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Abstract

Diffusion language models generate text
through iterative denoising, allowing interme-
diate predictions to influence later denoising
steps, a recurring practice we call trajectory
self-feedback (TSF). TSF is adopted under in-
consistent terminology, evaluated on incom-
patible benchmarks, and studied by discon-
nected communities, yet no prior review char-
acterises it reproducibly. We present a sys-
tematic literature review under an evidence-
based methodology: six pre-specified ques-
tions, a documented six-library search with
snowballing, explicit selection and quality cri-
teria, and a structured synthesis of 24 primary
studies across seven clusters, with a released
audit trail. We find: (i) a model-agnostic tax-
onomy organises the reviewed mechanisms
into four operator families: Prediction-Space
Concatenation, Confidence-weighted Path Sig-
nals, Reward-Reinforced Conditioning, and
Correction-Targeted Feedback, which the litera-
ture often conflates as self-conditioning; (ii) ev-
idence of benefit is real but fragmented across
incomparable settings; (iii) within our search
window, no included study jointly varies the
TSF mechanism and measures factual faithful-
ness on knowledge-intensive tasks; and (iv) a
discrete/continuous asymmetry motivates an
untested sampling-wall hypothesis. We con-
clude with eight open problems, a dependency
map, and review-derived diagnostics (Commit-
ment Index, Correction Capacity) and a Stan-
dardised Evaluation Protocol (SEP-DLM) to
make TSF measurable across quality, correc-
tion, trajectory commitment, and faithfulness.

1 Introduction

Language models increasingly observe and revise
their own intermediate outputs without an external
judge. In autoregressive (AR) models this is a post-
hoc loop: self-refinement (Madaan et al., 2023) and
self-critique (Bai et al., 2022) re-read an output and
emit a revision, but left-to-right generation makes

early errors propagate irreversibly, so revision must
run externally; recent causal work frames this as
asymmetric attractor dynamics, where early tokens
anchor generation onto a consistent but wrong path
(Akarlar, 2026). In this paper, faithfulness refers
to factual accuracy or hallucination behaviour on
knowledge-grounded tasks; n-gram overlap, per-
plexity, and general fluency are treated as quality
metrics rather than factual-faithfulness measures.
We ask whether and how TSF— conditioning de-
noising on the model’s own prior prediction—has
been evaluated as a route to factual faithfulness in
diffusion language models.

Diffusion language models (DLMs) generate
text by iteratively denoising a complete parallel
sequence, so they observe the entire partial output
at every reverse step (Austin et al., 2021; Sahoo
et al., 2024; Nie et al., 2025). This permits intrinsic
self-feedback: each step conditions on the model’s
own previous prediction and may revise any posi-
tion before generation is final. The opportunity is
not uniform: discrete masked DLMs sample a hard
token each step, collapsing a distribution to a one-
hot choice and compounding errors downstream
(Duckworth et al., 2019; Jo et al., 2025; Hersche
et al., 2025), a bottleneck we call the sampling
wall (defined formally in §2.2). Continuous and
flow-matching models keep the sequence contin-
uous, preserving distributional uncertainty (Chen
et al., 2026; Jo and Hwang, 2025). The implica-
tions of this divide for self-feedback, correction,
and faithfulness are almost unexplored (Guo and
Tan, 2026). Regardless of family, a common prac-
tice has emerged: at reverse step t the model re-
ceives the noisy state xt and a function of its own
previous prediction x̃t+1. Introduced for images as
self-conditioning (Chen et al., 2022) and prefigured
in AR LMs by belief routing (Suau et al., 2021),
it now appears in DLMs under many names: text
generation (Mahabadi et al., 2023), post-training
adaptation (Cardei et al., 2026), few-step inference
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(Nguyen-Cong et al., 2026), planner-based decod-
ing (Peng et al., 2025b,a), error correction (Schiff
et al., 2026; Zhang et al., 2025; Kim et al., 2025),
and continuous flow models (Chen et al., 2026).
We adopt trajectory self-feedback (TSF) as the um-
brella term, distinct from conditioning on external
signals. This has created three disjoint sub-fields
that study TSF without citing one another: self-
conditioning/efficiency work evaluates perplexity
and n-gram quality, rarely hallucination; correction
work repairs code or synthetic corruptions without
connecting to trajectory-level failure; and hallu-
cination work studies trajectory failure in default
DLMs without varying the mechanism (§5).

Why a systematic review. Broad surveys of dif-
fusion and non-autoregressive text generation (Li
et al., 2023, 2025; Yu et al., 2025) provide hori-
zontal landscape maps, while AR self-correction
surveys such as Pan et al. (2024) address a different
feedback setting; none provides an auditable TSF-
specific denominator across DLM families. We
therefore adopt the Evidence-Based Software Engi-
neering systematic-review methodology (Kitchen-
ham et al., 2015, 2007) containing a pre-specified
review protocol, repeatable search, explicit cri-
teria, structured extraction, and threats analysis,
which turns “three communities do not talk” into
a reproducible finding and “no paper varies TSF
and measures faithfulness” into a falsifiable claim
with a documented denominator. Our contribu-
tions are: (1) a problem-driven SLR of TSF un-
der Kitchenham et al. (2015) comprising six pre-
specified RQs, a six-library search, a PRISMA flow
over 24 studies, and a released audit trail (§3); (2) a
model-agnostic taxonomy of four operator fam-
ilies across discrete, continuous, and flow DLMs
(§4); (3) a seven-dimension gap synthesis with
a per-study matrix (§5); (4) eight open problems
with a dependency map (§6); and (5) the CI/CCap
diagnostics and SEP-DLM (§7), together with a
released single-backbone reference run that instan-
tiates the protocol end to end as feasibility evidence
rather than broad validation.

2 Background

2.1 Diffusion language models

DLMs apply diffusion to text via a forward noising
process and a learned reverse denoiser; three fami-
lies scope this review. Discrete masked DLMs
make categorical per-step predictions: D3PM

(Austin et al., 2021) (structured/absorbing state pro-
cesses), SEDD (Lou et al., 2023) (score-entropy ra-
tios), MDLM (Sahoo et al., 2024) (single [MASK]
absorbing state, parallel decoding), and LLaDA
(Nie et al., 2025) (LLM scale). For post-corpus
context, LLaDA2.1 (Bie et al., 2026) studies faster
text diffusion via token editing; it post-dates the
corpus refresh and therefore does not alter any
operator-family assignment or corpus-level count.
Continuous text diffusion embeds tokens in RD,
adds Gaussian noise, and denoises before pro-
jecting: DiffuSeq (Gong et al., 2022) (seq-to-
seq), RDLM (Jo and Hwang, 2025) (Riemannian),
and LangFlow (Chen et al., 2026) (flow-matching
with a cross-entropy objective over noisy embed-
dings). Flow-based LMs learn a velocity field
from prior data: FLM/FMLM (Lee et al., 2026)
(flow-matching over one-hot, one-step distillation)
and DLM-One (Chen et al., 2025) (one-step dis-
tillation of continuous DLMs). At the paradigm
level, masked diffusion can outperform AR models
in data-constrained regimes through implicit data
augmentation over token orderings (Prabhudesai
et al., 2025), indicating that DLM advantages are
regime-dependent and motivate closer scrutiny of
where they hold.

2.2 The sampling wall

At each step, a standard masked diffusion language
model (MDLM) samples categorically, collapsing
the distribution to one hard token; a wrong sam-
ple passes collapsed one-hot evidence forward as
if correct, compounding error, which we call the
sampling wall. Architectural responses include
latent propagation (Jo et al., 2025), soft-masking
via embedding superposition (Hersche et al., 2025),
continuous/flow models that defer projection (Chen
et al., 2026; Lee et al., 2026), and draft-then-refine
remasking (Ma et al., 2026). This bears directly on
TSF: discrete MDLMs feed back a collapsed one-
hot sample, whereas continuous and flow models
carry a full distributional prediction. We state this
as a falsifiable conjecture, not an established result:

Sampling-wall hypothesis (Hwall). Hard cate-
gorical commitment in discrete MDLMs is a pri-
mary driver of the observed discrete/continuous
asymmetry in TSF effectiveness; softening that
commitment should reduce early trajectory com-
mitment and error amplification.

Epistemic status. Hwall is an untested correla-
tional interpretation: no included study isolates cat-
egorical commitment as the causal variable. We use
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it only to motivate falsifiable comparisons; down-
stream observations are described as consistent or
inconsistent with the hypothesis, not as evidence
that establishes it.

2.3 The self-feedback pattern
Let fθ be the denoiser. Without self-feedback
x̃t = fθ(xt, t, c) for external conditioning c (e.g.
a source sentence or a prepended AR plan); with
trajectory self-feedback,

x̃t = fθ(xt, t, c, g(x̃t+1, xt)) , (1)

where g is the self-feedback operator. The fed-back
x̃t+1 is a one-hot sample (discrete), an embedding
(continuous), or a velocity prediction (flow), so g
is realised differently across families even when
the pattern is identical; the choice of g defines the
mechanism family (§4). For families where g pro-
duces a distribution over token positions that mod-
ifies the unmasking schedule rather than entering
the denoiser directly (CPS, §4), Eq. (1) denotes a
generalised conditioning pattern: g maps (x̃t+1, xt)
to a signal st, which acts on the decoding schedule
rather than on fθ’s input; the operator boundary
is preserved. TSF is distinct from trajectory self-
distillation and external plan conditioning, which
fall outside Eq. (1) (boundary references, §8).

3 Review Methodology

We follow the three-phase evidence-based soft-
ware engineering (EBSE) process of Kitchenham
et al. (2015, 2007) for planning (research questions,
protocol), conducting (search, selection, quality
assessment, extraction, synthesis), and reporting,
along with PRISMA 2020 (Page et al., 2021) for
selection-flow reporting and Wohlin’s guidelines
(Wohlin, 2014) for snowballing. Because TSF is a
mechanism rather than an effect-size question, we
conduct a qualitative SLR with structured narrative
synthesis (justified in §3.7), not a meta-analysis.

3.1 Research questions
The review is organised around six pre-specified
questions:
RQ1 What forms of TSF exist across DLM fami-

lies, and can they be unified under one oper-
ator taxonomy?

RQ2 What evidence exists for TSF’s effect on
quality, efficiency, and error correction?

RQ3 How is TSF evaluated, and are results com-
parable across studies?

RQ4 Does TSF’s effect differ across discrete, con-
tinuous, and flow families?

RQ5 Has any study connected TSF design to
hallucination or faithfulness on knowledge-
intensive tasks?

RQ6 What diagnostics and protocols would make
TSF evidence comparable and cumulative?

RQ1 is addressed in §4; RQ2–RQ5 in §5; RQ6
in §7 (Review-Derived Evaluation Recommenda-
tions).

3.2 Search strategy
Sources. We searched six digital libraries: arXiv,
ACL Anthology, OpenReview, and Semantic
Scholar via API/import, and IEEE Xplore and
ACM Digital Library by manual search owing
to public API restrictions (Appendix B); DBLP
and Google Scholar were reserved for snowballing.
Database search window. January 2021 (D3PM
(Austin et al., 2021)) through March 2026. A
pre-camera-ready forward-snowballing refresh in
April 2026 identified SCMDM (Cardei et al., 2026),
which was screened under the same criteria and
added to the final corpus. Search string. From
a PICO decomposition (Population: diffusion lan-
guage models; Intervention: self-feedback; Out-
come: quality, correction, faithfulness), the canoni-
cal Boolean string was:

(diffusion) AND ("language
model" OR "text generation"
OR "sequence generation")
AND (self-condition* OR
self-feedback OR self-correct*
OR remask* OR "planner" OR
"trajectory" OR "intermediate
prediction" OR "denoising
feedback")

Library-specific adaptations are in Appendix A;
the string ran in a high-recall configuration, nar-
rowed downstream against the TSF-specific criteria
(§3.3).

Snowballing. One backward/forward itera-
tion (Wohlin, 2014) over studies passing screen-
ing. Seed-recall check. As a floor-level re-
trieval audit, we tested the complete six-library-
plus-snowballing pipeline against five foundational
papers that a viable search should recover: D3PM
(Austin et al., 2021), Analog Bits (Chen et al.,
2022), SEDD (Lou et al., 2023), MDLM (Sahoo
et al., 2024), and LLaDA (Nie et al., 2025). All five
were recovered (5/5). This small known-item set
is a sanity check, not a comprehensive estimate of
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Identification. Imported from 6 libraries
(4 via API, 2 manual): N = 1,595

After deduplication: 1,168

Title/abstract screened: 1,168

Full text assessed: 753

Final corpus: 24 primary studies

Excluded on T/A: 415
(NR/OOS/EC1)

Excluded at full text: 729
(logged per record)

Figure 1: PRISMA-style selection flow. The expanded
search is high-recall, so a large pool is narrowed to 24 pri-
mary studies. Title/abstract exclusions are coded by reason
(Table 3: no DLM/trajectory relevance, out-of-scope, im-
age/audio/video); the 729 full-text exclusions are recorded
individually in screening_sheet.csv. The 753-record
full-text pool includes candidates from one snowballing itera-
tion and the pre-camera-ready refresh.

recall, and is reported alongside the corpus’s strong
preprint and recency skew.

3.3 Inclusion Criteria (IC)

A study was included if it (IC1) concerned a
diffusion- or flow-based text/language model; (IC2)
introduced, used, analysed, or explicitly declined
a self-feedback mechanism in the sense of Eq. (1)
(or analysed the denoising trajectory bearing on
it); and (IC3) was archival or arXiv-deposited. It
was excluded if (EC1) image/audio/video diffusion
only; (EC2) autoregressive with no DLM compo-
nent (kept as related work); (EC3) a non-archival
abstract, tutorial, or blog post; (EC4) a superseded
duplicate; or (EC5) a survey (related work, §8).

3.4 Selection process

Figure 1 reports the PRISMA flow. The expanded
high-recall search yielded 1,595 imported records;
after de-duplication, 1,168 remained. Title/abstract
screening against IC1 to IC3 excluded 415: 290
had no DLM/trajectory-feedback relevance, 67
were otherwise out of scope, and 58 concerned
image/audio/video or non-language diffusion (Ta-
ble 3), leaving 753 records for full-text assessment.
This pool includes candidates surfaced by the doc-
umented backward/forward snowballing and pre-
camera-ready refresh. Full-text assessment ex-
cluded 729 records, each logged individually with
a recorded reason, yielding a final corpus of 24
primary studies.1

1The complete per-record log, per-library hit counts, and
exclusion codes are released in the replication repository and
summarised in Appendices B to F.

3.5 Quality assessment

Each study was scored on {0, 0.5, 1} against eight
criteria (Table 4) probing general rigour (QA1,
QA4, QA8) and TSF-specific reporting (QA2,
QA3, QA5 to QA7), using a written rubric with one
calibration example per level. Two reviewers inde-
pendently scored all 24 studies; quadratic-weighted
agreement averaged κw=0.89 (range 0.56–1.00
across criteria), lowest for QA7 and QA3, rec-
onciled to consensus (Appendix B). Scores ex-
pose reporting gaps (notably QA5/QA6) but do
not exclude studies. On the QA5 boundary:
PPL/MAUVE/BLEU alone score 0; hallucination
rate, FactScore (Min et al., 2023), or trajectory-
level AUROC on a knowledge task scores 1. QA6
scores 1 only for measured repair of injected or
natural errors, not mere quality gains. Per-study
scores: Appendix F.

3.6 Data extraction

We extracted seven aspects per study: cluster, self-
feedback form, measurement criteria, central hid-
den assumption, main blind spot, unresolved issues,
and QA score. One author extracted all studies, and
a second author independently re-coded the most
debatable field, operator family. Agreement was
κ=0.71 (raw 83%) before the decision rules of
Appendix C were formalised, the disagreements
concentrating on the PSC-vs.-subtype and CPS-vs.-
PSC boundaries, and κ=0.89 after re-coding.

3.7 Synthesis approach

We use structured narrative synthesis, recom-
mended for heterogeneous studies with incom-
mensurable outcomes (Kitchenham et al., 2015).
Meta-analysis is infeasible, which is itself a finding
(RQ3): the corpus spans PPL (Ren et al., 2023),
MAUVE (Pillutla et al., 2021), BLEU, pass@k,
foldability, AUROC, and ad hoc proxies with no
shared task or protocol. We synthesise by thematic
cluster (§5) and research question, culminating in
the open-problem formalisation (§6).

4 RQ1: A Taxonomy of TSF Mechanisms

We define a self-feedback operator as any map
g : (x̃t+1, xt) 7→ st producing the conditioning
signal st in Eq. (1). Its input x̃t+1 differs across
families (one-hot token, embedding, or velocity
prediction). The four families below cover the
mechanisms observed in the reviewed corpus un-
der our explicit decision rules; they are not a claim
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that all future TSF designs must belong to ex-
actly one of four closed-world categories (Table 1).
The same four families can also be recovered top-
down by crossing two design axes—what the feed-
back acts on, and how the fed-back prediction
is weighted—which additionally exposes empty,
open cells of the design space (Appendix C). We
scope the taxonomy to text/language DLMs (IC1);
self-conditioning in image diffusion (Xiang et al.,
2025) and belief routing in AR LMs (Suau et al.,
2021) share the loop on different signal spaces and
are treated as boundary references (EC1/EC2, §8).

Family 1: Prediction-Space Concatenation
(PSC). Analog Bits (Chen et al., 2022), TESS
(Mahabadi et al., 2023), SCMDM (Cardei et al.,
2026), LangFlow (Chen et al., 2026), LDDM (Jo
et al., 2025). PSC feeds the full previous prediction
back as denoiser input, st = concat(x̃t+1, xt). It
improves PPL and quality in continuous DLMs
(Chen et al., 2026), but in discrete MDLMs, it
improves quality metrics while slightly degrad-
ing PPL— a cross-family asymmetry that Hwall
could explain but that no included study causally
tests, and can hurt few-step (Nguyen-Cong et al.,
2026). Yet SCMDM’s post-training two-pass PSC
improves generative PPL (43 → 24, OpenWeb-
Text) (Gokaslan and Cohen, 2019), so outcomes
depend on the training regime (OP2, OP3), not the
family alone. Sub-type (soft-masking) (Hersche
et al., 2025): a confidence-weighted superposition
of mask and top-k embeddings lets partial hypothe-
ses propagate without collapse.

Family 2: Confidence-weighted Path Signals
(CPS). P2 (Peng et al., 2025b), PAPL (Peng et al.,
2025a). CPS turns confidence into a distribution
over token positions, st = softmaxτ (pθ(x̃t+1)),
where softmaxτ is a temperature-τ softmax over
token positions (low τ sharpens routing toward con-
fident positions), routing the unmasking planner
rather than entering the denoiser and decoupling
what is predicted from where it updates. This distin-
guishes CPS from PSC within the Eq. (1) schema:
the mapping g → st is the same; what changes
is whether st enters fθ as input (PSC) or modifies
the step-selection distribution (CPS). It improves
protein foldability and code pass@k (Peng et al.,
2025b) and text MAUVE/GenPPL (Peng et al.,
2025a). Calling CPS “self-conditioning” wrongly
conflates it with PSC.

Family 3: Reward-Reinforced Conditioning
(RRC). TREC (Liu et al., 2024). RRC currently
has one member in the reviewed corpus. We
retain it as a family because reward-scaling is a dis-
tinct axis of the top-down design space, not because
of instance count; the family would grow if reward-
or RL-from-feedback mechanisms are ported into
additional DLM training or decoding settings. RRC
weights feedback by an advantage estimate, st =
A(x̃t+1) · h(x̃t+1), upweighting informative sig-
nals; it prevents self-conditioning degradation in
training and eases the train–inference mismatch
(OP3). Unlike PSC it passes a reward-scaled rep-
resentation, which could, in principle, dampen er-
ror amplification in discrete models; this remains
untested.

Family 4: Correction-Targeted Feedback (CTF).
ProSeCo (Schiff et al., 2026), CDLM (Zhang et al.,
2025), PRISM (Kim et al., 2025). CTF pairs
x̃t+1 with an explicit error signal flagging likely-
wrong positions, st = (x̃t+1, et+1), learned via
mixture/joint losses or fine-tuning, to break the
wrong-prediction reinforcement loop. It improves
code-revision correction (Zhang et al., 2025),
GSM8K/code accuracy under refinement (Cobbe
et al., 2021; Schiff et al., 2026), and gives provable
guarantees under specific fine-tuning (Kim et al.,
2025).

Decision procedure and boundaries. Family as-
signment follows four ordered questions (full rules,
Appendix C): does g feed back the full prediction
as denoiser input (PSC); convert it into a distri-
bution over token positions that routes the plan-
ner (CPS); scale it by a reward/advantage estimate
(RRC); or pair it with an explicit error signal (CTF).
The hardest boundary in practice is CPS-vs.-PSC:
P2 (Peng et al., 2025b) reads as “self-conditioning,”
but its confidence signal selects which positions
unmask rather than entering the denoiser as in-
put, so it is CPS, not PSC (rule D2). Trajectory
self-distillation (T3D) and external plan condition-
ing fall outside Eq. (1) and are treated as bound-
ary references (§8). Hybrid operators that com-
bine channels (e.g. RemeDi (Huang et al., 2025))
are assigned by the primary channel on which the
training loss is computed, with auxiliary channels
recorded as annotations (Appendix C).
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Family Instantiations Signal space Used for Known benefit Known failure

PSC Analog Bits, TESS,
SCMDM, LangFlow,
LDDM

Full prediction
(one-hot or em-
bedding)

Quality Helps continuous
DLMs; discrete PPL
regime-dependent

Wall amplification;
degrades few-step
(Nguyen-Cong et al.,
2026)

PSC sub-
type: SM

Soft-Masked DLM Continuous
embedding super-
position

Sampling-
wall
mitigation

Removes hard-
commitment error
in discrete

Studied only in dis-
crete; no faithfulness
eval (Hersche et al.,
2025)

CPS P2, PAPL Confidence dist.
over positions

Path rout-
ing

Improves plan-
ning/alignment

No faithful-
ness/correction
eval (Peng et al.,
2025b,a)

RRC TREC Reward-weighted
signal

Conditioning
stability

Prevents train.
degradation

Seq2seq only; correc-
tion unstudied (Liu
et al., 2024)

CTF ProSeCo, CDLM,
PRISM

Prediction + error
signal

Error cor-
rection

Improves correction
on code/math

Code/synthetic
only; no factual QA
(Zhang et al., 2025;
Schiff et al., 2026)

Table 1: Taxonomy of TSF operator families (RQ1). All four families improve their target metric; none has been
evaluated for faithfulness on knowledge-intensive tasks. “Self-conditioning” denotes PSC-type mechanisms; CPS,
RRC, and CTF are distinct operator families and should not be labelled self-conditioning. Per-study conditions,
references, and metrics are in Table 8 and §5; we do not pool effect sizes because the setups are incommensurable
(RQ3), so benefit/failure entries are directional rather than meta-analytic estimates.

5 Findings: Cross-Cluster Synthesis

We synthesise by the seven thematic clusters that
emerged during extraction (gap matrix, Appendix
Table 9); RQ2–RQ5 are answered cumulatively.
The cross-cluster tensions the clusters expose when
read together—quality-optimising work (C2/C3)
measuring something other than factual failure
(C5), and correction work (C4) tested almost
only on discrete code/math—are discussed in Ap-
pendix F.

C1: Foundational DLMs (no TSF). Founda-
tional models (Austin et al., 2021; Gong et al.,
2022; Lou et al., 2023; Sahoo et al., 2024; Nie
et al., 2025) largely omit self-feedback at training
(it complicates the ELBO); MDLM declines self-
conditioning and LLaDA only remasks at inference.
Their shared assumption, i.e. independent-step op-
timality, is refuted by PAPL (Peng et al., 2025a),
which shows the MDLM ELBO is invalid under
planned inference.

C2: Self-conditioning & efficiency. These stud-
ies (Chen et al., 2022; Mahabadi et al., 2023;
Liu et al., 2024; Nguyen-Cong et al., 2026; Her-
sche et al., 2025; Cardei et al., 2026) define self-
conditioning differently and report incomparable
metrics; none measures hallucination or correction
(RQ5). LangFlow (Chen et al., 2026) shows PSC
helps continuous DLMs on PPL and quality but

discrete ones only on quality. This pattern is con-
sistent with Hwall but does not identify categorical
commitment as its cause (RQ4). No study eval-
uates all four families under matched conditions
(RQ2, RQ3).

C3: Planner-aware decoding. P2 (Peng et al.,
2025b) and PAPL (Peng et al., 2025a) treat unmask-
ing order as a first-class object and show standard
training is misspecified for planned inference, but
neither asks whether planned trajectories are more
faithful nor frames its confidence routing as CPS
feedback (RQ1). A training-free external counter-
point, plan conditioning (Sauver, 2026), prepends
an AR plan for large reasoning gains (GSM8K
75.6→87.2, LLaDA-8B; same backbone and eval-
uation setting, so the number is best read as a
within-backbone plan-conditioning gain rather than
a general DLM-vs.-AR comparison) but conditions
on another model rather than the DLM’s own tra-
jectory, so it bounds what TSF must beat while
lying outside the definition (§8).

C4: Correction & revision. These studies
(Zhang et al., 2025; Schiff et al., 2026; Kim et al.,
2025) show correction is trainable but share three
limits: non-overlapping benchmarks (RQ3), syn-
thetic rather than naturalistic corruption (RQ5), and
no link to trajectory dynamics; all study discrete
MDLMs only (RQ4).
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C5: Hallucination & faithfulness. TraceDet
(Chang et al., 2025), DynHD (Qian et al., 2026),
and Lost in Diffusion (Guo and Tan, 2026) show
DLM trajectories carry exploitable structure and
DLM-specific failures (premature termination, con-
text intrusion) absent from AR LMs, but none
varies the self-feedback mechanism, so they cannot
say whether any TSF family helps (RQ5). Post-
corpus work has begun to move from trajectory di-
agnosis toward intervention: OSCAR (Shah et al.,
2026a) uses disagreement across parallel denoising
chains to localise uncertainty and trigger targeted
remasking for hallucination mitigation. Because
its cross-chain signal and correction stage do not
instantiate the per-step TSF operator in Eq. (1), we
treat it as adjacent trajectory-control work rather
than part of the systematic corpus.

C6: Continuous & flow LMs. LangFlow (Chen
et al., 2026), RDLM (Jo and Hwang, 2025),
FLM/FMLM (Lee et al., 2026), and DLM-One
(Chen et al., 2025) are assessed on quality and
speed, not correction, commitment, or hallucina-
tion (RQ4, RQ5). Their continuous/flow state rep-
resentations avoid the hard categorical commitment
posited by Hwall, but whether this causes different
TSF behaviour is untested.

C7: Sampling-wall mitigation. LDDM (Jo
et al., 2025) and Soft-Masked DLM (Hersche et al.,
2025) target the wall via latent propagation and soft-
masking, reporting iso-compute quality gains but
measuring neither correction nor faithfulness, leav-
ing the central hypothesis untested (RQ4, RQ5).

The cross-cutting finding (RQ5). Aggregating
QA5 yields the central, falsifiable result: within our
search window (Jan 2021–Mar 2026), no included
study varies the self-feedback mechanism and mea-
sures faithfulness on a knowledge-intensive task.
Of the 24 studies, 0 both vary TSF and report a
faithfulness metric (FactScore, hallucination rate,
or factual QA (Thorne et al., 2018); see §1 for the
full definition); 3 report faithfulness without vary-
ing TSF (the C5 studies); 3 report correction with-
out faithfulness (the CTF studies; Table 8). The
released matrix makes the strict claim auditable:
one counterexample within the stated definition
would falsify it. The denominator is auditable by
sub-field and venue (Appendix F).

Faithfulness-boundary sensitivity. The intersec-
tion is definition-dependent: 0/24 under the Strict
factual definition used for RQ5, 1/24 if functional

correctness (pass@k, foldability) is admitted, and
8/24 if PPL-family quality proxies are admitted.
The zero-count headline is therefore specifically
a factual-faithfulness result and should not be
conflated with the broader readings; the domain-
separated breakdown is in Appendix F (Table 10).

6 Eight Open Problems

The synthesis crystallises into eight interlocking
open problems.
OP1 (Definition). No shared definition; four
mechanisms collapse under “self-conditioning,”
making comparison unreliable.

OP2 (Theory). No predictive theory of when TSF
helps: PSC helps continuous but only partly dis-
crete (Chen et al., 2026), fails few-step (Nguyen-
Cong et al., 2026), and can degrade in training (Liu
et al., 2024).

OP3 (Train–inference mismatch). TREC, Fast-
DiSS, P2, and PAPL each address a version with-
out recognising it as shared; a unified measure is
needed.

OP4 (Correction capacity). CDLM, ProSeCo,
and PRISM use incompatible setups; a shared met-
ric spanning code, text, and factual QA is needed.

OP5 (Trajectory commitment). AR attractor dy-
namics (Akarlar, 2026) have no DLM analogue;
a commitment measure must be defined and vali-
dated.

OP6 (Faithfulness). TSF and faithfulness are en-
tirely decoupled (RQ5), the most consequential
gap.

OP7 (Continuous/flow coverage). Correc-
tion/hallucination work is almost entirely discrete;
generalisation to continuous/flow LMs is untested.
Hwall provides one falsifiable prediction for such
comparisons but is not itself established evidence.

OP8 (Standardisation). Incommensurable met-
rics (PPL, MAUVE, BLEU, pass@k, foldability,
AUROC) make cross-paper claims impossible with-
out a standard protocol.

Dependency map. The problems are ordered
(Figure 2): OP1 precedes OP2; OP2/OP3 set the
design space for OP4/OP5; OP4/OP5 are the diag-
nostics for OP6; OP7 requires OP4/OP5 resolved
for discrete DLMs first; and OP8 supplies measure-
ment infrastructure throughout — roadmap OP1 →
OP8 → OP2/OP3 → OP4/OP5 → OP6 → OP7.
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7 Review-Derived Evaluation
Recommendations

To address OP4–OP6 and OP8 we propose two di-
agnostics and a protocol as review-derived measure-
ment recommendations, not validated standards
(OP1’s shared vocabulary is the taxonomy of §4).
A released LLaDA-3B/PopQA reference run (§7.4;
Appendix D) demonstrates that the full protocol
can be instantiated end to end on one backbone; it
establishes feasibility, not general validity.

7.1 Commitment Index (OP5)
Definition 1 (Commitment Index). Fix a denoiser
fθ and a reference run that generates x⋆ with self-
feedback active throughout (SCon). The Commit-
ment Index at step t0 is the expected divergence
of the final output when, at step t0 only, the self-
feedback signal is ablated and the state perturbed:

CI(t0) = Eδ

[
Dedit

(
yref, y(xt0+δ, SCoff@t0)

)]
,

(2)

where δ ∼ N (0, σ2I) and yref is the reference
decode; the counterfactual ablates only st0 and
perturbs xt0 before SCon resumes. High CI means
strong commitment; the curve CI(t) tests whether
discrete models commit earlier than continuous
ones (OP7). Perturbation scale, Dedit, and channel-
only ablation are in Appendix E.

7.2 Correction Capacity (OP4)
Definition 2 (Correction Capacity). Given evalua-
tion examples with ground truth x⋆, each corrupted
to xcorrupt at error rate ϵ, the Correction Capacity
at budget K is

CCap(ϵ,K) = E
[
∆correct −∆regress

ϵ · |x⋆|

]
, (3)

where ∆correct,∆regress count repaired and newly-
broken positions within K steps. Positive CCap
denotes net repair. Under this normalisation the
upper value is bounded by complete repair of the
injected corruption, but the lower tail is not strictly
bounded at −1: refinement can break positions that
were originally correct. We therefore report lexical
and semantic corruption separately over ϵ and K;
full protocol is in Appendix E.

7.3 SEP-DLM (OP8)
The Standardised Evaluation Protocol for DLMs
specifies four axes any study claiming a TSF ef-
fect should report (Table 11): generation quality,

correction capacity, trajectory commitment, and
faithfulness, so a gain on one axis can be weighed
against a cost on another, enabling the cross-paper
comparison RQ3 shows is impossible today. We
also recommend iso-compute comparison: two-
pass families (PSC, CTF) need two forward passes
per step and must be matched on total FLOPs, not
optimisation steps (Hersche et al., 2025); the full
compute-accounting rules, and a reporting check-
list, are given in Appendix E, together with the
rationale tying each axis to a failure mode the syn-
thesis surfaced.

7.4 Reference feasibility run

In response to the review request to instantiate
the proposed instruments, we ran SEP-DLM on
LLaDA-3B (Nie et al., 2025) over 400 PopQA ex-
amples (Mallen et al., 2023). The remasking de-
coder and unmasking schedule are held fixed while
only feedback strength is varied. At the endpoint
comparison, TSF-on vs. TSF-off gives generative
PPL 164.9 vs. 610.3, factual accuracy 0.220 vs.
0.098, token-F1 0.127 vs. 0.041, and hallucination
rate 0.780 vs. 0.903. Accuracy rises and hallu-
cination falls monotonically across the released
strength sweep (Appendix D). The same run in-
stantiates CI with a hard-flip intervention (AUC
≈ 0.12) and CCap with semantic (≈ 0.13) and lex-
ical (≈ 0) corruption. Code and per-axis logs are
released alongside the audit trail. This is a feasibil-
ity demonstration: one backbone, one dataset, and
N=400 do not validate CI, CCap, or SEP-DLM
generally. Bootstrap confidence intervals were still
pending in the rebuttal release; we therefore make
no significance claim from these point estimates or
from monotonicity alone.

7.5 A research agenda

The reference run closes the narrow can SEP-
DLM be executed end to end? question for
one mechanism, but not the family-comparison
agenda. The highest-priority remaining study
(closing OP6) is to simultaneously vary TSF fam-
ily (PSC/CPS/RRC/CTF/none) and measure fac-
tual faithfulness on a knowledge-intensive task
under SEP-DLM, on one backbone across T ∈
{256, 32, 8}. Three follow: cross-backbone
validation of CI (including comparison to AR
bifurcation/activation-patching (Akarlar, 2026));
a cross-domain CCap benchmark for controlled
CDLM/ProSeCo/PRISM comparison (OP4); and
a discrete-vs.-continuous-vs.-flow test of Hwall
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(OP7). Until these run, family-general faithfulness
and diagnostic-validity claims remain open.

8 Related Surveys

Table 12 (Appendix G) compares this survey
against five adjacent surveys with explicit scope
decisions. Li et al. (2023), Li et al. (2025),
and Yu et al. (2025) map broad diffusion/non-
autoregressive text or DLM landscapes without
systematically isolating trajectory feedback, and
Pan et al. (2024) concerns AR/post-hoc correction;
ours is vertical by comparison: one mechanism
examined across all three DLM families with an
auditable denominator. The remaining adjacent lit-
erature is cited as boundary references fixing the
scope of intrinsic, per-step TSF: AR self-feedback
(Madaan et al., 2023; Bai et al., 2022; Zelikman
et al., 2022) and AR trajectory commitment (Akar-
lar, 2026), which supplies the diagnostic template
adapted in §7; post-hoc AR self-judging (Lu et al.,
2024; Wu et al., 2026); and trajectory control in
image diffusion (Kim et al., 2023; Wu et al., 2025).
Two adjacent DLM works fall outside Eq. (1)—
T3D (Zhang et al., 2026) uses rollouts as a distil-
lation teacher rather than a per-step operator, and
plan conditioning (Sauver, 2026) prepends an ex-
ternal AR plan as context c—as does Multi-Path
Discrete Consistency (Amin et al., 2026), whose
“CDLM” is distinct from the Corrective DLM of
Zhang et al. (2025).

9 Conclusion

Reviewing 24 studies under Kitchenham et al.
(2015), we identified TSF in seven clusters and
three non-communicating communities, with a
strict factual-faithfulness gap: no included primary
study jointly varies self-feedback and measures
factual faithfulness on a knowledge-intensive task.
The four families cover the reviewed corpus un-
der explicit rules, not all future TSF designs. Our
taxonomy, eight open problems, diagnostics (CI,
CCap), and SEP-DLM aim to make evidence cu-
mulative and comparable; the released pilot shows
the protocol is executable, leaving broad validation
and family-level comparisons open.

Limitations

Our conclusions are bounded by the database-
search window (January 2021 to March 2026), the
inclusion criteria (archival text-DLM papers with a

per-step self-feedback component), reliance on re-
cent preprints (22 of 24 studies are arXiv-indexed),
and the interpretive nature of operator-family cod-
ing. These affect coverage and generalisability
rather than the logical structure of the taxonomy or
the falsifiability of the gap claim, which is one
of absence of evidence and is refuted by a sin-
gle counterexample checked against the released
denominator (Appendices B to F). Methodologi-
cal limits are detailed by category in Appendix H.
Three further limits bound our conclusions. First,
the corpus is dominated by English, code, and
synthetic tasks, so the faithfulness gap may un-
derstate failures on languages and domains absent
from the included benchmarks; SEP-DLM should
therefore specify multilingual, diverse-knowledge
benchmarks (App. E). Second, several continu-
ous/flow checkpoints lack public implementations,
so the agenda of §7.5 is easier to run on discrete
MDLMs—risking reinforcement of the very asym-
metry we criticise—and presumes compute not all
groups have. Third, promoting TSF as a reliabil-
ity intervention before faithfulness is measured is
risky: a mechanism that improves fluency while
leaving factual error unchanged would look like
progress under today’s metrics and could amplify
confident hallucinations, which is why SEP-DLM
mandates a faithfulness axis alongside quality and
correction. The pilot is one feasibility measure-
ment, not evidence that SEP-DLM or any TSF fam-
ily reliably improves factuality; its point estimates
lack bootstrap confidence intervals and need repli-
cation across backbones, tasks, and families.

Ethical considerations

All experiments used publicly available datasets
with appropriate licensing and data privacy. The
released review artifacts (search log, screening
sheet, per-rater quality sheets, extraction matrix,
and the CI/CCap reference implementation) are
distributed under CC BY 4.0; third-party scholarly
artifacts are used in accordance with their platform
terms. AI assistance was used for writing clarity
only; the authors reviewed all such edits and remain
accountable for the final content and conclusions.
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A Library-Specific Search Strings

The canonical Boolean string (§3.2) was adapted
per library: arXiv (all: field, cs.CL/cs.LG cat-
egories); ACL Anthology (full-text); OpenReview
(venue-scoped to ICLR/NeurIPS/ICML/*ACL
2021–2026); IEEE Xplore and ACM DL (meta-
data + abstract, manual); Semantic Scholar (API,
restricted to Computer Science, years 2021–2026).
Wildcards (*) were expanded where a library
lacked stemming. Forward/backward snowballing
used Semantic Scholar and DBLP citation graphs
over the studies that passed screening.

Post-corpus context. Works not entering the
final systematic corpus because they fall outside
Eq. (1) or appeared after the corpus refresh may
be discussed as boundary or follow-up references
where relevant; they do not alter the screening
counts, quality assessment, or corpus-level find-
ings.

B Search Log, Exclusion Breakdown, and
Coding Reliability

This appendix releases the audit trail summarised
in §3. The complete per-record log (titles,
sources, screening decisions), the per-rater
quality sheets, and the machine-readable ex-
traction matrix are provided in the anonymised
replication repository2 (search_log.csv,
screening_sheet.csv,
qa_rater1.csv, qa_rater2.csv,
extraction_matrix.csv); the tables
below summarise them.

Per-library hit counts. Table 2 reports imported
records per library for the canonical string (§3.2,
executed March 2026 in the expanded high-recall
configuration). IEEE Xplore and ACM Digital Li-
brary were searched manually owing to public API
restrictions: IEEE returned no importable records,
and ACM’s 45 manual hits were checked against
the included set but not imported into the auto-
mated deduplication pipeline. Cross-library over-
lap accounts for the reduction from 1,595 imported
records to 1,168 unique records after deduplication.

Exclusion breakdown. Title/abstract exclusions
are coded by reason in Table 3. The domi-
nant category is database hits that were diffusion-
or language-model adjacent but contained no

2https://github.com/coral-lab-asu/
Self_Trajectory_DLM.git

Library Imported

arXiv (cs.CL/cs.LG) 635
Semantic Scholar (CS, 2021–2026) 491
OpenReview (ICLR/NeurIPS/ICML/*ACL) 413
ACL Anthology (full-text) 56
IEEE Xplore (manual; none importable) 0
ACM Digital Library (manual; not imported)† (45)

Total imported 1,595
Unique after deduplication 1,168

Table 2: Per-library imported counts (Figure 1 identi-
fication stage). †ACM’s 45 manual hits were screened
against the included set but not imported into the auto-
mated deduplication pipeline, so they are excluded from
the 1,595 total.

self-feedback or trajectory component, consis-
tent with the deliberately high-recall search.
The 729 full-text exclusions were recorded in-
dividually during human full-text curation in
screening_sheet.csv rather than aggre-
gated into categories.

Title/abstract exclusion reason n

No DLM / trajectory-self-feedback relevance (NR) 290
Outside scope after title/abstract (OOS) 67
Image/audio/video or non-language diffusion (EC1) 58

Total excluded at title/abstract 415

Table 3: Coded reasons for title/abstract exclusion,
keyed to Figure 1; counts are drawn from the released
screening_sheet.csv.

Table 3 reports exclusions made from ti-
tle/abstract information only; full-text exclusions
were assessed across the remaining 753 records.

ID Quality criterion (scored 0/0.5/1)

QA1 Are the aims / research questions clearly stated?
QA2 Is the self-feedback mechanism g precisely defined?
QA3 Is there a baseline or ablation isolating the TSF

effect?
QA4 Are tasks, datasets, and metrics described repro-

ducibly?
QA5 Is faithfulness / hallucination measured?
QA6 Is correction capacity measured?
QA7 Is the family scope (discrete/cont./flow) stated, and

is cross-family generality discussed?
QA8 Are limitations / threats to validity discussed?

Table 4: Quality-assessment checklist applied to all 24
primary studies (§3.5).

Coding reliability. Title/abstract filtering was
performed as an automated pre-screen over the
1,168 deduplicated records and is therefore not
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reported as a human inter-rater reliability statis-
tic. Human reliability is reported for the final 24-
study quality-assessment stage, where two review-
ers independently scored all 24 studies on the eight
criteria: quadratic-weighted agreement averaged
κw=0.89 (range 0.56–1.00 across criteria), low-
est for QA7 (cross-family generality) and QA3
(baseline/ablation isolation); the high agreement
on QA5/QA6 reflects their near-constant (predom-
inantly zero) distributions and should be read ac-
cordingly. Operator-family assignment, the most
debatable extraction field, reached κ=0.71 before
the decision rules of Appendix C were formalised
and κ=0.89 after re-coding. Agreement was low-
est on QA3 — whether a study reports a baseline
or ablation that isolates the TSF effect — because
judging whether a comparison genuinely isolates
the mechanism, rather than confounding it with
training regime or step budget, requires interpre-
tive judgement. The QA rubric used one calibra-
tion example per level (0/0.5/1) per criterion; the
rubric and adjudicated examples are in the released
repository. All residual disagreements were rec-
onciled to consensus before the scores reported in
Appendix F.

C Operator-Family Decision Rules

Assignment to a TSF operator family (§4) follows
the ordered decision procedure below, applied to
the self-feedback operator g of Eq. (1). The first
matching rule wins; ties are broken by the signal
on which the training loss is computed.

Top-down design space. The corpus-derived
families can also be recovered by crossing two de-
sign axes: what the feedback acts on (the denoiser
input vs. the step-selection distribution) and how
the fed-back prediction is weighted (raw, reward-
scaled, or error-paired). Raw feedback yields PSC
when it enters the denoiser and CPS when it routes
step selection; reward scaling yields RRC on the
denoiser-input side and an empty, open RL-routing
cell on the step-selection side; error pairing yields
CTF on the denoiser-input side and a hybrid rout-
ing/correction cell exemplified by RemeDi-like op-
erators. Empty cells, new weighting modes, and
genuinely co-equal multi-channel operators there-
fore extend the design space rather than being
forced into an existing family. The ordered assign-
ment rules below and Appendix C operationalise
this mapping for the reviewed corpus.
D1 Does g feed back the full previous prediction

x̃t+1 (one-hot, simplex, or embedding) as de-
noiser input, with no reward or explicit error
channel? ⇒ PSC. If the fed-back signal is a
confidence-weighted superposition designed
to avoid hard commitment ⇒ PSC sub-type
(soft-masking).

D2 Does g convert the prediction into a distribu-
tion over token positions used to route or plan
unmasking, rather than as denoiser input? ⇒
CPS.

D3 Does g scale the fed-back signal by a re-
ward/advantage estimate? ⇒ RRC.

D4 Does g pass an explicit error signal et+1 flag-
ging likely-wrong positions alongside the
prediction? ⇒ CTF.

D0 If none applies, the study uses no TSF (default
denoising).

Table 5 records the cases that triggered rater
disagreement and their adjudication; these are the
cases that motivated D1–D4 and drove the post-
formalisation agreement from κ=0.71 to 0.89 (Ap-
pendix B).

Study Candidates Resolution (rule)

Soft-
Masked

PSC vs sub-
type

Sub-type: superposition
avoids hard commitment
but keeps PSC operator
structure (D1)

P2 CPS vs PSC CPS: confidence routes po-
sitions, not used as de-
noiser input (D2)

TREC RRC vs PSC RRC: feedback is reward-
scaled, not the raw predic-
tion (D3)

SCMDM PSC vs CTF PSC: two-pass self-
conditioning, no explicit
error channel (D1)

PAPL CPS vs none CPS: planner weighting
is confidence-derived rout-
ing (D2)

Table 5: Adjudicated borderline operator-family assign-
ments.

Hybrid and multi-channel operators. Some op-
erators combine channels. RemeDi (Huang et al.,
2025) jointly predicts a token distribution and
a per-token confidence score and remasks low-
confidence tokens: the confidence head routes
which positions are revisited (CPS-like) while re-
masking targets likely-wrong tokens (CTF-like).
We assign such operators by their primary chan-
nel which is the signal on which the training loss
is computed, while recording auxiliary channels
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as annotations; an operator that genuinely fuses
two channels with co-equal losses extends the tax-
onomy as an ordered (primary, auxiliary) pair to
which D1–D4 apply. We cite RemeDi here only
to illustrate a hybrid boundary: it is not one of
the 24 primary-study rows in Table 8, so we do
not assign it a QA score or use it in corpus-level
denominators.

D SEP-DLM Reference Feasibility Run

The rebuttal reference run uses LLaDA-3B (Nie
et al., 2025) on N=400 PopQA examples (Mallen
et al., 2023). The decoder’s remasking/unmasking
schedule is shared by the strength-0 and strength-1
endpoints; the manipulated quantity is feedback
strength. This controls the decoder schedule within
the pilot, but does not make the result a general
causal claim across models or datasets.

Metric TSF on TSF off ∆

Generative PPL ↓ 164.9 610.3 −445.4
Factual accuracy ↑ 0.220 0.098 +0.123
Token-F1 ↑ 0.127 0.041 +0.086
Hallucination rate ↓ 0.780 0.903 −0.123

Table 6: Single-backbone SEP-DLM feasibility run
(LLaDA-3B/PopQA, N=400). Values are point esti-
mates and are not presented as a validated benchmark
or significance result.

Feedback strength 0.00 0.25 0.50 0.75 1.00

Accuracy 0.090 0.175 0.180 0.200 0.210
Hallucination rate 0.910 0.825 0.820 0.800 0.790

Table 7: Feedback-strength sweep with the decoder
schedule held fixed. The monotone pattern is suggestive
but is not used as a substitute for statistical uncertainty.

Diagnostic instantiation. The run instantiates
Commitment Index with a hard-flip intervention
(force a wrong token and measure subsequent revi-
sion), yielding hard-flip AUC ≈ 0.12. A σ sweep
found CI nearly flat over the tested perturbation
magnitudes, which is why we remove the earlier
universal 0.5-nat recommendation. Correction Ca-
pacity uses lexical token swaps and type-matched
semantic substitutions from the knowledge-base
distractor set, yielding CCap ≈ 0 for lexical and
CCap ≈ 0.13 for semantic corruption. Code and
per-axis logs are released alongside the review arti-
facts.

Uncertainty and scope. At the end of the rebut-
tal period, bootstrap confidence intervals for these
pilot outputs had not been finalised. We therefore
preserve the run as a check of end-to-end feasibil-
ity and report no formal significance claim. The
one-backbone, one-dataset, N=400 design is insuf-
ficient to validate CI, CCap, or SEP-DLM outside
this setting; replication with confidence intervals
and controlled cross-family runs remains part of
the research agenda.

E Diagnostic Protocols

This appendix specifies the implementation choices
that make the Commitment Index (CI, §7) and Cor-
rection Capacity (CCap) reproducible across labs;
a reference implementation with these defaults and
fixed seeds is released.

CI operationalisation. Three choices must be
reported. (i) Intervention and perturbation. We
do not prescribe a universal KL target. In a dis-
crete MDLM, the reference feasibility run uses
a hard-flip intervention—force an incorrect token
at the chosen step and measure whether the later
trajectory revises it—together with a reported σ
sweep in the native pre-softmax signal space. CI
was nearly flat across the tested σ settings, so the
rebuttal result does not support the earlier arbitrary
0.5-nat recommendation. Continuous/flow studies
should analogously calibrate and report a family-
appropriate perturbation sweep rather than inherit
a fixed constant. (ii) Dedit is the token-level Leven-
shtein distance after greedy decode, normalised by
max(|yref|, |y|) so that Dedit∈ [0, 1]; sequences are
length-aligned by the standard edit-distance align-
ment, not by position. (iii) Toggling ablates only
the self-feedback channel st0 (Eq. (1)) while leav-
ing xt0 , context c, and all other steps untouched,
so that CI reflects the intended intervention rather
than unrelated decoder changes. Future validation
runs should report CI(t) with bootstrap confidence
intervals over paired examples/seeds.

Cross-family use. The reference run below in-
stantiates CI on one discrete backbone, but it does
not test Hwall. A future matched-compute compari-
son of discrete and continuous/flow models would
test the hypothesis directly: earlier commitment in
the discrete model would be consistent with Hwall,
whereas the opposite ordering would falsify that
prediction.
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CCap corruption protocol. Comparability re-
quires fixing the corruption process, the ground-
truth alignment, and the uncertainty estimate.
Report CCap under two corruption families
separately, as they probe different repair abili-
ties: lexical corruption (random token substitu-
tions/deletions at rate ϵ; the pilot uses token swaps,
diagnosing surface-level repair) and semantic cor-
ruption (replacing a span with a plausible but factu-
ally wrong, type-matched alternative from the un-
derlying knowledge-base distractor set, diagnosing
knowledge-grounded repair). Positions are aligned
to x⋆ by the same edit-distance alignment used for
CI; a position counts as repaired only if it matches
x⋆ after K steps and as regressed only if a posi-
tion that matched x⋆ no longer does. Report CCap
as a curve over ϵ ∈ {0.05, 0.1, 0.2} and budgets
K ∈ {4, 8, 16} with bootstrap confidence intervals
over seeds, so repair behaviour reads as a function
of corruption severity and compute rather than a
single point estimate.

Compute accounting. To prevent iso-compute
disputes, report effective decoding cost as (for-
ward passes per step) × (steps T ) × (per-pass
FLOPs), and compare methods at matched totals:
two-pass PSC/CTF variants are compared at T/2
steps (or the baseline re-run at 2T ), planner-based
CPS counts its per-step routing cost, and flow/one-
step models report passes for their actual schedule
(e.g. T=1 for distilled maps). Because FLOPs
miss some bottlenecks (e.g. memory bandwidth),
also report wall-clock and peak memory, and count
any cached or partially-reused pass by its reused
fraction rather than as a full second pass. A report-
ing checklist is in Appendix E. Recent post-corpus
evaluation work reinforces this need: CaRE (Shah
et al., 2026b) standardises actual numbers of func-
tion evaluations (NFE), multi-metric reporting, and
sampling stochasticity for masked-DLM remasking
comparisons, complementing SEP-DLM’s broader
quality, correction, commitment, and faithfulness
axes.

Rationale for the axes. Each axis targets a fail-
ure mode the synthesis surfaced: quality pairs
GenPPL with MAUVE (the premature-termination
and degeneration modes of C5, Chang et al., 2025;
Guo and Tan, 2026); correction (CCap) opera-
tionalises C4; commitment (CI) targets early lock-
in; and faithfulness (hallucination rate, FactScore)
is the axis QA5 shows is never measured while
varying TSF (RQ5). The axes are orthogonal, so a

gain on one cannot mask a regression on another,
with recommended metrics and benchmarks in Ta-
ble 11 (Appendix E).

Reporting checklist. A study claiming a TSF
effect should report, under SEP-DLM: (1) the
operator family (PSC/CPS/RRC/CTF/none) and
the primary/auxiliary channels of g; (2) all
four axes — quality (GenPPL, MAUVE), cor-
rection (CCap), commitment (CI), and faithful-
ness (hallucination rate, FactScore); (3) the three
compute-accounting numbers (passes/step ×T×
per-pass FLOPs), plus wall-clock and peak mem-
ory and how cached/partial passes are counted; and
(4) seeds, tokenizer, and, for multilingual runs, per-
script distractors. The released scaffold instantiates
these defaults.

Multilingual and cross-domain. CI and CCap
are language-sensitive. For non-English settings
we recommend a fixed per-script subword tok-
enizer, an embedding-based semantic delta re-
ported alongside CI’s Levenshtein distance (so
paraphrastic edits are not over-penalised), and
language-specific distractor sets for CCap’s se-
mantic corruption rather than translated English
ones. SEP-DLM should thus specify a multilingual
slice; the same re-calibration applies to domain
shift (code, specialist text), lest the protocol en-
trench the English-centric monoculture flagged in
Limitations.

F Per-Study Extraction Matrix and QA
Scores

Table 8 expands the cluster matrix to one row per
primary study, with the seven extraction fields con-
densed and the QA total (max 8). QA5 (faithfulness
measured) and QA6 (correction measured) are re-
ported explicitly because their near-zero column
sums constitute the review’s central finding. Ta-
ble 10 separates text/knowledge, code/math, and
non-text evidence for RQ5.

Faithfulness-boundary sensitivity. The numeri-
cal intersection depends on what is called “faithful-
ness.” Under the Strict definition used for RQ5
(factual accuracy, hallucination rate, FactScore,
or equivalent knowledge-grounded factual met-
rics), the intersection is 0/24. Under a Broad
definition that additionally admits functional cor-
rectness such as pass@k and protein foldability,
it becomes 1/24 (P2). Under a Broadest defini-
tion that also admits PPL-family quality proxies
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Figure 2: Open-problem dependency map (§6). Edges
denote “should be resolved before” and are labelled
with the bridge each precedence supplies. Node anno-
tations give the number of primary studies whose ex-
tracted open problems point to each node; OP8 is corpus-
wide (marked infra.). OP2 (n=10) and OP6 (n=9) are
most heavily implicated, both gated by OP1 and OP8.
Each edge implies a concrete test under SEP-DLM:
e.g. OP2→OP4, run CCap under PSC/RRC/CTF at
K ∈ {4, 8, 16} and ϵ ∈ {0.05, 0.1, 0.2} at iso-compute;
OP4/OP5→OP6, add a faithfulness axis to those runs;
OP6→OP7, repeat on a continuous/flow backbone to
test Hwall.

(PPL/GenPPL/perplexity), it becomes 8/24. Thus
the zero-count headline is specifically a factual-
faithfulness result; broadening the outcome defi-
nition produces non-zero overlaps and should not
be conflated with factual faithfulness. Appendix
Table 10 separates text/knowledge, code/math, and
non-text evidence.

Coverage snapshot. The denominator is au-
ditable by sub-field and venue: 16 of 24 studies
vary a TSF mechanism and 8 vary none (fami-
lies/clusters in Table 8), 22 of 24 are arXiv-indexed,
and 15 from 2025–2026 are the preprint reliance
and recency that motivate bounding the claim to
our search window (Appendix H).

Cross-cluster tensions and complementarities.
Read together, the clusters expose three discon-
nects that are obscured by paper-by-paper sum-
maries. First, C2/C3 optimise quality, efficiency, or
path selection, whereas C5 measures factual failure;
evidence that a trajectory is better scored is there-
fore not evidence that it is more faithful. Second,
C4 establishes that targeted correction is trainable,
but almost entirely on discrete code/math or syn-
thetic corruption, while C5 observes naturalistic
hallucination without a TSF intervention. Third,
C6/C7 broaden the architectural space but rarely
measure correction or faithfulness. These are com-
plementary rather than contradictory literatures: to-
gether they motivate controlled experiments that
connect mechanism, trajectory behaviour, and fac-
tual outcomes under a common protocol.

G Related Survey Comparison

Table 12 compares this survey against five adjacent
prior surveys on the dimensions of scope, method,
DLM coverage, TSF mechanism coverage, system-
atic search, and faithfulness gap analysis; each row
states the relevant scope boundary. Referenced
from §8.

H Threats to Validity

Following Kitchenham et al. (2015), by category.
Construct: the four-family mapping is interpretive,
mitigated by explicit decision rules (Appendix C)
and double-coding of operator family. Internal:
a six-library string plus one snowballing iteration
may miss recent preprints; we used recall-oriented
terms, a 2021–2026 database-search window, a pre-
submission forward-snowballing refresh (adding
SCMDM), and a five-paper known-item check that
recovered 5/5 seeds. The seed check is deliber-
ately small and should not be read as a compre-
hensive recall estimate. External: findings con-
cern small-to-medium DLMs, and several continu-
ous/flow checkpoints lack public implementations.
Conclusion: Hwall is untested and possibly con-
founded by architecture, data, or scale; the diag-
nostics and SEP-DLM have one feasibility instan-
tiation but are not broadly validated, and the CI
perturbation/intervention must be calibrated and
reported per family. The pilot itself is limited to
LLaDA-3B, PopQA, N=400, and point estimates
without final bootstrap intervals. Reporting bias:
original-paper numbers do not control for corpus,
tokeniser, or step budget, so the gap matrix is direc-
tional, hence SEP-DLM’s controlled conditions.
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Study Cluster TSF form Key metrics QA5 QA6 QA tot. OP(s)

D3PM (Austin et al., 2021) C1 None PPL 0 0 5.0 OP2
DiffuSeq (Gong et al., 2022) C1 None BLEU, diversity 0 0 5.0 OP2,OP3
SEDD (Lou et al., 2023) C1 None PPL 0 0 5.5 OP2
MDLM (Sahoo et al., 2024) C1 None (declined) PPL 0 0 6.0 OP2,OP3
LLaDA (Nie et al., 2025) C1 Optional remask NLU acc. 0 0 5.5 OP2,OP7
Analog Bits (Chen et al., 2022) C2 PSC FID/quality 0 0 5.5 OP1,OP2
TESS (Mahabadi et al., 2023) C2 PSC (simplex) BLEU, ROUGE 0 0 5.5 OP1,OP6
TREC (Liu et al., 2024) C2 RRC BLEU, MAUVE 0 0 6.0 OP3
FastDiSS (Nguyen-Cong et al., 2026) C2 PSC (few-step) GenPPL, speed 0 0 5.5 OP2,OP3
Soft-Masked (Hersche et al., 2025) C2 PSC sub-type PPL (iso-compute) 0 0 5.5 OP2,OP7
SCMDM (Cardei et al., 2026) C2 PSC (post-train) GenPPL (OWT) 0 0 6.0 OP2,OP3
P2 (Peng et al., 2025b) C3 CPS pass@k, fold. 0 0 6.0 OP3,OP6
PAPL (Peng et al., 2025a) C3 CPS (P-ELBO) MAUVE, GenPPL 0 0 6.0 OP3,OP6
CDLM (Zhang et al., 2025) C4 CTF Code revision (CRB) 0 1 6.5 OP4,OP6
ProSeCo (Schiff et al., 2026) C4 CTF GSM8K, code 0 1 6.5 OP4,OP6
PRISM (Kim et al., 2025) C4 CTF Provable corr. 0 1 6.0 OP4,OP6
TraceDet (Chang et al., 2025) C5 None varied AUROC 1 0 6.5 OP5,OP6
DynHD (Qian et al., 2026) C5 None varied AUROC, entropy 1 0 6.5 OP5,OP6
LostInDiff. (Guo and Tan, 2026) C5 None varied Halluc. rate 1 0 6.5 OP5,OP6
LangFlow (Chen et al., 2026) C6 PSC PPL, MAUVE 0 0 6.0 OP7
RDLM (Jo and Hwang, 2025) C6 PSC PPL 0 0 5.5 OP7
FLM/FMLM (Lee et al., 2026) C6 Flow map PPL, speed 0 0 5.0 OP7
DLM-One (Chen et al., 2025) C6 Flow map PPL, 1-step speed 0 0 5.0 OP7
LDDM (Jo et al., 2025) C7 PSC / latent PPL 0 0 5.5 OP2,OP7

Column sums (QA5 / QA6): 3 3 max 6.5

Table 8: Per-study extraction matrix and quality scores (Appendix F); the full QA1–QA8 breakdown is released as
extraction_matrix.csv. Across all 24 studies, faithfulness (QA5) is measured by only the three hallucina-
tion studies—none of which varies the TSF mechanism—and correction (QA6) only by the three CTF studies, none
of which measures faithfulness. Because no study scores on both QA5 and QA6, no included study exceeds 7/8: the
missing point is the review’s central gap (OP6) made numerical. The empty intersection of QA5 and “TSF form
varied” is the review’s central finding: every study scoring QA5=1 (TraceDet, DynHD, LostInDiff.) carries TSF
form “None varied,” so faithfulness reporting and TSF variation never co-occur in a single row.
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Cluster Studies TSF form Measured Hidden assumption Blind spot OP

C1 Founda-
tional

D3PM, DiffuSeq,
SEDD, MDLM,
LLaDA

None /
optional
remask

PPL, quality Independent-step op-
timality suffices

No correction or faith-
fulness

OP2,
OP3

C2 Self-
cond. &
eff.

Analog Bits, TESS,
TREC, FastDiSS,
Soft-Masked,
SCMDM

PSC / RRC PPL, BLEU,
MAUVE,
GenPPL

Quality gains imply
reliable feedback

No hallucination or
correction

OP1–
OP3,
OP6

C3 Plan-
ning

P2, PAPL CPS pass@k,
fold.,
MAUVE

Better paths imply
better outputs

No faithfulness analy-
sis

OP3,
OP6

C4 Correc-
tion

CDLM, ProSeCo,
PRISM

CTF Code/math
correction

Synthetic correction
transfers broadly

No naturalistic hal-
luc.; discrete only

OP4,
OP6

C5 Halluci-
nation

TraceDet, DynHD,
LostInDiff.

None varied AUROC, hal-
luc. rate

Default trajectories
reveal all failures

No TSF intervention OP5,
OP6

C6
Cont./flow

LangFlow, RDLM,
FLM, DLM-One

PSC / flow
map

PPL, quality,
speed

Quality metrics cap-
ture reliability

No CCap/CI/halluc.;
no discrete comp.

OP7

C7 Wall
mitigation

LDDM, Soft-Masked PSC sub-
type / latent

PPL, quality Removing commit-
ment ⇒ better gen.

No faithful-
ness/correction
test

OP2,
OP7

Table 9: Cluster-level gap matrix (RQ2–RQ5), expanding the cluster narrative of §5. The per-study expansion (24
rows, with QA scores) is Table 8.

Panel TSF family/form Evidence in the reviewed corpus Interpretation for the faithfulness gap

A. Text / knowledge
PSC TESS, SCMDM, LangFlow:

BLEU/ROUGE/PPL/MAUVE/GenPPL
Quality evidence; no knowledge-grounded factual-
faithfulness evaluation while varying PSC.

CPS PAPL: MAUVE/GenPPL Path/quality evidence; no factual-faithfulness evalua-
tion.

RRC TREC: BLEU/MAUVE Reward-scaled feedback evidence; no factual-
faithfulness evaluation.

None varied TraceDet, DynHD, Lost in Diffusion: AU-
ROC/hallucination

Faithfulness is measured, but the TSF mechanism is
not varied.

B. Code / math
CPS P2: code pass@k Functional correctness is adjacent to, but distinct from,

the strict factual-faithfulness definition.
CTF CDLM, ProSeCo, PRISM: code revi-

sion/GSM8K/provable correction
Correction is measured under code/math or synthetic
settings, not naturalistic factual QA.

C. Non-text
CPS P2: protein foldability Non-text functional evidence is reported separately

and is not pooled with factual-faithfulness outcomes.

Table 10: Domain-separated evidence for RQ5. Separating text/knowledge, code/math, and non-text outcomes
prevents heterogeneous metrics from being treated as directly comparable. P2 appears in Panels B and C because it
reports both code pass@k and protein foldability.

Axis Metric Benchmark

Generation quality GenPPL, MAUVE OpenWebText, WMT
Correction capacity CCap(ϵ,K) CRB, GSM8Kcorrupt,

TriviaQAcorrupt
Traj. commitment CI(t) curve Paired bifurcation trajec-

tories
Faithfulness Halluc. rate, FactScore TriviaQA(Joshi et al.,

2017), PopQA(Mallen
et al., 2023),
FEVER(Thorne et al.,
2018)

Table 11: SEP-DLM: four axes recommended for
any DLM self-feedback claim (RQ6), expanding §7
(Review-Derived Evaluation Recommendations).
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Work Scope Method DLM coverage TSF mechanism
coverage

Systematic
search

Faithfulness gap
analysis

Li et al. (2023) Diffusion models for
non-AR text generation

Narrative survey Broad text diffu-
sion

Not TSF-specific No TSF-specific
denominator

No

Li et al. (2025) DLM architecture,
training, inference

Narrative survey Discrete, continu-
ous, flow

Mentioned per
model

No auditable de-
nominator

No

Yu et al. (2025) Discrete DLMs Narrative survey Discrete only Partial No auditable de-
nominator

No

Pan et al. (2024) Automated LLM self-
correction

Narrative survey AR/post-hoc
boundary

Self-correction, not
DLM TSF

No DLM-TSF
denominator

No

Liang et al. (2024) AR self-feedback Survey Boundary only AR feedback, not
DLM TSF

Not DLM-
focused

No

This survey TSF in DLMs Systematic review Discrete, continu-
ous, flow

Four-family taxon-
omy

Yes Yes

Table 12: Comparison with related surveys and explicit scope decisions. Readers seeking broad diffusion/non-
autoregressive text coverage should consult Li et al. (2023) and Li et al. (2025); readers seeking discrete-DLM depth
should consult Yu et al. (2025); readers studying automated AR self-correction or AR self-feedback should consult
Pan et al. (2024) and Liang et al. (2024). This survey is vertical rather than horizontal: it isolates TSF mechanisms
in DLMs with an auditable denominator and factual-faithfulness gap analysis.

37208


