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Abstract

Masked diffusion language models reuse one
denoiser across many steps, so post-training
quantization (PTQ) must balance predictive
quality, serialized storage, and runtime mem-
ory. We evaluate LLaDA-8B-Instruct and run
transfer checks on Dream-7B, MDLM-OWT,
encoder-only masked LMs, LLaDA-MOoE, and
LLaDA2.0-mini. The 24-text calibration set
is distinct from the main n=>500-example-
per-task evaluation. Three findings emerge.
First, AWQ-4 is the closest tested 4-bit quality
point at the evaluated 1.1-2.3 percentage-point
resolution, although ARC-Challenge shows
a detectable loss.  TurboLDM-(3+1) in-
stead provides the smallest serialized check-
point (4.82 GiB, 3.55 effective bits) while los-
ing quality, making it a storage-compression
and diagnostic result, not a live-memory re-
sult. NF4 alone reduces peak VRAM from
roughly 15GiB to 6GiB in our tested Py-
Torch/bitsandbytes runtime; this is a runtime-
specific outcome, not an inherent format ad-
vantage. Second, individual attention pro-
jections are inexpensive to quantize, whereas
jointly quantizing the attention block is dam-
aging. Third, more denoising steps partly re-
cover GSMSK loss but not multiple-choice ac-
curacy. Code and logs are available at https:
//github.com/misterpawan/turbo-quant
-paper.git.

1 Introduction

Masked diffusion language models (MDLMs) are
becoming relevant for industrial NLP systems
that need controllable latency, batch generation,
or smaller stored checkpoints. Recent industrial
work such as Mercury frames diffusion LMs as
commercial-scale systems for fast APIs and on-
prem serving (Inception Labs, 2025; Labs et al.,
2025). MDLM clarified the objective (Sahoo et al.,
2024), scaling studies showed the paradigm im-
proves with size (Nie et al., 2025), Block Diffu-
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sion connected diffusion and autoregressive gener-
ation (Arriola et al., 2025), and LLaDA, Dream-
7B, and LLaDA2.0 moved the family into the 7B-
100B regime (Nie et al., 2026; Ye et al., 2025;
Bie et al., 2025). Their deployment cost is un-
usual for resource-constrained settings: the same
Transformer is evaluated at many denoising steps,
so a fixed weight perturbation is reused along the
whole trajectory.

Autoregressive PTQ methods such as GPTQ,
AWQ, SmoothQuant, SpQR, QuIP#, and AQLM
(Frantar et al., 2023; Xiao et al., 2023; Lin et al.,
2025; Dettmers et al., 2024; Tseng et al., 2024;
Egiazarian et al., 2024) assume a prompt-prefix
calibration regime. Image-diffusion PTQ meth-
ods such as PTQ4DM, PTQD, TFMQ-DM, and
Q-Diffusion (Shang et al., 2023; He et al., 2023;
Huang et al., 2024; Li et al., 2023) show that
timestep-aware calibration can matter, but target
continuous U-Net denoisers rather than discrete
masked-token Transformers. This leaves prac-
titioners with a concrete deployment question:
which parts can be compressed, how checkpoint
size, quality, and runtime memory differ, and
which findings carry across diffusion-LM fami-
lies.

This paper. We use TurboQuant (Zandieh et al.,
2026) inside a stage-aware base-residual wrapper,
TurboLLDM, and compare it with practical base-
lines. Our goal is to compress weights and iden-
tify which quantization choices are usable for de-
ployment. We use the codec as a diagnostic to de-
rive practical rules for storage-constrained model
distribution: where masked diffusion LMs tol-
erate PTQ, where they fail, and which runtime
metric should drive the choice. We study per-
module sensitivity, bit-budget choice, mixed-bit
recipes, stage-aware calibration, step-count inter-
actions, storage accounting, runtime memory, and
cross-family transfer.
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Contributions. We make four claims. First,
LLaDA-8B-Instruct has a repeatable PTQ profile
across module families, depth, denoising steps,
and seeds. Second, among BF16, uniform int
quantization, GPTQ-diag/full, AWQ, NF4, Q-
Diffusion-Text, and TurboLDM, AW Q-4 is closest
to BF16 among the tested 4-bit rows at our evalua-
tion resolution. NF4 is the only integrated low-bit
path that lowers live VRAM in our tested runtime,
whereas TurboLDM is a compact-checkpoint re-
sult. Third, two plausible scheduling ideas fail un-
der larger evaluations: stage-stratified calibration
and sensitivity-ranked residual placement. Fourth,
quality, serialized storage, and live VRAM lead to
different choices.

2  TurboLDM Method

This section describes TurboLDM, our stage-
aware base-residual wrapper around TurboQuant.
Let x; be the partially masked sequence at denois-
ing step t and fp(x, t) the masked-token denoiser.
We partition denoising states into masking-ratio
stages {D,}5_, and minimize a stage-weighted
masked-token KL surrogate,

S
Ecal(é) = Z TrSE((L't,t)NDS [
s=1

KL(po (e, ) | p (1o, £))]

)

Each quantized matrix is split into fixed-size
blocks, rotated by a Hadamard-sign map, and en-
coded with a symmetric Gaussian codebook at bg
base bits. A residual code at b; bits can be stored
once per layer and activated by stage. The result-
ing effective storage lies between by and bg+b1;
TurboLDM-(3+1) measures 3.55 effective bits on
LLaDA-8B.

The scheduler estimates a per-(layer, stage) sen-
sitivity oy s by temporarily quantizing layer ¢
and measuring the masked-token KL increase. It
greedily activates residuals by

Pes = WSQZ,S((SéO) - 6§1))/C€a

where 650) and 5@1) are base-only and after-

residual distortions and ¢y is the layer-once resid-
ual cost. This is a heuristic for a non-additive cost:
once any stage uses a residual, the layer pays the
storage cost. Appendix C gives the full algorithm
and the local error-propagation motivation.

3 Experimental Setup

Models and data. The main model is LLaDA-
8B-Instruct (Nie et al., 2026). The main tasks are
MMLU (Hendrycks et al., 2021), ARC-Challenge
(Clark et al., 2018), HellaSwag (Zellers et al.,
2019), and GSM8K (Cobbe et al., 2021). Transfer
checks cover Dream-7B (Ye et al., 2025), MDLM-
OWT (Sahoo et al.,, 2024), BERT/RoBERTa,
LLaDA-MoE-7B-A1B, and LLaDA2.0-mini.

Baselines and decoding. We compare BF16,
uniform 2/3/4-bit group quantization, GPTQ-diag
and GPTQ-full, AWQ, NF4 through bitsand-
bytes, Q-Diffusion-Text, and TurboLDM-(4+1)
and TurboLDM-(3+1). MCQ tasks use T'=16 de-
noising steps and GSM8K uses 7'=64 unless oth-
erwise stated. Calibration uses 24 WikiText-103
texts at most 256 tokens each.

Calibration versus evaluation size. The 24
texts are used only to calibrate PTQ parameters;
they are not the samples on which accuracy is
reported. Main accuracy uses n=500 examples
per task. A separate calibration-size sweep uses
8/24/64/128/256 texts while holding its n=75
evaluation slice fixed (Appendix F).

Compute and statistics. Experiments run on
one NVIDIA RTX 5090 with 32 GB VRAM, Py-
Torch 2.11, CUDA 13.0, and transformers 4.55.
The main n=500 CI table uses three seeds for non-
degenerate non-NF4 rows and paired-bootstrap
confidence intervals against BF16. The main NF4
row was rerun with seeds 17/42/101 and pro-
duced identical scores under deterministic decod-
ing, but it is not included in the paired-CI compar-
ison. Weak baselines, storage-audit, transfer, and
trajectory analyses are single-seed unless explic-
itly labeled otherwise.

4 Results

4.1 Main Quality—Storage Trade-off

Table 1 condenses the main n=500 result. AWQ-
4 is closest to BF16 among the tested quality-
oriented 4-bit rows at a task-dependent resolu-
tion of roughly 1.1-2.3 percentage points. Inter-
vals crossing zero on MMLU, HellaSwag, and
GSMSK indicate near-parity at this sample size,
not proven equivalence; ARC-C has a detectable
1.5-point loss (95% CI [—2.7,—0.4]). NF4 pro-
duces the same scores in three deterministic reruns
and is the only main end-to-end row integrated
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Method Bits Total Peak MMLU ARC-C H.Swag GSM8K

BF16 16.00 1493 15.6 61.8 86.0 692 68.6
AWQ-4 425 538 156 624 845 684 69.5
NF4 638 7.11 6.0 602 854 688 69.0

Q-Diff.-4 448 557 156 620 842 668 68.5
TLDM (4+1) 456 5.64 18.1 608 84.0 653 68.5
TLDM (3+1) 3.55 4.82 180 58.6 80.1  60.8 60.4

Table 1: Compact view of the main LLaDA-8B-Instruct
result at n=500. AWQ-4 is closest to BF16 on qual-
ity, NF4 lowers live VRAM in our tested runtime,
and TLDM trades accuracy for smaller storage. Q-
Diff.-4 is the 4-bit Q-Diffusion-Text row. Weak base-
lines, GPTQ variants, and confidence intervals appear
in Appendix B. TLDM abbreviates TurboLDM; (b+1)
means b base bits plus a 1-bit residual code. Peak and
storage are GiB.

Configuration MMLU ARC-C H.Swag GSMS8K

BF16 reference 61.8 86.0 69.2 68.6
attn_all 55.6 77.6 60.0 55.2
mlp_all 60.8 83.6 66.0 67.6

Table 2: Corrected compound-family result on LLaDA-
8B-Instruct. Each non-BF16 row jointly quantizes ev-
ery projection in the named family at 3-bit with no
residual (single seed, n=500). In particular, attn_all
is a joint {q, k, v, attn_out} rerun, not a duplicate of
the isolated attn_out row.

with a low-bit kernel in our tested runtime, reduc-
ing peak inference VRAM to 6.0 GiB. Optimized
AWQ and GPTQ kernels exist in other runtimes,
so this VRAM result is not an inherent advantage
of the NF4 format. TurboLDM-(3+1) gives the
smallest serialized checkpoint but is significantly
below BF16 on all four main tasks.

4.2 What Compresses?

The per-family map does not say that attention is
always fragile. Isolated Q, K, V, and output pro-
jections lose at most about 2 pp on any task at 3-
bit. Quantizing all attention projections together
is much worse, dropping 6.2/8.4/9.2/13.4pp on
MMLU/ARC-C/HellaSwag/GSMS8K; compound
MLP quantization is milder at 1.0/2.4/3.2/1.0 pp.
Table 2 reports the corrected joint-attention rerun.
Perturbing Q and K together changes the bilinear
attention logits before softmax, while simultane-
ous V and output-projection errors compound in
the aggregated values; the same perturbations are
then reused over denoising steps. This is an ex-
planation consistent with the measurements, not a
causal proof.

Figure 1 shows the fine-grained stage-by-layer
view.

LLaDA-8B stage-wise sensitivity (top 24 layers)

3L4f out
15.f_out
14.ff_out
3L.attn_out
30.ff_out
31.v_proj
31.up_proj
3Lff_proj
30.v_proj
29.1f out
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29.v_proj
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28.v_proj
30.up_proj
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hidden MSE after 3-bit TurboQuant

27.v_proj
30.ff_proj
26.1f_out
26.v_proj
13.ff_out
29.up_proj
25.v_proj

S0 S1 S2 S3
Stage (O=early mask-heavy, N-1=late)

Figure 1: Stage-wise sensitivity for the 24 most-
sensitive LLaDA-8B linear layers. Rows are layers;
columns are masking-ratio stages.

Method / task T=8 T=16 T=64 T=128
BF16 / MMLU 435 435 435 435
Turbo 3+1)/MMLU 41.5 415 415 415
BF16/ GSMSK 26.0 330 69.0 73.0
Turbo (3+1)/GSM8K 12.0 140 57.0  65.0

Table 3: Step count interacts with task type. MCQ accu-
racy is flat in 7', while GSM8K recovers substantially
as denoising compute increases. Turbo (3+1) means
TurboLDM with 3 base bits plus a 1-bit residual code.

Mixed-bit recipes in Table 8 follow the same
pattern.  The best hand recipe, ATTN@3 +
MLP @4, saves storage relative to W4/AWQ-4
but is not accuracy-equivalent under the three-seed
evaluation. It is a storage trade-off instead of a par-
ity recipe.

4.3 What Breaks?

Two apparent signals disappear under larger eval-
uations. First, stage-stratified calibration (S=4)
looked like a +5pp GSMS8K win in a single-
seed n=40 slice, but at n=100 the gain disap-
pears. Second, sensitivity-ranked residual place-
ment does not beat base-only or static-layer resid-
uals at matched average bits. The repeatable lever
is residual capacity: (3+1) is better than lower-bit
settings because it stores more residual informa-
tion, not because stage placement is reliably opti-
mal.

Step count is task-conditioned. Table 3 shows
that MMLU is essentially flat as 7" varies from 8
to 128, while GSMS8K improves sharply. More de-
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Model Method Bits Storage Peak MMLU
LLaDA-MoE BF16 16.00 13.70 144  50.0
LLaDA-MoE NF4 400 433 54 517
LLaDA-MoE AWQ-4 425 332 146 517
LLaDA-MoE Turbo (3+1) 3.45 2.70 16.6 45.3
LLaDA2-mini BF16 16.00 30.28 262  64.0
LLaDA2-mini Lazy 4-bit 4.25  7.72 17.1 22.7
LLaDA2-mini Lazy 3-bit 3.25 591 17.1 17.3

Table 4: Scaling snapshot. NF4 and AWQ-4 retain
LLaDA-MoE MMLU quality in this slice; TurboLDM-
(341) is smaller but lower quality. The LLaDA2-mini
rows test memory feasibility only: without matched
AWQ/NF4 baselines, their quality collapse is not at-
tributable specifically to lazy reconstruction. “Lazy 4-
bit” and “Lazy 3-bit” use compact codes and on-the-
fly dequantization. Storage and peak memory are GiB;
(b+1) means b base bits plus a 1-bit residual code.

noising steps can buy back generative reasoning
quality, but they do not help MCQ scoring.

4.4 What Transfers?

Table 4 summarizes the largest-model transfer
checks. Dream-7B is more PTQ-fragile than
LLaDA-8B under matched n=500 checks: AWQ-
4 loses about 7 pp on MMLU and 9 pp on GSMSK,
while TurboLDM-(3+1) loses much more on
ARC-C and GSMS8K. The compound-attention
pattern still transfers: individual attention pro-
jections are cheap, while quantizing all atten-
tion projections together is damaging. MDLM-
OWT changes which MLP sublayer is most fragile.
On LLaDA-MoE, NF4 and AWQ-4 keep MMLU
close to BF16, but TurboLDM-(3+1) loses qual-
ity even though it is compact. The LLaDA2.0-
mini experiment shows only that lazy reconstruc-
tion can fit a 16B sparse model into about 17 GiB
VRAM. We did not run 16B AWQ or NF4 base-
lines, so its quality collapse cannot be separated
from model- or implementation-specific difficulty.
Each architecture needs its own module map.

4.5 Deployment Lessons

Table 5 summarizes the deployment rules. Se-
rialized checkpoint size and live inference mem-
ory are different axes. AWQ-4 is the closest
tested quality-oriented 4-bit point at our resolution,
NF4 is the memory point in our tested runtime,
and TurboLDM-(3+1) is a compact storage point
rather than a parity method.

Question  |Finding | Deployment rule

Tested 4-bit| AWQ-4 is closest to|Match the method

points BF16; NF4 lowers|and optimized run-
VRAM only in the|time to the binding
tested runtime. constraint.

Sub-4-bit | TurboLDM-(3+1) is|Treat it as a storage

storage compact but not par-| trade-off.
ity.

Modules Isolated attention is|Measure family
cheap; compound at- maps before recipes.
tention is harmful.

Stages Stage scheduling is|Spend bits on capac-
not robust at larger|ity first.
sample sizes.

Steps GSMS8K  recovers|Tune T by task.
with 7'; MCQ does
not.

Table 5: Deployment lessons supported by the main
and appendix results. TurboLDM-(3+1) means 3 base
bits plus a 1-bit residual code.

Method | Bits|Quant. GiB |Total GiB | Compression
BF16 16.00 13.00 14.93 1.00x
W4/AWQ-4| 4.25 3.45 5.38 2.77x
Turbo (4+1)| 4.56 3.71 5.64 2.65%
Turbo (3+1)| 3.55 2.89 4.82 3.10x

Table 6: Full deployed-checkpoint accounting. W4
denotes uniform 4-bit group quantization; AWQ-4 is
activation-aware 4-bit quantization. Every PTQ row
keeps the same 1.93 GiB BF16 residual outside the
quantized linears; Turbo (b+1) means b base bits plus
a 1-bit residual code.

4.6 Storage, Runtime, and Recipes

Nominal bits are not enough for deployment de-
cisions. Table 6 reports full checkpoint storage,
and Table 7 reports live decoder memory. NF4 is
nominally 4-bit, but its serialized effective storage
is 6.38 bits per quantized parameter once block
scales and zero-points are counted. TurboLDM-
(3+1) has the smallest serialized checkpoint in the
main comparison but does not lower live mem-
ory in our reference runtime because quantized
linears cache BF16 dequantized buffers. The de-
ployment choice splits three ways in this imple-
mentation: AWQ-4 for quality, bitsandbytes NF4
for live VRAM, and TurboLDM-(3+-1) for check-
point size. Optimized AWQ/GPTQ runtimes can
produce different live-memory rankings.

Table 8 shows that mixed-bit recipes help
mainly as storage trade-offs. The best recipe,
ATTN@3 + MLP@4, saves about 250 MiB rela-
tive to uniform 4-bit linears, but it is not accuracy-
equivalent to AWQ-4 or W4 under the three-seed
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64 tok 128 tok 256 tok
Method tok/s VRAM tok/s VRAM tok/s VRAM
BF16 1953 1524 138.6 1545 763 15.88
Turbo (3+1) 164.3 17.90 122.0 18.11 70.7 18.53
NF4 65.4 5.72 58.3 583 436 623

Table 7: Decoder throughput and active VRAM on
LLaDA-8B. In this tested PyTorch/Transformers stack,
NF4 is the row integrated with a mature low-bit in-
ference kernel; the comparison does not imply that
the NF4 format inherently uses less memory than opti-
mized AWQ/GPTQ runtimes. Turbo (341) means Tur-
boLDM with 3 base bits plus a 1-bit residual code.

Recipe \Bits\ GiB\MMLU\ARC-C GSM8K
ATTN@3 + MLP@4 \3.94\3.20\ 39.3\ 79.0\ 60.0
ATTN@4 + MLP@3 \3.56\2.89\ 39.3\ 78.0\ 54.7
ATTN@3 +3.48(2.83 39.3 76.0 53.3
UP/GATE@3 +

DOWN@4

ATTN@2 + MLP@4 \3.63\2.95\ 17.3\ 27.0\ 0.0

Table 8: Mixed-bit recipe comparison on LLaDA-8B-
Instruct. In a recipe name, ATTN @3 means attention
projections at 3 bits, MLP @4 means MLP projections
at 4 bits, and UP/GATE@3 + DOWN @4 splits the MLP
sublayers by bit width. The best storage recipe saves
space but is not a quality-parity 4-bit replacement.

evaluation. More aggressive attention compres-
sion, such as ATTN@2 + MLP @4, collapses all
tasks. When storage is the hard constraint, the
module map can guide the recipe, but mixed bits
should not be treated as a drop-in replacement for
the 4-bit Pareto points.

4.7 Trajectory Diagnostics

The step-count result is explained by different un-
certainty profiles. Table 9 summarizes trajectory
entropy, and Table 10 measures one-step BF16-vs-
quantized divergence. Multiple-choice answers of-
ten settle early: the answer letter is selected before
later denoising steps can repair an early perturba-
tion. GSMBSK is different because the generated
solution is longer, uncertainty is high at the begin-
ning, and later steps can repair some quantization-
induced divergence. This evidence supports a task-
conditioned step rule, not a general claim that
more steps fix quantization.

4.8 Depth and Bit Placement

The storage-quality curve also hides where bits are
spent. Table 11 reports a depth sweep that quan-

Method Dataset Mean H First H Mean conf.
BF16 MMLU 0.215 0.147 0.991
Turbo (4+1) MMLU 0.217 0.161 0.990
Turbo (3+1) MMLU 0.293 0.445 0.988
BF16 GSM8K  1.750 3.546 0.950
Turbo (3+1) GSMSK 1.866 3.720 0.952
Table 9: Trajectory entropy summary. TurboLDM-

(34+1) means 3 base bits plus a 1-bit residual code; it
inflates MMLU first-step entropy but barely shifts the
already-uncertain GSMS8K entry state.
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Figure 2: Step-count Pareto for GSM8K and MMLU.
The figure visualizes the same task-conditioned pattern
as Table 3.

tizes one contiguous eight-block range at 3-bit.
Middle and late blocks are not uniformly fragile:
blocks 16-23 are the worst range on both MMLU
and GSMSK, but the final block range is relatively
cheap on this GSMS8K slice. We use this only as
a diagnostic: transfer results show that family and
depth rankings shift across architectures.

5 Artifacts and Reproducibility

Code, logs, scripts, and reproducibility details are
included in the public repository linked in the ab-
stract.

6 Statistical Scope and Negative
Ablations

The n=>500 evaluation changes the interpretation
of several small-sample results. Table 12 reports
paired-bootstrap confidence intervals on the gap
to BF16. AWQ-4 is the closest tested quality-
first 4-bit row overall: its MMLU, HellaSwag, and
GSMSK intervals straddle zero, which supports
near-parity only at the approximately 1.1-2.3 pp
resolution of this experiment. Its ARC-C gap
is statistically distinguishable. TurboLDM-(4+1)
matches BF16 on GSM8K but loses on HellaSwag
and ARC-C. TurboLDM-(3+1) is not a parity re-
sult: all four intervals are below zero. This is
why we frame it as a compact checkpoint operat-
ing point rather than a replacement for AWQ-4 or
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Phase 44: per-step quantisation divergence at T =64 (BF16 vs TurboLDM (3+1))

MMLU GSM8K
1.0

KL(BF16 || quant) at filled position
s S
s L %

0 20 40 60 0 20 40 60
Denoising step t Denoising step t

Figure 3: Trajectory lens for MMLU and GSMS8K.
MMLU decisions are sparse and early; GSMS8K re-
mains uncertain over more of the denoising path.

Task Mean KL Top-1 agree Early KL Late KL
MMLU 0.001 99.4% 0.000  0.006
GSMBK 2.171 80.5% 1.408 4.327

Table 10: One-step BF16-vs-quantized trajectory com-
parison. GSMSK has larger divergence and lower top-1
agreement than MMLU.

NF4.

The residual ablation in Table 13 gives the sec-
ond reason for caution. The motivating analy-
sis ranks layer-stage pairs by sensitivity, but the
storage cost is layer-once: when any stage ac-
tivates a residual, the whole layer pays for the
stored residual tensor. Under that non-additive
cost, sensitivity-ranked stage placement is only a
heuristic. In the matched-budget evaluation, ran-
dom, static-layer, and layer-once schedules match
or beat stage sensitivity at similar average bits.
The scheduler still identifies where perturbations
appear, but the deployable knob is simpler: in-
crease residual capacity when storage allows it.

7 Operational Recommendations

For deployment, choose by the binding resource
in the evaluated stack: AWQ-4 is closest to BF16
among tested 4-bit methods, bitsandbytes NF4
reduces live VRAM, and TurboLDM-(3+1) pro-
vides the smallest serialized checkpoint. The live-
memory ordering is runtime-specific; optimized
AWQ/GPTQ kernels were not integrated into this
stack.

Recipes should be re-measured on the target
model. Individual attention projections are cheap,
compound attention is harmful, and fragile MLP
sublayers shift across families. Tune denoising
steps by task: MCQ scoring saturates early, while
GSMSK can recover with more steps.

Quantized range  Storage GiB MMLU GSMS8K
Blocks 0-7 0.66 39.0 57.5
Blocks 8-15 0.66 42.0 62.5
Blocks 16-23 0.66 36.0 45.0
Blocks 24-31 0.66 36.0 70.0

Table 11: Per-depth sensitivity on LLaDA-8B-Instruct.
Each row quantizes a contiguous transformer-block
range at 3-bit and leaves the rest BF16.

Method | ARC-C| GSMSK| H.Swag MMLU
W4 [-1.90.11] [-0.7.3.5]] [-3.7,-1.5]] [-1.4,1.3]
AWQ-4  [[-2.7,-04]] [-1333]] [-1.8,0.3] [-0.8,2.1]
Q-Diff-4 |[-2.8,-0.8]] [-2522]| [-3.5,-1.4] [-1.1,1.4]

Turbo (4+1)|[-3.1,-0.9]| [-2.4,2.1]| [-5.2,-2.5]| [-2.3,0.4]
Turbo (3+1)|[-7.5,-4.3]|[-10.7,-5.6]|[-10.3,-6.6]|[-5.0,-1.5]

Table 12: Paired-bootstrap 95% confidence intervals on
the gap to BF16 in percentage points. W4 is uniform
4-bit quantization, Q-Diff.-4 is the 4-bit Q-Diffusion-
Text row, and Turbo (b+1) denotes TurboLDM with b
base bits plus a 1-bit residual code. Intervals crossing
zero are not distinguishable from BF16 at this sample
size; they do not prove equivalence.

8 Runtime Diagnostic

The released TurboLDM runtime has no fused
CUDA kernel. To diagnose the cost of BF16
reconstruction, the chunked proxy in Table 42
reconstructs weights in 512-row slices with
UniformLinearChunked rather than keeping a
persistent per-layer BF16 cache. On the reported
MMLU slice, this lowers peak VRAM from 15.45
to 9.05 GiB but increases runtime from about 21
to 65 seconds; the chunked AWQ path also fails
to preserve quality faithfully. We therefore treat
it only as a diagnostic of reconstruction memory,
not as a fused implementation or a deployable live-
memory result.

9 Limitations

The main study uses batch size one, one GPU
type, and one reference runtime, so its throughput
measurements and live-memory ordering are not
hardware-portable. TurboLDM stores compact
codes but reconstructs BF16 weights; the released
implementation has no fused CUDA kernel. NF4’s
VRAM advantage is specific to the tested bit-
sandbytes integration, and optimized AWQ/GPTQ
kernels could change that comparison. Several
transfer and diagnostic experiments are single-
seed. The LLaDA2.0-mini study lacks matched
AWQ/NF4 baselines and establishes only memory
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Schedule  Top frac. Bits GSM8K ARC-C
Base only 0.00 3.25 60.0 77.0
Random 0.15 4.04 63.0 80.0
Static 0.15 3.51 61.0 79.0
Stage sens. 0.15 3.55 57.0 76.0
Layer-once 0.15 3.51 61.0 79.0
Stage sens. 0.30 3.79 67.0 80.0
Table 13: Matched-budget residual ablation.

Sensitivity-ranked stage placement does not beat
simpler schedules at similar bit budgets.

feasibility, not the cause of its quality collapse.
Cross-family results are checks of where to mea-
sure, not universal module rankings. We also do
not evaluate batched or concurrent serving.

Ethical Considerations

This work reduces the cost of deploying large
language models. Lowering deployment cost
can broaden access to capable systems, but it
can also make harmful or low-quality generation
cheaper. We do not introduce new training data,
user data, or human-subject experiments. All eval-
uations use public benchmarks and public model
checkpoints. We avoid releasing standalone quan-
tized checkpoints; the artifact reproduces quan-
tized states from upstream public checkpoints, pre-
serving the original model licenses and access
controls. Because quantization can alter behav-
ior unevenly across tasks, we recommend task-
specific evaluation before deployment, especially
for safety-sensitive use cases.
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A Appendix Overview

The appendix gives the evidence behind the main
claims: full main tables, confidence intervals, stor-
age accounting, module-family maps, depth and
step sweeps, stage and residual ablations, cross-
family transfer, runtime diagnostics, trajectory
analysis, adaptive-step policies, code-generation
checks, and reproducibility notes. The tables
come from archived result files and can be repro-
duced from the released scripts.

B Full Main Results and Storage
Accounting

Tables 14 and 15 give the complete version of
the compact main-body result. Table 14 reports
the raw quality—storage trade-off for every base-
line, including weak low-bit rows that are omit-
ted from the main text. Table 15 adds three-seed
means and paired-bootstrap intervals, which are
the basis for calling AWQ-4 the closest tested
quality-oriented 4-bit point at this resolution and
TurboLDM-(3+1) a compact but non-parity point.
Tables 16 and 17 separate quantized linears from
the shared BF16 residual, making clear why seri-
alized checkpoint size and live memory must be
reported separately.

The full table fixes three accounting details. “Ef-
fective bits” includes block metadata, scales, zero-
points, codebooks, and rotation metadata where
applicable. “Total GiB” includes the shared BF16
residual outside quantized linears: embeddings,
LM head, layer norms, and biases. Peak mem-
ory is measured for the live runtime, not inferred
from serialized storage. This distinction is why
TurboLLDM is a compact-checkpoint result while
NF4 is the live-memory result only in our tested
runtime.

C Method and Algorithm Details

TurboLLDM uses a base code for every quantized
block and a residual code stored once per selected
layer. The stage mask controls when the residual is
used during denoising; it does not create a separate
residual tensor per stage. Let my , denote residual
activation. The scheduler ranks candidates by

prs = oo (007 = 6) feq,
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Table 14: Main quality—storage trade-off on LLaDA-8B-Instruct at n=500. Avg. bits is true compressed storage per
quantized parameter; total GiB is the full checkpoint including the shared BF16 residual; peak mem is measured
inference VRAM. W2/W3/W4 are uniform 2/3/4-bit group quantization rows. GPTQ-diag uses a diagonal-Hessian
approximation, GPTQ-full uses the full-Hessian baseline, and Q-Diff. (4b) is the 4-bit Q-Diffusion-Text row. For
TLDM/TurboLDM, (b+1) means b base bits plus a 1-bit residual code. Rows with three-seed CIs are detailed in
Table 15; additional low-bit baselines provide the broader Pareto context.

Method Nom. bits Eff. bits Quant. GiB Total GiB Peak GiB MMLU ARC-C H.Swag GSMS8K
BF16 16 16.00 13.00 14.93 15.6 61.8 86.0 69.2 68.6
w2 2 2.25 1.83 3.76 15.6 10.6 8.4 7.8 0.0
w3 3 3.25 2.64 4.57 15.6 53.0 77.6 58.8 54.8
W4 4 425 3.45 5.38 15.6 61.8 85.0 66.6 70.0
GPTQ-diag-3 3 3.25 2.64 4.57 15.6 44.4 62.2 56.0 13.4
GPTQ-diag-4 4 425 3.45 5.38 15.6 57.5 80.7 62.7 59.3
GPTQ-full-3 3 3.25 2.64 4.57 15.6 532 74.6 55.0 35.0
GPTQ-full-4 4 4.25 3.45 5.38 15.6 60.0 84.8 65.2 66.6
AWQ-3 3 3.25 2.64 4.57 15.6 53.6 76.0 61.8 39.6
AWQ-4 4 4.25 3.45 5.38 15.6 62.4 84.5 68.4 69.5
NF4 4 6.38 5.18 7.11 6.0 60.2 85.4 68.8 69.0
Q-Diff. (4b) 4 448 3.64 5.57 15.6 62.0 84.2 66.8 68.5
TLDM (3+1) 3 3.55 2.89 4.82 18.0 58.6 80.1 60.8 60.4
TLDM (4+1) 4 4.56 3.71 5.64 18.1 60.8 84.0 65.3 68.5

then activates candidates until the layer-once stor-
age budget is reached. Because the true cost is
Yecel{3s : my, = 1}, this greedy rule is a
heuristic rather than the exact optimizer of the non-
additive objective.

Algorithm 1 TurboLDM calibration and encoding

1: Collect calibration states and assign each state

to a masking-ratio stage.

for each quantized layer ¢ and stage s do
Quantize only layer ¢ with the base code.
Estimate oy ¢ from masked-token KL.

Rank layer-stage pairs by py ;.
Activate residuals until the layer-once storage
budget is reached.
for each quantized matrix do

Encode base blocks with Hadamard rota-
tion and a Gaussian codebook.
9: Store one residual code if any selected
stage uses that layer.

SN AN o

[ BN

D Module-Family and Component
Sensitivity

Tables 18, 19, and 20 refine the module-family
map. The isolated-family and compound-family
tables show that attention projections are cheap
in isolation but harmful when quantized together.
Tables 21, 22, and 23 test whether the unquan-
tized embedding/head portion is merely account-
ing overhead. These checks show that head and
embedding decisions can change quality, so the

BF16 residual should be treated as part of the de-
ployed model rather than ignored.

These tables separate isolated-family quantiza-
tion from compound quantization. Individual at-
tention projections are cheap to quantize, whereas
quantizing the full attention block is much more
damaging. Head and embedding checks show that
the shared BF16 residual is part of the model, not
bookkeeping: the output head and embeddings re-
main important for quality and explain part of the
fixed storage floor.

E Depth, Step Count, and Trajectory
Diagnostics

Table 24 quantizes contiguous block ranges and
shows that mid-late blocks are more fragile than
early blocks. Tables 25, 26, 27, and 28 then vary
denoising steps and bit budgets; together they es-
tablish that GSM8K can recover with additional
steps while MMLU is largely step-invariant. Ta-
ble 29 measures entropy and confidence along
the trajectory, while Table 30 measures BF16-vs-
quantized KL and top-1 agreement. These diag-
nostics are the evidence for the main text’s task-
conditioned step-count rule.

F Calibration, Stages, Residuals, and Bit
Budgets

Tables 31, 32, and 33 cover calibration size and
stage-bin choices. They show why the apparent
stage-stratification gain in small samples is not a
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Table 15: Main quality—storage trade-off on LLaDA-8B-Instruct with 3 seeds and paired bootstrap 95% Cls. Each
cell is the across-seed mean accuracy =+ the seed standard deviation; the trailing [lo, hi] is the paired bootstrap
95% CI on the accuracy gap to BF16 in percentage points (negative = method is worse than BF16). W3/W4 are
uniform 3/4-bit group quantization, GPTQ-d4 is diagonal-Hessian 4-bit GPTQ, QDiff-4 is 4-bit Q-Diffusion-Text,
and TLDM-(b+1) is TurboLDM with b base bits plus a 1-bit residual code. A gap whose 95% CI straddles zero
cannot be distinguished from BF16 at n=>500; it indicates near-parity at this resolution, not proven equivalence.

. Cl vs Cl vs Clvs Clvs

Method Bits T(S])itgl ARC-C BF16 GSMSK BF16 H.Swag BF16 MMLU BF16

BF16 16.00 14.93 86.0+0.0 ref 68.6+0.0 ref 69.240.0 ref 61.840.0 ref

w3 325 264 77.6£0.0 [-10.3,- 54.8+0.0 [-16.6,- 58.8+0.0 [-12.3,- 53.04+0.0 [-10.7,-
6.6] 11.2] 8.4] 6.8]

W4 425 345 85.04+0.0 [-1.9,- 70.040.0[-0.7,3.5] 66.6+0.0 [-3.7,- 61.840.0[-1.4,1.3]
0.1] 1.5]

GPTQ-d4 425 345 80.7+£09 [-6.7,- 59.3+0.6 [-11.8,- 62.7+0.9 [-8.2,- 57.5+0.6 [-6.0,-
3.8] 6.7] 4.8] 2.5]

AWQ-4 425 345 84.54+0.6 [-2.7,- 69.54+1.1[-1.3,3.3] 68.440.7 [-1.8,0.3] 62.440.9 [-0.8,2.1]
0.4]

QDiff-4 448 3.64 84.240.0 [-2.8,- 68.5%2.8[-2.5,2.2]66.8+0.2 [-3.5,- 62.0+0.3[-1.1,1.4]
0.8] 1.4]

TLDM-3+1 3.55 2.89 80.1+1.1 [-7.5,- 60.442.6 [-10.7,- 60.84+1.8 [-10.3,- 58.64+0.7 [-5.0,-
4.3] 5.6] 6.6] 1.5]

TLDM-4+1 4.56 3.71 84.0+1.2 [-3.1,- 68.54+0.7[-2.4,2.1]65.3+1.2 [-5.2,- 60.8+0.2 [-2.3,0.4]
0.9] 2.5]

Table 16: Per-parameter storage audit on LLaDA-8B-Instruct. “Quant. linears” sums the bytes that the quantizer
actually rewrote (indices, scales, signs, residual, codebook); “BF16 residual” is the bytes that every row keeps
at BF16 (embeddings, LM head, layer norms, biases). The full checkpoint is the sum. The 4.25-bit uniform
and AWQ rows collapse onto the same storage (same ¢/scales layout); the difference between them is entirely in
weight values, not bit width. Every row carries the same BF16 residual, so the method ordering in Table 14 does
not depend on how one reports compression. Source: runs/overnight/storage_audit_summary.csv.

Method Quant. bits Quant. linears BF16 residual Total checkpoint Compression vs BF16
BF16 baseline 16.00 13.00GiB 1.93 GiB 14.93GiB 1.00x
W4 uniform 4.25 3.45GiB 1.93GiB 5.38GiB 2.77x%
AWQ-4 4.25 3.45GiB 1.93 GiB 5.38GiB 2.77x
TurboLDM (4+1) 4.56 3.71GiB 1.93GiB 5.64 GiB 2.65%
TurboLDM (3+1) 3.55 2.89GiB 1.93 GiB 4.82GiB 3.10%
Accuracy vs wall-clock at T € {8, 16, 32, 64,128} Phase 44: per-step quantisation divergence at T= 64 (BF16 vs TurboLDM (3+1))
MMLU 1o GSM8K
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Figure 5: Trajectory lens for MMLU and GSMS8K.
MMLU decisions are sparse and early, while GSM8K
remains uncertain over more of the denoising path and
can recover from additional steps.

Figure 4: Accuracy vs. denoising-step budget for
GSMS8K and MMLU. GSMS8K recovers with more
steps; MMLU is flat in this grid.

reliable deployment rule. Table 34 is the matched-

Stage-stratified vs pooled calibration.
budget residual-scheduler ablation: it compares 8 ! vSP ! !

random, static, stage-sensitive, entropy-gated, and Variant Avg. bits MMLU GSMSK
layer'—once §chedules at similar bit budgets. The Stage-stratified (S=4) 353 370 55
ablation grid below collects the smaller-sample Pooled (S=1) 3.50 37.0 475
variants and identifies residual capacity, not exact

stage placement, as the repeatable lever. Residual schedule.

4076



Table 17: Storage audit on LLaDA-8B-Instruct. 7otal is the full model footprint (quantized linears + BF16 em-
beddings/head/norms). BF16 residual is the unquantized portion (embeddings + LM head + layer norms + biases).
Compression ratios are reported against the full BF16 model, rather than only the quantized linears, so they reflect

what a deployed checkpoint actually weighs.

Method Total GiB  BF16 residual GiB  Quantized part GiB ~ Compression vs BF16
BF16 baseline 14.93 14.93 0.00 1.00x
W4 uniform 5.38 1.93 3.45 2.77x
AWQ-4 5.38 1.93 3.45 2.77x%
TurboLDM (4+1) 5.64 1.93 3.71 2.65x%
TurboLDM (3+1) 4.82 1.93 2.89 3.10x

Table 18: Pilot isolated-projection sensitivity on
LLaDA-8B (MMLU-100). Each row quantizes only
the named projection or sublayer with 3-bit Turbo-
Quant (no residual). “Storage GB” is the compressed
storage of that named quantized projection or sublayer
only; the BF16 baseline quantizes none, so this quan-
tity is not applicable and is shown as “~”. Compound-
family conclusions use the corrected n=>500 rerun in
Table 20. A is change vs. BF16 baseline.

Module family =~ Storage GB MMLU A vs. BF16
mlp_down 0.62 35.0 -3.0
V_proj 0.21 38.0 +0.0
k_proj 0.21 39.0 +1.0
mlp_gate 0.62 40.0 +2.0
mlp_up 0.62 40.0 +2.0
q_proj 0.21 41.0 +3.0
attn_out 0.21 41.0 +3.0
BF16 baseline - 38.0 0.0
Variant Avg. bits MMLU GSMSK
No residual 3.26 36.0 62.5
Static mixed (Q-Diff.) 4.48 41.0 52.5
Stage residual 3.53 37.0 52.5
Stage + entropy gating 3.54 38.0 55.0
Sensitivity proxy.
Variant Avg. bits MMLU GSMSK
hidden MSE 3.53 41.0 45.0
attention MSE 3.51 37.0 62.5
activation max 3.60 36.0 50.0
Block size.
Variant Avg. bits MMLU GSMSK
block=64 3.83 37.0 62.5
block=128 3.53 33.0 55.0

Base/residual bit configuration.

Variant Avg. bits MMLU GSMSK
base=2 res=1 2.54 26.0 20.0
base=3 res=0 3.26 38.0 52.5
base=3 res=1 3.53 42.0 62.5
base=3 res=2 3.71 34.0 60.0
base=4 res=0 4.26 34.0 60.0
base=4 res=1 4.54 35.0 57.5

The calibration appendix is cautious. Stage-
stratified calibration appears promising in the
smallest sample but does not retain its margin
on the larger evaluation. Matched-budget resid-
ual placement also does not favor the sensitivity-
ranked stage schedule. The most repeatable knob
is residual capacity, especially the transition from
weaker low-bit settings to the (3+1) operating
point.

G Mixed-Bit Recipes

Table 35 reports a mixed-bit recipe comparison,
with recipes selected from the module-family map.
Table 36 evaluates the best recipes with larger n
and three seeds. The larger table supports the final
interpretation: mixed-bit recipes can save storage,
but they do not replace the 4-bit Pareto points at
quality parity.

The mixed-bit tables support a storage-first in-
terpretation. The best hand recipe saves storage
relative to uniform 4-bit linears, but the larger eval-
uation does not make it statistically interchange-
able with the best 4-bit baselines. More aggressive
attention compression collapses, consistent with
the compound-attention sensitivity result.

H Extra Tasks and Baseline Variants

Table 37 adds WinoGrande, OpenBookQA, and
BoolQ to check that the main-task conclusions are
not specific to MMLU/ARC/GSMS8K. Table 38
distinguishes GPTQ-full from the diagonal ap-
proximation used in earlier rows. Table 39 re-
ports HumanEval/MBPP checks. LLaDA-8B is
not code-tuned, so these numbers are an auxiliary
robustness check rather than a code-model deploy-
ment claim.

The extra MCQ datasets extend task cover-
age beyond the four main benchmarks. GPTQ-
full closes much of the gap left by the diagonal-
Hessian variant, confirming that GPTQ-diag
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Table 19: Isolated-projection sensitivity across four tasks with three seeds. Each row quantises only the named
projection or sublayer with 3-bit TurboQuant (no residual); everything else stays BF16. Reported as mean=+std
percentage accuracy over seeds {42, 43,44}. The erroneous duplicate compound rows from the review version are

removed; Table 20 gives the corrected joint-family rerun.

Family @MMLU ARC-C HellaSwag GSMS8K
attn_out 41.7+0.6 83.0£1.3 66.7£0.3 68.7£3.5
q_proj 423%1.0 84.3+03 664£1.0 69.7£1.5
k_proj 42.0+1.3 83.5+0.5 66.3+0.7 68.0£0.0
v_proj 432+1.6 82.7£1.0 65.1£0.5 65.3£1.5
ff_proj 43.0£1.0 82.0£1.5 659£0.5 67.0£5.3
ff out  44.5+1.8 82.2+1.2 66.1£0.7 66.0£3.6

Table 20: Corrected compound-family rerun on
LLaDA-8B-Instruct, also summarized in Table 2: full
compound families (attn_all = {q, k,v, attn_out},
mlp_all = {ff_proj,ff_out}) are quantised to-
gether at 3-bit (no residual). “GB” is the compressed
storage of the named quantized family only. The BF16
reference quantizes no family, so this family-only stor-
age quantity is not applicable and is shown as “~”. Sin-
gle seed, n=500. At the compound level attention is
the more sensitive family.

Family ~ |GB [MMLU|ARC-C

BF16 refer - 61.8 86.0
ence
attn_all
mlp_all

H.Swag|GSM8K
69.2 68.6

0.82| 55.6
1.23| 60.8

71.6
83.6

60.0
66.0

552
67.6

is a lower-bound implementation. The code-
generation check is outside the main benchmark
family. NF4 is the highest-scoring tested row on
these two slices, while TurboLDM-(3+-1) gives up
accuracy on both HumanEval and MBPP.

I Runtime, Memory, NF4, and Seed
Variance

Tables 40 and 41 report wall-clock throughput and
active VRAM. They separate the reference Tur-
boLDM implementation, which dequantizes into
BF16 buffers, from NF4, which is integrated with
a low-bit kernel in the tested stack. Table 42 re-
moves the persistent BF16 dequantization cache
by reconstructing weights in row chunks during
the forward pass. This reduces peak VRAM but
slows evaluation, so it is a reconstruction-memory
diagnostic, not a fused kernel. Table 43 ex-
tends the NF4 check across model families. Ta-
bles 44 and 45 quantify seed variance, especially
on GSMS8K. The larger paired-bootstrap evalua-
tion is the basis for the main claims.

In the end-to-end decoder study, NF4 is the in-
tegrated low-bit kernel path in the tested stack.

Table 21: Embedding/head/module-family ablation on
LLaDA-8B-Instruct, all using the TurboLDM (3+1)
recipe, i.e., 3 base bits plus a 1-bit residual code.
“Quant. GiB” is the size of the low-bit linears only;
the BF16 residual varies across rows because each
ablation leaves a different subset untouched. “With
head” quantizes the 126,464 x 4096 LM head (which
the default recipe leaves in BF16) by raising the
iter_named_linears cap from 5 x 10* to 2 x
10%; quantizing the embedding table would require a
QuantizedEmbedding module and is out of scope. All
scores are MMLU with n=75 examples (std ~ 5.7pp at
this n); differences inside that envelope are noise, dif-
ferences outside it are signal.

Ablation Avg. bits Quant. GiB MMLU (n=75)
Default (attn + MLP;  3.55 2.89 0.360
embed, head, norms

BF16)

+ LM head quan- 3.61 2.94 0.453
tized (3+1, cap

raised)

Attn  family only 3.68 0.92 0.347
(MLP left BF16)

MLP family only 3.46 1.95 0.387
(attn left BF16)

It is slower in this measurement because de-
quantization occurs inside the matmul, but it
materially lowers active inference VRAM. The
chunked-dequant diagnostic shows that removing
the cached BF16 buffer can recover part of the
memory gap, but the released TurboLDM imple-
mentation remains a storage result rather than a
deployment-speed runtime. Seed tables show that
small-sample GSMS8K differences can fall within
seed variance, which is why we emphasize paired-
bootstrap intervals for the main conclusions.

J  Cross-Family Transfer

Table 46 evaluates Dream-7B with its native de-
coder and shows that Dream is more fragile under
the same PTQ recipes than LLaDA. Table 47 re-
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Table 22: LM-head quantisation across four tasks with three seeds. For TurboLDM, (b+1) means b base bits plus a
1-bit residual code; we compare leaving the LM head at BF16 with quantising it using the same recipe. Scores are
accuracy percentage: across-seed mean =+ seed standard deviation. MMLU n=200, ARC-C n=200, HellaSwag

n=300, GSM8K n=100.

Method LMhead MMLU ARC-C HellaSwag GSMSK
TurboLDM (3+1)  BF16  42.0+1.3 7554+09 59.6£1.5 61.3+4.0
TurboLDM (3+1) quantised 42.3+0.6 74.8+1.3 593+1.2 60.7£2.5
TurboLDM (4+1)  BF16  42.0+1.0 82.0+1.0 629%1.5 66.3+£29
TurboLDM (4+1) quantised 43.3+1.5 80.5+0.9 63.0£0.7 63.7£3.1
AWQ-4 BF16  44.7+13 828%+13 67.1£05 69.7£1.2

Table 23: 4-bit groupwise QuantizedEmbedding for
the input embedding table on top of TurboLDM-(3+1)
(3 base bits plus a 1-bit residual code). This saves
~ 780 MiB of BF16 residual at the cost of an in-flight
dequantisation per gathered row. Compare the rows be-
low to the TurboLDM-(3+-1) row of Table 14.

Dataset Avg bits Storage GB Score Wall (s)
MMLU 3.55 2.89 582 1319
ARC-C 3.55 2.89 79.6 1323
HellaSwag  3.55 2.89 60.8  150.5
GSM8K 3.55 2.89 58.6  981.0

Table 24: Per-depth sensitivity on LLaDA-8B-Instruct.
Each row quantizes a contiguous transformer-block
range at 3-bit uniform and leaves the rest BF16.

Block range  Storage GB MMLU GSM8K
blocks 0-7 0.66 39.0 57.5
blocks 8-15 0.66 42.0 62.5
blocks 16-23 0.66 36.0 45.0
blocks 24-31 0.66 36.0 70.0

peats the per-family map on Dream and preserves
the compound-attention warning. Table 48 moves
to MDLM-OWT and shows that the fragile MLP
sublayer can change by architecture. Tables 49,
50, 51, and 52 test encoder-only masked LMs and
show that encoder transfer is qualitatively different
from generative diffusion-LM transfer. Tables 53
and 54 cover sparse/MoE scaling and lazy recon-
struction; they demonstrate memory feasibility but
not quality parity at 16B.

Transfer is uneven. The compound-attention
pattern transfers to Dream-7B, but Dream is
more PTQ-fragile overall. MDLM-OWT changes
which MLP sublayer is most fragile. Encoder-
only masked LMs are easier under 4-bit quanti-
zation than the generative diffusion LMs in these
slices. The 16B lazy-reconstruction experiment es-
tablishes memory feasibility, but its quality col-
lapse and missing AWQ/NF4 controls prevent

treating it as a deployment solution or assigning
the failure to lazy reconstruction alone.

K Adaptive Denoising and Weight
Fingerprints

Table 55 evaluates an adaptive denoising-step pol-
icy that escalates when an answer is not parseable
or low-margin. It matches the step-count tables:
adaptive compute helps GSM8K-like generation
in some rows but does little for MMLU-like MCQ
scoring. Table 56 reports correlations between
simple weight statistics and observed fragility.
These fingerprints do not replace direct calibration,
but they identify cheap statistics worth testing for
sensitivity prediction.

Adaptive-T" policies matter because step count
is one of the few deployment knobs that inter-
acts directly with diffusion-LM quality. The fin-
gerprint table records correlations between layer
statistics and observed family fragility. These di-
agnostics are not standalone selection rules, but
they point to cheaper sensitivity predictors.

L Figures

This appendix collects the full-size plots used in
the main analysis. Figure 6 expands the stage-
by-layer sensitivity view behind the compound-
attention result. Figure 7 shows the quality-
storage frontier that separates AWQ-4, NF4, and
the lower-storage TurboLDM rows. The step-
count and trajectory plots are shown earlier in
Appendix E: Figure 4 shows that GSM8K bene-
fits from more denoising steps while MMLU does
not, and Figure 5 explains that difference through
the timing of token decisions along the denoising
path.

M Implementation Notes

same
which

All quantized linears
forward(x) interface as

preserve the
nn.Linear,
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Table 25: Step-count x quantisation Pareto. Each cell is accuracy% (wall seconds). Five methods x five 7" values

on MMLU n=200 and GSM8K n=100, single seed.

Method / dataset T=8 T=16 T=32 T=64 T=128

BF16 / MMLU 43.5 (258) 43.5(47s) 43.5(92s) 43.5(183s) 43.5(365s)
BF16 / GSM8K 26.0 (24s) 33.0 (44s) 57.0(86s) 69.0 (171s) 73.0 (340s)
W4 / MMLU 44.0 (24s) 44.0 (47s) 44.0(92s) 44.0 (183s) 44.0 (366s)
W4 / GSM8K 22.0 (23s) 31.0 (44s) 53.0(86s) 68.0(171s) 76.0 (341s)
AWQ-4 / MMLU 44.5 (24s) 44.5(47s) 44.5(92s) 44.5 (184s) 44.5 (366s)
AWQ-4 / GSM8K 21.0 (23s) 26.0 (44s) 55.0(87s) 69.0 (171s) 69.0 (342s)
TurboLDM (3+1) / MMLU 41.5 (27s) 41.5(52s) 41.5(104s) 41.5(206s) 41.5 (411s)
TurboLDM (3+1) / GSM8K  12.0 (26s) 14.0 (50s) 39.0 (99s) 57.0 (197s) 65.0 (392s)
TurboLDM (4+1) / MMLU 42.0 (27s) 42.0 (53s) 42.0 (104s) 42.0 (206s) 42.0 (412s)
TurboLDM (4+1) / GSM8K  14.0 (26s) 29.0 (51s) 51.0(99s) 68.0 (197s) 71.0 (393s)

Table 26: Step-count X quantization interaction on
LLaDA-8B.

Method Dataset T=16 T=32 T=64
FP16/BF16 MMLU 38.0 38.0 38.0
FP16/BF16 GSMS8K 25.0 60.0 62.5
AWQ-4 MMLU 45.0 45.0 45.0
AWQ-4 GSMSK 22.5 45.0 70.0
TurboLDM (3+1) MMLU 36.0 36.0 36.0
TurboLDM (3+1) GSMSK 15.0 37.5 52.5

Table 27: Bit-width versus denoising-step trade-off on
LLaDA-8B-Instruct (n=150 GSMS8K, n=200 MMLU).
In TurboLDM (3+1), 3 is the base-bit code and +1 is
a 1-bit residual code. More denoising steps recover
GSMSK accuracy but leave MMLU unchanged in this
grid.

GSMBSK (steps)
Method Bits 16 32 64

MMLU (steps)
16 32 64

BF16 16.00 38.0 55.3 68.0
TurboLDM (4+1) 4.55 26.0 46.7 66.7
TurboLDM (3+1) 3.55 18.0 40.0 57.3

44.0 44.0 44.0
43.0 43.0 43.0
40.5 40.5 40.5

is why the same decoder code can be used for
BF16 and quantized rows. The reference Tur-
boLDM runtime favors simple verification over
deployment efficiency: it stores compact codes on
disk but dequantizes to BF16 buffers for forward
passes. NF4 uses bnb.Linear4bit; its integra-
tion is the source of the observed live-memory
advantage in this stack, not an inherent property of
the NF4 format. Optimized AWQ/GPTQ kernels
exist in other runtimes. The GPTQ-diag rows use
a diagonal Hessian approximation and are not
claimed to represent the strongest possible GPTQ
implementation; the GPTQ-full rows are included
to make this distinction explicit. The AWQ
rows use an activation-aware scaling fallback
inside the same wrapper stack, not an AutoAWQ
deployment kernel; accordingly they should be
read as quality baselines rather than low-memory

LLaDA-8B stage-wise sensitivity (top 24 layers)

3Lff_out
15.ff_out
14.ff_out
31.attn_out
30.f_out
3Lv_proj
3L.up_proj
31ff_proj
30.v_proj
29.f_out
28.f_out
30.attn_out
29.v_proj
27.ff_out
28.v_proj
30.up_proj
6.ff_out

hidden MSE after 3-bit TurboQuant

27.v_proj
30.f_proj
26.f_out
26.v_proj
13.f_out
29.up_proj
25.v_proj

S0 S1 S2 S3
Stage (0O=early mask-heavy, N-1=late)

Figure 6: Stage-wise sensitivity heatmap for the most
sensitive LLaDA-8B linear layers. Sensitivity is con-
centrated in specific module families rather than uni-
formly spread across depth and denoising stage.

runtime claims.

N Compute and Reproducibility

Experiments were run on a single NVIDIA
RTX 5090 with 32GB VRAM, PyTorch 2.11,
CUDA 13.0, and transformers 4.55. Calibra-
tion uses WikiText-103 snippets capped at 256
tokens. The main comparison uses n=500 ex-
amples and three seeds for non-degenerate rows;
many diagnostic and transfer checks are single-
seed and labeled accordingly. The supplemen-
tary artifact includes the generated tables, figures,
and logs needed to verify the reported numbers.
Two raw trajectory dumps are too large for or-
dinary Git storage and are omitted; the reposi-
tory includes their derived tables and summaries.
Camera-ready source and the public artifact are
available at https://github.com/misterpaw
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Table 28: Step-budget ablation under quantisation on LLaDA-8B. TurboLDM-(3+1) means 3 base bits plus a 1-bit
residual code. MMLU is T-invariant for both TurboLDM and NF4, while GSM8K improves monotonically across

the tested range.

T
Method / Task 2 4 8 16 32 64
NF4 / MMLU 0.445 0420 0.410 0.410 0410 0.410
TurboLDM-(3+1) /MMLU 0.400 0.415 0.410 0410 0410 0.410
T

Method / Task 16 32 64 128

NF4 / GSM8K 034 052 069 0.76
TurboLDM-(3+1) /GsM8K  0.14 0.39 0.57 0.65

Table 29: Trajectory entropy and per-step confidence
on LLaDA-8B over 32 prompts (16 MMLU + 16
GSMB8K) at T=64. TLDM abbreviates TurboLDM,
and (b+1) means b base bits plus a 1-bit residual
code. TLDM (3+1) raises MMLU early-step uncer-
tainty, while TLDM (4+1) is entropy-equivalent to
BF16 on GSM8K.

Method Dataset Mean H First H Final H Mean conf.
BF16 MMLU 0.215 0.147 1.291 0.991
BF16 GSMSK 1.750 3.546 1.116 0.950
TLDM MMLU 0.217 0.161 1.284 0.990
4+1)

TLDM GSMS8K 1.727 3.637 1.013 0.951
4+1)

TLDM MMLU 0.293 0445 1.384 0.988
B+

TLDM GSM8K 1.866 3.720 1.120 0.952
(3+1)

Table 30: Trajectory quantisation lens. TurboLDM-

(341) means 3 base bits plus a 1-bit residual code.
Each row reports BF16-vs-TurboLDM KL at the filled
position plus top-1 agreement; on GSM8K late-step KL
is much smaller than early, while MCQ changes little.

mean KL mean top-1 mean K. mean KL

Task (all steps) agree early late
MMLU 0.001 99.4% 0.000 0.006
GSM8K  2.171 80.5% 1.408 4.327

an/turbo-quant-paper.git.

Use of LLMs

Large language models were used to improve writ-
ing and editing. The research ideas, experimental
design, and experimental plan were developed by
the authors. A coding assistant was used for im-
plementation support.

Table 31: Calibration-size sweep for TurboLDM (3+1),
meaning 3 base bits plus a 1-bit residual code, on
LLaDA-8B-Instruct. All five calibration sizes sit inside
the MMLU n=75 noise envelope, so this slice does not
show a reliable calibration-size effect.

Nca Avg. bits MMLU (n=75) Wall (s)
8 3.54 0.347 20.9
24 (default) 3.55 0.360 20.2
64 3.57 0.360 20.5
128 3.57 0.360 20.3
256 3.57 0.320 20.0

Table 32: Stage-bin ablation for TurboLDM (3+1),
meaning 3 base bits plus a 1-bit residual code, on
LLaDA-8B-Instruct. All four S values fall inside the
MMLU n=75 noise envelope; residual capacity, rather
than stage placement, is the stable signal.

S Avg. bits MMLU (n=75) Wall (s)

1 (pooled) 3.50 0.413 18.9
2 3.53 0.333 18.2
4 (default) 3.55 0.360 20.3
8 3.55 0.360 20.2

Table 33: Stage-stratified calibration on GSM8K and
MMLU. TurboLDM (3+1) means 3 base bits plus a
1-bit residual code. Pooled S=1 stays within +5pp of
S=4 on GSM8K, and MMLU is flat, so stage placement
is not reliable here.

Dataset S Neg =24 Ny = 64
GSM8K 1 61.0 60.0
GSM8K 2 56.0 61.0
GSM8K 4 57.0 57.0
GSM8K 8 57.0 57.0
MMLU 1 44.0 39.5
MMLU 2 39.0 42.5
MMLU 4 41.5 41.0
MMLU 8 41.5 41.0
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Table 34: Matched-budget residual-schedule ablation. Every row uses base_bits= 3, residual_bits= 1, S=4; we
vary only the schedule mode and residual top-fraction. Three coverages compare the sensitivity-ranked “stage”
mode at matched average bits against unscheduled baselines. Score is accuracy percentage on a single seed; the
headline (341) operating point in the main table corresponds to the “stage, 0.15” row.

Schedule mode top-frac Avg bits GSM8K MMLU ARC-C
No residual (base only)  0.00 3.25 60.0 41.5 77.0
Random (top-frac pairs) 0.15 4.04 63.0 42.5 80.0
Static layer (all stages)  0.15 3.51 61.0 40.0  79.0
Stage sensitivity (default) 0.15 3.55 57.0 41.5 76.0
Stage + entropy gating ~ 0.15 3.55 57.0 41.5 76.0
Layer-once knapsack 0.15 3.51 61.0 40.0 79.0

Stage sensitivity (default) 0.30 3.79 67.0 42.5 80.0
Stage sensitivity (default) 0.60 4.23 66.0 41.5 78.5

Table 35: Mixed-bit recipes on LLaDA-8B-Instruct. Each row applies different bit-widths to different module
families in the same model; @3 and @4 denote the bit width assigned to that family, and up, gate, and down are the
MLP sublayers.

Recipe Avg. bits Storage GB MMLU ARC-C H.Swag GSM8K Mean
attn@3 + MLP@4 3.94 3.20 39.3 79.0 59.5 60.0 595
attn@4 + MLP@3 3.56 2.89 39.3 78.0 63.5 547 589
attn@3 + up&gate@3 + down@4  3.48 2.83 39.3 76.0 57.5 533 565
attn@2 + MLP@4 3.63 2.95 17.3 27.0 29.5 0.0 18.5

Quality vs. parameter storage — LLaDA-8B / MMLU

.AWQ'4
44 W4 (uniform)
@Q-Diff- (4b)
434
424 .TurboLDM (4+1)

P16/BF16

1 @UrboLDM (3+1)

38 | @coPTe4
T T T T T T
4 6 8 10 12 14
Parameter storage (GB, lower is better)

Figure 7: Quality—storage Pareto curve. AWQ-4 occu-
pies the highest-quality end of the curve, while lower-
bit TurboLDM rows move toward smaller checkpoints
with larger quality loss.
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Table 36: Mixed-bit recipes at n=500 with three seeds. Mean=std accuracy. In recipe names, @3 and @4 denote
the bit width assigned to that module family; up, gate, and down are MLP sublayers. Compare against the corre-
sponding W4 / AWQ-4 / TurboLDM rows of Table 14.

Recipe MMLU ARC-C H.Swag GSMSK
attn@3 + MLP@4 58.2+0.0 82.440.0 61.0+0.0 67.0+0.0
attn@4 + MLP@3 56.24+0.0 81.4£0.0 65.2+0.0 62.8+0.0
attn@3 + up&gate @3 + down@4 56.4£0.0 79.8+£0.0 59.6+0.0 59.84+0.0
attn@2 + MLP@4 20.0+£0.0 27.8+£0.0 24.6+0.0 1.0£0.0

Table 37: Additional MCQ benchmarks on LLaDA-8B-
Instruct. TLDM abbreviates TurboLDM; (b+1) means
b base bits plus a 1-bit residual code.

Method Bits WinoG. OBQA BoolQ
FP16/BF16 16.00 80.0 84.5 89.0
AWQ-4 425 805 855 90.0

TLDM (4+1) 458 785 835 89.0
TLDM (3+1) 3.57 745 790 875

Table 38: Full-Hessian GPTQ baseline at n=500. For
each method the value is single-seed accuracy.

Method Avg bits MMLU ARC-C H.Swag GSM8K

gptq_full_3  3.25 53.2 74.6 55.0 35.0
gptq_full_4 425 60.0 84.8 65.2 66.6

Table 39: Code-generation check on LLaDA-8B.
TurboLDM-(3+1) means 3 base bits plus a 1-bit resid-
ual code. We report single-sample pass@1 with a
sandboxed Python executor on HumanEval (n=80) and
MBPP (n=150, full config). LLaDA-8B-Instruct is
not code-tuned, so the absolute MBPP scores are low;
the table is an auxiliary robustness check rather than a
code-model claim. NF4 is the highest-scoring tested
row on both slices, while TurboLDM-(3+1) trails
BF16 on HumanEval and MBPP.

Method HumanEval pass@1 MBPP pass@1
BF16 0.625 0.040
NF4 0.663 0.047
TurboLDM-(3+1) 0.588 0.020
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Table 40: Wall-clock throughput (tokens/sec) on a single NVIDIA RTX 5090. Config values gen64 and gen128
denote generation lengths of 64 and 128 tokens. Peak mem is GPU peak memory during generation; our reference
runtime caches the dequantized weight, so the storage compression in Table 14 does not translate to lower peak
inference VRAM.

Method Avg.bits Config Peak mem. GB  Tokens/sec ~ Wall (s)
FP16/BF16 16.00 gen64 15.2 197.0 0.6
FP16/BF16 16.00 genl28 15.5 137.9 1.9
W4 (uniform) 4.25 gen64 15.2 196.8 0.7
W4 (uniform) 4.25 genl28 15.5 137.9 1.9
AWQ-4 4.25 gen64 15.2 196.8 0.7
AWQ-4 4.25 genl28 15.5 138.3 1.9
TurboLDM (4+1) 4.57 gen64 18.1 165.1 0.8
TurboLDM (4+1) 4.57 genl28 18.3 122.0 2.1
TurboLDM (3+1) 3.56 gen64 17.9 163.4 0.8
TurboLDM (3+1) 3.56 genl28 18.1 121.8 2.1

Table 41: Decoder throughput on LLaDA-8B at three generation lengths, batch 1, single warm-up plus one timed
pass averaged across two prompts. Among these end-to-end decoder rows, NF4 is the one integrated with a low-bit
kernel in our stack, and the peak VRAM column reflects that: NF4 cuts active memory from ~ 15 GiB to ~ 6 GiB.
The reference TurboLDM implementation caches a dequantised BF16 buffer per linear, so its peak VRAM is
intentionally the bf16 footprint plus the small dequantised overhead. These measurements characterize the tested
implementation, not an inherent NF4-format advantage; optimized AWQ/GPTQ kernels also exist.

\ gen_len=64, T=32 gen_len=128, =64 gen_len=256, T=128

Method | tok/s | VRAM (GiB) | tok/s | VRAM (GiB) | tok/s | VRAM (GiB)
BF16 195.3 15.24 | 138.6 15.45 | 76.3 15.88
TurboLDM-(3+1) (deq buffer) | 164.3 17.90 | 122.0 18.11 | 70.7 18.53
NF4 65.4 572 | 583 5.83 | 436 6.23

Table 42: Cached-dequant versus chunked low-bit
forward on LLaDA-8B-Instruct (MMLU, n=75).
Implemented by  UniformLinearChunked in
codes/TurbolLDM_experiments_helper.py, the
chunked proxy reconstructs each BF16 weight in
512-row slices during the forward pass and removes
the persistent per-layer BF16 cache. It cuts peak
VRAM from 15.45 to 9.05 GiB but slows the forward
pass and is explicitly not a fused CUDA kernel.

Method Mode  Storage GB Peak VRAM GB MMLU Wall (s)
AWQ-4 cached 3.45 15.45 36.0 21.5
AWQ-4 chunked 345 9.05 8.0 65.3
W4 cached 345 15.45 42.7 21.1
w4 chunked 3.45 9.05 40.0 65.7
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Table 43: NF4 (bnb.Linear4bit, weight-only) across model families. The LLaDA-8B scores were reproduced ex-
actly with seeds 17/42/101 under deterministic decoding; Dream-7B and the other transfer checks are single-seed
unless stated otherwise. Peak inference VRAM is the runtime memory of the live forward pass at gen_length=128,
T'=64, batch 1. NF4 is integrated with a low-bit kernel in this tested runtime; this does not imply an inherent ad-
vantage over optimized implementations of other formats. LLaDA-MoE was evaluated at n=300 to keep runtime
bounded; all other rows are n=>500. Encoder rows (BERT/RoBERTa/MDLM-OWT) report masked-token NLL
on a 300-paragraph WikiText-103 slice at 0.15 masking ratio; lower is better. A “—” in the Peak column means
that a comparable end-to-end peak-VRAM measurement was not collected for that transfer run. The generative
MMLU/ARC-C/HellaSwag/GSMS8K columns are not applicable to the encoder rows and are therefore replaced by
their masked-token NLL and perplexity.

Model MMLU ARC-C HellaSwag GsM8K Peak (GiB)
Decoders, generative MCQ exact-match accuracy / GSMSK final-number match
LLaDA-8B-Instruct (NF4) 60.2 85.4 68.8 69.0 6.07
Dream-7B-Instruct (NF4) 59.8 76.0 48.6 13.0 —
LLaDA-MoE-7B (NF4) 51.7 83.0 59.7 64.7 5.42
Encoders, masked-NLL on WikiText-103 (lower is better; PPL in parens)
BERT-base (NF4) NLL 2.40 PPL 11.0 —
RoBERTa-base (NF4) NLL1.90 PPL 6.7 —
MDLM-OWT (NF4) NLL 2.28 PPL 9.8 —

Table 44: GSMS8K seed variation on LLaDA-8B-
Instruct (n=200, low-confidence remasking). Quan-
tized rows use seeds {17,42, 101}; BF16 is the seed-42
reference. In TurboLDM (3+1), 3 is the base-bit code
and +1 is a 1-bit residual code; the row is compact but
not quality-equivalent.

Method | Avg. bits| Seeds |Mean| Std | Min-Max |
BF16 16.00 1 |68.00/0.00| 68.0

Uniform-int4 4.25 3 167.00/0.00|67.0-67.0
GPTQ-4 4.25 3 |58.83|2.02|57.0-61.0
AWQ-4 4.25 3 168.00/2.29|65.5-70.0
TurboLDM (4+1)| 4.60 3 163.83|2.57|61.0-66.0
TurboLDM (3+1)| 3.60 3 159.33|1.89|58.0-61.5

Table 45: Three-seed variance on LLaDA-8B-Instruct
(seeds 11, 22, 33). Reported as mean + std over seeds.

Method MMLU GSMBK
FP16/BF16 380+£0.0 625£00
AWQ-4 440+£17 625+75

TurboLDM (3+1) 363+ 15 550+6.6
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Table 46: Cross-family transfer to Dream-7B-Instruct (Ye et al., 2025) on a matched n=>500 grid. Evaluation uses
Dream’s native diffusion_generate decoder. TLDM abbreviates TurboLDM; (b+1) means b base bits plus a
1-bit residual code. Dream is more sensitive to PTQ, especially for TLDM-(3+1) and GSM8K.

Method Avg. bits Storage GB MMLU ARC-C H.Swag GSMSK
BF16 16.00 59.2 77.4 52.6 17.4
NF4 6.38 59.8 76.0 48.6 13.0
AWQ-4 4.25 52.0 73.6 52.8 8.4
TLDM (3+1) 3.56 43.6 58.4 38.0 5.8

Table 47: Dream-7B per-family isolated 3-bit quantisa-
tion, counterpart of the LLaDA-8B map (Appendix D).
Each row quantises only one family of linears at base
3 bits, residual 0, with the rest of the model held in
BF16. Compound entries ATTN_ALL and MLP_ALL
apply the same 3-bit quantiser to every linear in the
named block. Single-seed, n=200 MCQ / n=100
GSM8K. The compound-attention drop reproduces the
LLaDA-8B finding that individual attention projections
are cheap to quantise but compound-quantising atten-

tion is much more expensive.

Family quantised MMLU ARC-C HellaSwag GSM8K

Q_PROJ 0.420 0.735 0.430 0.130
K_PROJ 0.410  0.750 0.525 0.200
V_PROJ 0.440 0.770 0.510 0.130
O_PROJ 0415 0.735 0.485 0.190
ATTN_ALL 0.360 0.610 0.345 0.060
GATE_PROJ 0.400 0.760 0.515 0.160
UP_PROJ 0.400 0.750 0.530 0.140
DOWN_PROJ 0.390 0.795 0.475 0.160
MLP_ALL 0.380  0.695 0.460 0.060

Table 48: Cross-family transfer to MDLM-OWT
(170M, Kuleshov group). Masked-token NLL / per-
plexity on a 128-paragraph WikiText-103 validation

slice at 15% masking ratio. Lower is better.

Method Avg. bits Storage GB NLL PPL
FP32 baseline 32.00 0.63 2236 9.35
W4 (uniform) 4.29 0.05 2492 12.09
AWQ-4 4.29 0.05 2248 9.47
TurboLDM (4+1)  4.48 0.05 2310 10.07
TurboLDM (3+1) 3.45 0.04 2599 13.45
Module-family sensitivity (3-bit TurboQuant on only that family):
MLP up (mlp.0) 3.29 0.01 2.499 12.17
MLP down (mlp.2) 3.37 0.01 2248 9.47
attn QKV (packed) 3.46 0.01 2.278 9.75
attn output 3.46 0.00  2.059 7.84
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Table 49: Encoder-only masked-LM transfer: BERT-base, RoBERTa-base, DeBERTa-v3-base.

NLL at 15% masking on a WikiText-103 validation slice (lower is better).

Model Method Avg. bits  Storage GB NLL PPL

bert-base FP16/BF16 32.00 0.41 2.289 9.86
W4 (uniform) 4.28 0.04 2360 10.59
AWQ-4 4.28 0.04 2.258 9.57
TurboLDM (4+1) 4.65 0.05 2371 10.71
TurboLDM (3+1) 3.66 0.04 2.655 1422

roberta-base FP16/BF16 32.00 0.46 1.555 4.73
W4 (uniform) 4.28 0.04 2518 1240
AWQ-4 4.28 0.04 2.021 7.55
TurboLDM (4+1) 4.43 0.04 2441 1149
TurboLDM (3+1) 3.45 0.03 5.138  170.29

Table 50: Encoder-only masked-LM transfer: BERT-
base, RoBERTa-base, and DeBERTa-v3-base on a 512-
paragraph WikiText-103 slice. Masked-token NLL at
15% masking (lower is better). ANLL is the increase
over the FP32 baseline.

Model Method Avg bits NLL ANLL PPL

bert-base  bfl6 32.00 2.349 +0.000 10.47
bert-base  uniform-int4  4.28 2.431 +0.082 11.37
bert-base  awq-4 4.28 2469 +0.121 11.82

bert-base  turboldm-4pl 4.62 2.341 -0.007 10.40
bert-base  turboldm-3pl 3.68 2.828 +0.480 16.92

roberta-base bf16 32.00 1.695 +0.000 5.45
roberta-base uniform-int4 ~ 4.28 2.631 +0.935 13.88
roberta-base awq-4 428 2.126 +0.430 8.38

roberta-base turboldm-4pl  4.45 2.487 +0.792 12.03
roberta-base turboldm-3pl  3.47 5.025 +3.330 152.24

Table 51: DeBERTa-v3-base masked-LM transfer.
Masked-token NLL at 15% masking on the same 512-
paragraph WikiText-103 slice as the BERT/RoBERTa
encoder checks; lower is better; ANLL is increase over

the FP32 baseline.
Method Avg bits NLL ANLL PPL
FP32 baseline 32.00 15.862 +0.000 7738557.00
W4 (uniform) 428 16.486 +0.624 14440152.00
AWQ-4 428 16.171 +0.310 10546421.00

TurboLDM (4+1) 4.73 15.747 -0.115 6897126.50
TurboLDM (3+1) 3.73 15.670 -0.191 6391318.50

Table 52: DeBERTa vl / v2 masked-LM transfer on
non-RTD checkpoints. Masked-token NLL at 15%
masking on 512-paragraph WikiText-103. Lower is bet-
ter; ANLL is increase over the FP32 baseline.

Model Method Avg bits NLL PPL

deberta-vl-base FP32 baseline 32.00 11.558 104617.43
deberta-vl-base W4 (uniform) 4.27 11.520 100673.71
deberta-vl-base AWQ-4 4.27 11.550 103729.56
deberta-vl-base TurboLDM (4+1) 4.61 11.608 109943.86
deberta-vl-base TurboLDM (3+1) 3.58 11.568 105631.19

deberta-v2-xlarge FP32 baseline 32.00 12.935 414506.53
deberta-v2-xlarge W4 (uniform) 427 12997 441119.56
deberta-v2-xlarge AWQ-4 4.27 13.011 447290.88
deberta-v2-xlarge TurboLDM (4+1) 4.74 13.073 475827.25
deberta-v2-xlarge TurboLDM (3+1) 3.76 13.127 502544.03
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Table 53: Scaling study: LLaDA-MoE-7B-A1B-Instruct (7B, 1B-active MoE) and LLaDA2.0-mini (16B, A1B
MOoE). TurboLDM-(341) means 3 base bits plus a 1-bit residual code and trades substantial quality for storage.
TLDM-lazy reconstructs compact TurboLDM weights on the fly rather than caching a BF16 copy. The 16B rows
test memory feasibility, not quality parity; without matched AWQ/NF4 baselines, they do not isolate the cause of
the quality collapse.

Model Method Avg. bits Storage GB Peak mem. GB MMLU
LLaDA-MoE-7B FP16/BF16 16.00 13.70 14.4 50.0
LLaDA-MoE-7B NF4 4.00 433 5.4 51.7
LLaDA-MoE-7B AWQ-4 4.25 332 14.6 51.7
LLaDA-MoE-7B TLDM (3+1) 3.45 2.70 16.6 453
LLaDA2.0-mini (16B) FP16/BF16 16.00 30.28 26.2 64.0
LLaDA2.0-mini (16B) TLDM-lazy (4-bit) 4.25 7.72 17.1 227
LLaDA2.0-mini (16B) TLDM-lazy (3-bit) 3.25 591 17.1 17.3

Table 54: LLaDA2.0-mini (16B) lazy-quantisation di-
agnostic. Lazy-4 MLP only applies lazy 4-bit Tur-
boLDM reconstruction to MLP layers; Lazy-(4+2) full
model uses 4 base bits plus a 2-bit residual code across
the full model. Each row is MMLU n=75 and the
BF16 baseline is 64.0. These rows establish memory
feasibility only. Because matched AWQ/NF4 baselines
are absent, the quality loss cannot be attributed specifi-
cally to lazy reconstruction.

Config Avg bits Storage GB Peak mem GB MMLU
Lazy-4 MLP only 425 7.62 17.2 29.3
Lazy-(4+2) full model  4.92 8.94 21.5 28.0
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Table 55: Adaptive denoising-step controller (start at T=32, escalate to 64 then 128 when the answer is not
parseable or its margin is too low). NFE is the cumulative number of denoiser evaluations across the slice. On
LLaDA-8B BF16 the adaptive policy reaches fixed-T'=64 accuracy on GSM8K at roughly half the NFE; on NF4
the policy collapses (fixed-T'=128 wins outright); on Dream-7B under TurboLDM-(3+1), meaning 3 base bits
plus a 1-bit residual code, the policy matches fixed-7'=32 but cannot recover the BF16 score because the under-
lying quantised Dream is already saturated. MMLU is policy-invariant on every (model, method) pair we tested,
consistent with the observation that the answer letter settles within the first few denoising steps.

MMLU (n=100) GSM8K (n=>50)

Model Method Policy Acc NFE Acc NFE
LLaDA-8B BF16 fixed 7=32 0.38 3200 0.58 1600
fixed =64 0.38 6400 0.64 3200
fixed 7=128 0.38 12800 0.64 6400
adaptive 0.38 3200 0.62 1728
LLaDA-8B TurboLDM-(3+1) fixed 7=32 0.35 3200 0.38 1600
fixed T=64 0.35 6400 0.52 3200
fixed 7=128 0.35 12800 0.62 6400
adaptive 0.35 3200 0.40 1856
LLaDA-8B NF4 fixed 7=32 0.37 3200 0.52 1600
fixed 7=64 0.37 6400 0.58 3200
fixed 7=128 0.37 12800 0.68 6400
adaptive 0.37 3200 0.52 1600
Dream-7B  TurboLDM-(3+1) fixed 7=32 0.31 3200 0.04 1600
fixed T=64 0.22 6400 0.08 3200
fixed 7=128 0.30 12800 0.04 6400
adaptive 0.31 3200 0.04 2368

Table 56: Per-(model, family) weight fingerprint and its correlation with isolated-family quantisation loss. Top
block: mean of the 99.9th-percentile-to-RMS ratio of |w| within each family, averaged across all architecture-
native layers matched to that family. A dash means that no separately named family matches the column, not
that the statistic is zero: LLaDA-8B uses ff_out rather than down_proj, while LLaDA2.0-mini packs Q/K/V
into query_key_value, so separate q_proj and v_proj entries are not applicable. Bottom block: Spearman p
between the per-family weight stat and the BF16-relative accuracy drop when only that family is quantised at 3-bit
(uses the sensitivity numbers from Appendix D for LLaDA-8B and Dream-7B). The pgg.9/RMS ratio predicts
family fragility on competence-saturated tasks (p=+0.77 on LLaDA-8B/MMLU, +0.53 on Dream-7B/ARC-C);
max /RMS alone (i.e. a single outlier) does not. Lower p on GSM8K reflects that the underlying BF16 reference
is itself noisy on that task for Dream-7B.

Mean pgg.9 /RMS per family

Model g_proj v_proj up_proj down_proj
LLaDA-8B-Instruct 388 349 3.41 —
Dream-7B-Instruct 4.24 3.98 3.65 3.67
LLaDA-MoE-7B 457  3.68 3.54 3.51
LLaDA2.0-mini (16B) — — 3.44 3.44

Spearman p vs. family acc. drop

Stat LLaDA-8B/MMLU Dream/MMLU Dream/ARC-C Dream/GSM8K
max /RMS —0.03 —0.30 —0.29 —0.20
D99.9/RMS +0.77 +0.53 +0.53 —0.27
mean|w|/RMS —0.77 —0.53 —0.53 +0.27
frac. |w| > 5 RMS +0.66 +0.53 +0.53 —0.44
stable rank —0.43 —0.36 —0.25 +0.35
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