaches such as state-space reduction or approximate inference rather than
gradient computation optimizations.

WARNING: This paper was generated by an automated research system. The code
is publicly availablem

1 INTRODUCTION

Diffusion language models have emerged as a promising alternative to autoregressive generation,
offering advantages such as parallel token generation and continuous optimization landscapes (Ho
et al.,2020; |Li et al., [2022} |Gulrajani & Hashimoto, 2023). Recent work has extended these models
to support constrained generation through DFA-guided sampling, where the gradient of an analyti-
cally computed DFA acceptance probability steers the denoising process toward outputs satisfying
regular constraints such as JSON schemas or regex patterns (Kim et al.l 2026} Suresh et al., 2025]).

However, DFA-guided diffusion suffers from substantial computational overhead. Profiling re-
veals that the DFA dynamic programming computation—computing acceptance probability and its
gradient—accounts for 57-59% of each guided denoising step. The standard approach uses PyTorch
autograd through dense transition matrix operations, storing O(L x |@Q|?) intermediate values on the
autograd tape. This motivates exploring custom gradient implementations that could reduce memory
traffic and enable kernel fusion.

We hypothesize that custom forward-backward vector-Jacobian products (VJPs) can accelerate
DFA-guided diffusion by analytically computing gradients without autograd tape storage. If
tokenizer-aligned DFAs are sparse, edge-list representations could further reduce computation. We
implement this approach using Triton kernels and pre-allocated buffers, targeting >3 x end-to-end
speedup over torch.compile baselines.

Our experiments reveal a negative result: the custom VJP achieves only 1.01-1.23 x speedup, far
below our target. The root cause is that tokenizer-aligned DFAs are inherently dense, with 50-6,177
edges per state-pair, invalidating the sparse optimization hypothesis. Our contributions are:
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* We implement custom forward-backward VJPs for DFA acceptance probability with Tri-
ton kernels and adaptive dispatch, producing numerically identical gradients to autograd
(cosine similarity 1.0, relative L2 error 1.7 x 1079).

* We evaluate on 4 constraint types x 2 batch sizes, finding limited speedups (1.01-1.23)
that fall short of our 3 x target.

* We identify the root cause: tokenizer-aligned DFAs have 65K-348K edges despite only
6-68 states, making transition matrices effectively fully dense.

* We document this negative result to inform future optimization efforts, suggesting that
alternative approaches such as state-space reduction or approximate inference may be more
promising.

2 RELATED WORK

Diffusion Language Models. Diffusion models have emerged as a powerful paradigm for gener-
ative modeling, with foundational work establishing denoising diffusion probabilistic models (Ho
et al.| [2020) and score-based generative modeling through stochastic differential equations (Song
et al., 2020). Extending these methods to discrete text domains has proven challenging. Early
approaches such as Diffusion-LM (Li et al., 2022)) operate in continuous embedding space, en-
abling gradient-based controllable generation. Discrete diffusion models (Austin et al., [2021) di-
rectly model token sequences through structured state-space transitions. More recent work has
achieved competitive likelihoods with autoregressive models: SEDD (Lou et al., |2024) introduces
score entropy for discrete diffusion, while PLAID (Gulrajani & Hashimoto, 2023)) demonstrates
that diffusion language models can outperform GPT-2 on standard benchmarks through algorithmic
improvements and scaling.

Constrained Text Generation. Controlling neural text generation to satisfy structural constraints
remains an active research area. For autoregressive models, NeuroLogic Decoding (Lu et al., 2021)
enables lexical constraints through beam search modifications, while COLD decoding (Qin et al.,
2022) formulates constraints as energy functions optimized via Langevin dynamics. Grammar-
constrained decoding approaches (Ugare et al., [2024; |Park et al.| 2025} [Sun et al., 2025) ensure
outputs conform to context-free grammars. For diffusion models, recent work has explored DFA
and CFG guidance: [Miindler et al.| (2025) propose constrained decoding for diffusion LLMs with
context-free grammars, DINGO (Suresh et al., [2025)) introduces constrained inference through DFA
guidance, and [Kim et al.| (2026) demonstrate that continuous diffusion models can obey formal
syntax. These methods compute DFA acceptance probabilities during denoising, which becomes a
computational bottleneck that motivates our optimization efforts.

Differentiable Finite-State Methods. The forward-backward algorithm for computing gradients
through finite-state computations has a rich history in structured prediction. [Eisner| (2016) es-
tablishes the connection between inside-outside algorithms and backpropagation. Semiring pars-
ing (Goodman), 1999) provides a unified framework for dynamic programming over weighted gram-
mars. Modern deep learning libraries have incorporated differentiable finite-state operations: Torch-
Struct (Rushl 2020) provides GPU-accelerated structured prediction primitives, while differentiable
weighted finite-state transducers (Hannun et al.,2020) enable end-to-end training of speech recogni-
tion systems. LAST (Wu et al., [2023)) demonstrates scalable lattice-based speech modeling in JAX.
Our work builds on these foundations by implementing custom VJPs for DFA acceptance proba-
bility computation, though we find that the dense structure of tokenizer-aligned DFAs limits the
achievable speedups.

3 METHOD

We describe our custom forward-backward VIP for computing gradients of DFA acceptance proba-
bility in continuous diffusion language models. Our approach replaces PyTorch’s autograd tape with
analytic gradient computation, aiming to reduce memory traffic and enable kernel fusion.
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3.1 BACKGROUND: DFA ACCEPTANCE PROBABILITY

Given a tokenizer-aligned DFA A = (X, @, qo, 9, F') where X is the token vocabulary, () is the state
set, qo is the initial state, § is the transition function, and F' C @ is the set of accepting states. For
a length-L sequence with per-position token distributions pj (tok) produced by the diffusion model
decoder, the expected acceptance probability is:

Z =Es 11, pi [1[s € L(A)]] (1)
This is computed via the forward algorithm in the probability semiring. Define the transition matrix
My € RIQIIQ at position k where My[i,j] = 3 .s(ii0k)—; Pk(tok). The forward messages
oy, € RI9l are computed recursively:

ap =eq,, ar =M ap ©)

where e, is the one-hot vector for the initial state. The acceptance probability is Z = ) geF 0L (9).

3.2 BASELINE AUTOGRAD IMPLEMENTATION

The standard PyTorch implementation constructs M, matrices at each position and uses automatic
differentiation to compute gradients. This approach stores O(L x |Q|?) intermediate values on the
autograd tape, creating memory overhead and limiting kernel fusion opportunities. For tokenizer-
aligned DFAs with large edge sets, this becomes a significant bottleneck.

3.3 CusTOM FORWARD-BACKWARD VJP

Our custom autograd.Function computes gradients analytically using the forward-backward
algorithm, eliminating autograd tape storage. The backward messages (5, € RI%! are computed in
reverse:

Br(q) =1[g € F], Br—1 = My 3)
For each position k and token tok, the gradient of Z with respect to the token probability is:
07 ,
_— = _ . 4
By~ 2 i@ @) 4)
(¢—q")EE

where E is the set of DFA transitions. This arc posterior formulation allows computing gradients
by iterating over edges rather than storing intermediate matrices. Figure[T]illustrates the comparison
between the baseline autograd approach and our custom forward-backward VJP.

3.4 IMPLEMENTATION DETAILS

Our implementation includes several optimizations. For small-|Q| DFAs (|Q[?> < 200), we use
custom Triton kernels for transition matrix construction that fuse the gather-scatter operations. For
larger DFAs, we use PyTorch’s native scatter-add operations with pre-allocated buffers to avoid
repeated memory allocation. The implementation adaptively dispatches between these strategies
based on DFA size.

We maintain numerical stability by operating in log-space for the forward pass and converting to
probability space only for the final gradient computation. The backward pass reuses the forward
messages stored during the forward pass, requiring only O(L x |Q|) additional memory for backward
messages rather than O(L x |Q|?) for full transition matrices.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate our custom VJP implementation on PLAID 1.3B (Gulrajani & Hashimoto} 2023), a
continuous diffusion language model with 32,768 vocabulary size and 64-token sequence length.
We use DIFFINITY-style guidance (Kim et al.|[2026) with v = 2.5 and score temperature 0.9.
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Figure 1: Comparison of baseline autograd (left) and custom forward-backward VJP (right) for
computing gradients of DFA acceptance probability. The baseline relies on PyTorch’s autograd
tape to store intermediate matrices, while the custom VJP analytically derives gradients using the
forward-backward algorithm, eliminating tape storage.

Table 1: End-to-end step time (ms) and speedup comparison across methods, constraints, and batch
sizes. Best speedup per column in bold. Custom VJP achieves only 1.01-1.23 x step speedup, far
below the 3 target.

Batch Size 1 Batch Size 4
Method json_s jsonl nlpre nlbtw jsons jsonl nlpre nl-btw
Baseline A 92.7 95.8 100.7 979 93.6 994 1147 1278
Baseline B 90.7 91.9 94.1 95.8 90.8 97.7 116.0 1199

Custom VJP 83.3 834 93.4 97.0 87.7 86.5 96.8 97.9
Speedup (vs B)  1.09x 1.10x 1.01x 099x 1.04x 1.13x 1.20x 1.23x

We evaluate on four pre-registered constraint types spanning different DFA complexities: two JSON
schema constraints (json_smallest with 20 states and json_largest with 68 states) and two
natural language regex patterns (nl_prefix with 6 states and n1_between with 10 states). JSON
constraints use 256 denoising timesteps while NL regex constraints use 1024 timesteps. We test
batch sizes of 1 and 4, with timing averaged over 3 random seeds and satisfaction rates computed
from 50 samples per constraint.

We compare three methods: Baseline A (original autograd DP), Baseline B (torch.compile
with inductor backend, selected as the best-performing simple optimization), and Custom VJP (our
analytic forward-backward implementation). Our pre-registered targets were >3 x end-to-end step
speedup and >10x DFA subroutine speedup over Baseline B.

4.2 MAIN RESULTS

Table [I] presents the end-to-end step times and speedups across all configurations. The custom
VIJP achieves only 1.01-1.23x speedup over the torch.compile baseline, far below our 3x
target. The best speedup (1.23x) occurs on nl_between at batch size 4, while n1_between at
batch size 1 shows a slight slowdown (0.99 %), indicating that overhead can exceed gains in some
configurations.
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Figure 2: Time breakdown per guided denoising step comparing baseline autograd (left) and custom
VIJP (right) across four constraint types. DFA computation (forward + backward) accounts for 54—
59% of step time. The custom VJP achieves modest speedups (1.01-1.15x) at batch size 1.

Table 2: DFA statistics for each constraint type. Tokenizer-aligned DFAs are inherently dense, with
50-6,177 edges per state-pair, invalidating the sparse edge-list hypothesis.

Constraint States (|Q|) Edges (|E|) Density (|E|/|Q|*) Description

json_smallest 20 65,590 164.0 {"ok": truel|false}
json_largest 68 235,114 50.9 5-field string schema
nl_prefix 6 222,363 6,177 [A-Za-z ]*said...
nl_between 10 347,811 3478 ...know...will...

4.3 PROFILING ANALYSIS

Figure 2] shows the time breakdown per guided denoising step. DFA computation (forward + back-
ward) accounts for 57-59% of step time in the baseline, confirming that the DFA subroutine is
indeed the primary bottleneck rather than the PLAID denoiser. However, the custom VJP achieves
only modest reductions in DFA time, with the overall step time remaining similar between methods.

4.4 RoOT CAUSE: DENSE DFA STRUCTURE

Table [2| reveals the root cause of limited speedups: tokenizer-aligned DFAs are inherently dense.
Despite having only 668 states, these DFAs contain 65,590-347,811 edges, yielding densities of
50-6,177 edges per state-pair. This invalidates our sparse edge-list hypothesis—the transition matri-
ces are effectively fully dense, leaving little room for optimization beyond what torch.compile
already achieves.

The high density arises from tokenizer alignment: when a character-level DFA is converted to accept
token sequences, each state-pair must account for all tokens whose character sequences are valid
transitions. Natural language patterns with broad character classes (e.g., [A-Za—z ] ) result in
nearly every token being a valid transition from most states.

4.5 GRADIENT CORRECTNESS AND SATISFACTION

The custom VJP produces numerically identical gradients to the baseline autograd implementation,
with cosine similarity of 1.0 and relative L2 error of 1.7 x 10~°, validating our implementation
correctness.
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Table 3: Constraint satisfaction rates (%) comparing baseline and custom VJP. Rates are preserved
within sampling noise (n = 50 samples, 95% CI width ~8pp).

Constraint Baseline A Custom VJP A

json_smallest 98% 90% —8pp
json_largest 0% 0% Opp
nl_prefix 88% 88% Opp
nl_between 78% 78% Opp

Table [3| shows that constraint satisfaction rates are preserved within sampling noise. Three of four
constraints show identical rates (Opp change), while json_smallest shows an 8pp variation con-
sistent with the expected 95% confidence interval width for n = 50 samples.

5 CONCLUSION

We implemented custom forward-backward VJPs for DFA acceptance probability compu-
tation in continuous diffusion language models, achieving only 1.01-1.23x speedup over
torch.compile—far below our 3x target. The root cause is that tokenizer-aligned DFAs are
inherently dense (50-6,177 edges per state-pair), invalidating sparse optimization approaches. This
negative result suggests that future work on accelerating DFA-guided diffusion should explore alter-
native directions such as state-space reduction, approximate inference, or learned constraint repre-
sentations rather than gradient computation optimizations.
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