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Abstract
Autoregressive (AR) language models dominate to-

day’s LLM deployments. Masked di!usion language models
(MDLMs) have recently achieved quality comparable to
similarly scaled AR models, yet their inference behavior on
modern GPUs remains largely uncharacterized. We present
a hardware-level characterization of representative di!usion
language models and show that, although MDLMs and AR
models share similar Transformer building blocks, di!usion
inference exhibits fundamentally di!erent bottlenecks at the
hardware level, breaking the assumptions underlying modern
AR serving architectures and systems.

First, we "nd that each denoising forward pass is compute-
bound and operates near the GPU roo#ine, shifting the
bottleneck from HBM bandwidth in AR decode to tensor-core
throughput. Second, under standard (uncached) implementa-
tion, di!usion inference is activation-dominated rather than
KV-cache-dominated. Third, block di!usion interpolates be-
tween AR and full-sequence di!usion behavior. In particular,
block size emerges as a hardware operating parameter
that allows block di!usion models to be tuned to
match the available system resources. Lastly, several AR-
inherited optimizations exhibit qualitatively di!erent behavior
under di!usion workloads. Building on these observations, we
analyze the transferability of the modern AR optimization
stack to di!usion workloads and identify emerging hardware
and system optimization directions for di!usion-oriented
inference accelerators.

1. Introduction
Autoregressive (AR) language models dominate today’s

LLM deployments, and modern serving systems have largely
been built around two core properties of AR inference:
token-by-token decoding is memory-bandwidth-bound, and
the KV cache is the dominant source of dynamic memory
growth and bandwidth pressure. Masked di!usion language
models (MDLMs) generate text through a fundamentally
di!erent mechanism. Instead of emitting one token at a
time conditioned on a left context, an MDLM starts with
a fully masked sequence and iteratively denoises it using
bidirectional full-sequence prediction. After a "xed number
of denoising steps, the sequence becomes fully unmasked
and is returned as the output.

This non-autoregressive formulation leads to properties
absent in AR models. First, because each position conditions
on the full sequence context instead of only its left pre"x,
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Figure 1: Generation quality of representative MDLMs and
AR models at comparable scale (active parameters). Reported
accuracies are from prior work [9, 11, 38, 47, 63, 64, 69].
The dashed line marks Gemini Di!usion’s reported pass@1
as a closed-source reference [12].

MDLMs mitigate pathologies such as the reversal curse and
improve performance on inherently non-causal tasks such
as code generation [15, 61]. Second, iterative full-sequence
re"nement also enables "ner-grained controllability and
exposes quality–latency trade-o! [3, 38, 64]. Historically,
these advantages were accompanied by weaker generation
quality; however, recent MDLMs have narrowed this gap
rapidly and now achieve performance competitive with
similarly scaled AR baselines on benchmarks such as
MMLU [14] and HumanEval [7], as shown in Fig. 1.

Recent work on MDLMs has focused primarily on
algorithmic optimizations [17, 32, 35, 58], analytical/roo#ine
characterization [22], or throughput evaluation [46]. Yet,
the underlying GPU execution behavior of di!usion mod-
els, such as per-kernel composition, "ne-grained roo#ine
characteristics, memory-hierarchy interaction, and scaling
behavior, has not been systematically measured. To ad-
dress this, we present a hardware-level characterization
of representative models spanning the major emerging
paradigms, including autoregressive, full-sequence di!usion,
and block di!usion with both GQA-based [2] and Mixture-
of-Experts (MoE)-based [49] models. Using kernel-level
and system-level GPU pro"ling, we show that although
di!usion and AR models share the same Transformer
building blocks, di!usion inference exhibits fundamentally
di!erent hardware bottlenecks and scaling behavior.

We make four main "ndings. First, unlike AR decode,
which is memory-bandwidth-bound, a single forward pass
of full-sequence di!usion transitions from memory-bound
to compute-bound as sequence length grows and approaches



the GPU tensor-core roo#ine at practical sequence lengths,
making per-step computation of pure di!usion closely
resemble AR pre"ll. Second, full-sequence di!usion replaces
the KV-cache-dominated memory growth of autoregressive
models with activation-dominated memory growth, where
activations (intermediate tensors produced during the for-
ward pass) scale linearly with sequence length and batch
size. When caching approaches are applied, the magnitude
of such activation dominance depends on speci"c caching
scheme. Third, block di!usion exposes a continuum between
AR-style and full-di!usion execution behaviors, with block
size serving as a systems-level parameter rather than a
purely algorithmic choice. Varying block size shifts
compute throughput, cache locality, and multi-GPU
communication cost, enabling block-di!usion deploy-
ments to better match an accelerator’s compute capa-
bility, on-chip SRAM capacity, and memory bandwidth.
Finally, AR-inherited architectural choices can behave non-
intuitively under di!usion. For example, GQA, originally
introduced to reduce memory bandwidth pressure and
latency in AR inference, provides little attention-speedup
bene"t under full-sequence di!usion; instead, its primary
bene"t shifts to reducing activation-memory footprint.

Building on these "ndings, we show that di!usion
workloads fundamentally alter the optimization priorities
of LLM inference serving stacks and accelerator design,
rendering AR-centric optimizations, including KV-cache
management infrastructure, request-level batching, and
even weight-only quantization substantially less e!ective or
counterproductive. Instead, di!usion inference shifts archi-
tectural pressure toward high-throughput dense compute,
large on-chip SRAM capacity, activation-aware memory
management, and aggressive elementwise-kernel fusion,
motivating a distinct hardware–software co-design direction
for di!usion-oriented inference accelerators.

In summary, this paper makes the following contribu-
tions:

• We present a systematic hardware-level characteri-
zation of MDLM inference, covering full-sequence
di!usion, block di!usion, and MoE-based variants
alongside an autoregressive baseline, quantitatively
identify the sequence length crossover, kernel com-
position, and memory behavior shifts that distin-
guish di!usion from AR inference.

• We show that block size acts as a system-level
operating parameter that interpolates between AR-
style and full-sequence di!usion behavior, shaping
both hardware e$ciency and compatibility with
optimizations in AR-oriented serving systems.

• We provide a transferability analysis of the modern
AR serving optimization stack to di!usion work-
loads and derive design guidelines for di!usion-
oriented serving systems.

2. Background
Modern LLMs can be broadly categorized into two

generative paradigms: autoregressive (AR) models, which

form the basis of the vast majority of deployed LLMs today,
and masked di!usion language models, a recently scaled
alternative that iteratively re"nes a fully masked sequence
through multiple denoising steps. This section describes
the inference procedures of both paradigms.

2.1. Autoregressive Inference
An AR model factorizes the joint probability of a se-

quence into left-conditional distributions, where each token
is predicted from all preceding tokens. Inference is therefore
inherently sequential, where the model is invoked once per
generated token, with each decoding step conditioned on
the accumulated context. Two properties largely determine
the execution characteristics of AR inference. First, attention
is causal, where each token attends only to itself and
preceding tokens, producing a lower-triangular attention
mask. Second, this causality enables KV caching. Because
the key/value tensors of previously generated tokens remain
unchanged as new tokens are appended, they can be
computed once and reused across subsequent decoding
steps, reducing the per-token attention compute complexity
from O(n2) to O(n) with respect to sequence length.

These properties create two distinct execution phases.
Pre"ll processes the entire prompt in a single forward
pass and is compute-bound at moderate sequence lengths.
In contrast, decode is memory-bandwidth-bound, where
each step streams the full model weights and the growing
KV cache from HBM while performing relatively little
computation. End-to-end latency therefore scales linearly
with output length as compute throughput is underutilized.

2.2. Masked Di!usion Language Model Inference
Di!usion language models encompass a range of ap-

proaches, including continuous-space models [28, 54], dis-
crete variants such as absorbing-state [4] and uniform-state
models [16], score-based approaches [34, 36], and hybrid
autoregressive-di!usion schemes [3, 13, 66]. We focus on
the masked di!usion models [48, 51] (MDMs), which have
demonstrated generation quality comparable to similarly
scaled autoregressive models [5, 6, 9, 27, 38, 64].

Rather than factorizing generation over token positions
in a "xed order, a masked di!usion language model (MDLM)
de"nes a forward corruption process that progressively
replaces tokens in a clean sequence with a special mask
token (denoted as [MASK]) until all positions are masked.
A learned reverse process then reconstructs the sequence
by iteratively predicting the masked tokens. The model
is trained to predict all masked positions simultaneously
from bidirectional (potentially partially masked) context. To
generate a response of length L conditioned on a prompt,
the MDLM inference begins with a sequence in which all
L positions in response are occupied by [MASK], where
L is a user- or system-speci"ed hyperparameter, with the
prompt held "xed.1 The reverse process is then discretized

1. If the natural response is shorter than L, an EOS is produced
somewhere in the middle, and post-EOS positions are discarded at output
time, but those positions still participate in every forward pass.
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TABLE 1: S!""#$% &’ ()#*!#+(, "&,(*-.

LLaMA 3-8B LLaDA-8B Dream-7B LLaDA2.1-mini

Type AR Di!usion Di!usion Block di!usion
Total params 8B 8B 7B 16B
Active params 8B 8B 7B →1.4B
Architecture Dense Dense Dense MoE
Base con"g – LLaMA3† Qwen2.5 Ling-mini

Attn pattern Causal Bi-dir. Bi-dir. Block-causal
+ bi-dir.

Attn. mech. GQA MHA GQA GQA
KV cache Full None‡ None None
Parallelism 1 token/step Full seq. Full seq. Block

†LLaDA-8B replaces GQA with MHA [56] and reduces FFN dimension to
maintain a comparable parameter count [38]. ‡Optimized inference
frameworks support approximate KV caching; we analyze its impact in
Section 5.4.

into T sampling steps; at each step, the model performs
one forward pass over the full prompt-response sequence
and predicts a distribution over the vocabulary for every
masked position in parallel, a subset of which is committed
(unmasked) while the remainder are fed back as [MASK]
into the next step. After T steps, the sequence is fully
unmasked and returned as output. The mask predictor is a
bidirectional Transformer with full (non-causal) attention
over the entire sequence with no left-to-right constraint.

Block di!usion is a structural variant that partitions the
response into segments of size LB (block size) and generates
them sequentially. Within each block, masked positions are
denoised in parallel over multiple di!usion steps, while
across blocks, generation proceeds left-to-right similar to AR
models. Therefore, the attention pattern within the active
block is bidirectional, while attention from the active block
back to committed blocks is causal (one-directional). Block
di!usion thus partially restores KV-cache reusability for
committed blocks, recovering an optimization unavailable
in pure MDLMs. The relationship between block size and
generation quality is non-monotonic and shaped by several
competing factors. Larger LB increases bidirectional context
within each denoising step, but also increases gradient
variance during training, reduces supervision density, and
requires denoising from more heavily masked inputs, which
degrades quality [3, 6, 52, 58].

3. Experimental Setup and Methodology
3.1. Workload Selection

We study four representative models that collectively
span the major architectural and inference paradigms emerg-
ing across AR and di!usion language modeling (Table 1). All
four sit in the 7B–16B parameter range, enabling consistent
hardware characterization while preserving diversity in
attention structure, caching behavior, and execution pattern.
In Section 6.2, we additionally pro"le SDAR-30B-A3B [9], a
larger block-di!usion model to test the impact of block size
under tensor parallelism beyond the single-GPU setting.

LLaMA 3-8B [37] serves as our AR baseline, a standard
decoder-only Transformer with causal masking, GQA, and

full KV caching, representative of the dominant deployment
paradigm for contemporary LLM inference. LLaDA 8B [38]
is an 8B-parameter masked di!usion model trained from
scratch. Its depth, hidden dimension, and attention head
count match LLaMA 3-8B, while each denoising step recom-
putes attention over the full sequence with no KV reuse,
making it our primary representative of the pure di!usion
inference. Dream 7B [64] is a full-sequence di!usion
model derived from the Qwen2.5-7B [47] AR backbone
by replacing causal attention with bidirectional attention
and "ne-tuning under a masked di!usion objective. Unlike
LLaDA, Dream retains the GQA con"guration of its AR
base. The Dream/LLaDA pair allows us to compare two full-
sequence MDLMs that di!er in attention head organization
and inherited AR architectural choices independent of
the di!usion algorithm. LLaDA2.1-mini [5] is a larger
16B-parameter MoE block di!usion model extended from
LLaDA2.0 [6] lineage, built on the Ling-mini [55] backbone.
The inclusion of LLaDA2.1-mini allows us to study how
block di!usion (block size) and MoE sparsity jointly shape
di!usion inference behavior.

3.2. Pro"ling Setup
We pro"le all models on a single NVIDIA H100 94 GB

GPU [40] in BF16 precision, except for the multi-GPU tensor-
parallel study in Section 6.2, which uses NVLink-connected
B200 GPUs [39]. We use two complementary pro"ling paths
to capture kernel-level behavior and system-level resource
consumption. Kernel-level pro"ling uses NVIDIA Nsight
Compute (NCU) [44] to capture per-kernel arithmetic
intensity, SM throughput, DRAM bandwidth utilization, and
cache hit rates. For di!usion models, we pro"le a single
denoising forward pass. For LLaMA 3-8B, we pro"le pre"ll
and decode separately, with decode measurements taken
after KV-cache pre"lling to the targeted sequence length to
re#ect realistic decode behavior. System-level measure-
ment uses PyTorch’s allocator-level memory accounting
APIs to track HBM allocation across forward passes, and
wall-clock timing with explicit CUDA synchronization for
latency and throughput. All measurements include warmup
iterations to avoid initialization and cold-cache e!ects.

NCU pro"le data is post-processed in two stages.
First, kernels are grouped into logical categories: GEMM
(cuBLAS/cuBLASLt-dispatched [41], used for projections
and MLP), Attention (FlashAttention forward and its asso-
ciated combine kernels [10]), Sampling (top-k and related
sorting/indexing for committing denoised tokens), and
Elementwise (RMSNorm, SiLU, residual adds, elementwise
multiply, gather/index, concatenation). Then cumulative
metrics (e.g., cycles, duration) are summed within each cat-
egory, while rate-based metrics (e.g., throughput, utilization)
are aggregated using duration-weighted averages.

4. Compute Characterization
This section establishes the "rst structural shift in

di!usion inference relative to AR: compute characteristic.
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Figure 2: Model roo#ine across sequence lengths (L = input
length + output length) on H100.

4.1. Arithmetic Intensity and Roo#ine Analysis

Fig. 2 places each workload’s model-level operat-
ing point of one forward pass on the H100 roo#ine,
where achieved throughput (y-axis) is computed as
the time-weighted average across all CUDA kernels:
(
∑

i FLOPs)/(
∑

i duration), and arithmetic intensity (AI)
(x-axis) as (

∑
i FLOPs)/(

∑
i DRAM bytes). Fig. 3 further

decomposes one forward pass into kernel categories.
A single di!usion forward pass behaves as a

compute-bound, pre"ll-like workload, with tensor-
core throughput as the main bottleneck at long
sequence length, instead of HBM bandwidth. As shown
in Fig. 2, both AR pre"ll and pure di!usion workloads
transit smoothly from memory-bound to compute-bound
with increasing sequence length, reaching the roo#ine knee
at 300–370 TFLOPS (AI → 400–500 FLOP/byte) at L = 2048,
though still below the peak theoretical roo#ine for reasons
discussed later. AR decode, in contrast, remains bandwidth-
limited regardless of sequence length, at AI 1–10 FLOP/byte
and achieves around 10 TFLOPS. This shift is a direct
consequence of the bidirectional, parallel nature of the
denoising step. As sequence length grows, every additional
token contributes to larger GEMM shapes in the linear and
attention layers, such that both arithmetic intensity and
achieved FLOPs rise roughly linearly until saturating near
the throughput ceiling. Although the crossover L depends
on model and hardware con"guration, full-sequence dif-
fusion avoids the sharp pre"ll/decode separation that AR
systems must schedule around.

The arithmetic intensity of Block di!usion (LLaDA2.1-
mini in Fig. 2) sits between these two regimes since each of
its forward passes denoises only tokens within the active
block while attending over the full pre"x, making its per-
step structure resemble a wider version of AR decode.
Two e!ects pull its operating point further away from
the roo#ine ceiling. First, restricting parallelism to a single
block lowers achievable arithmetic intensity for the same
reason AR decode is bandwidth-bound (at block rather than
single-token granularity). This places block di!usion at a
tunable interpolation point between AR and full di!usion.

Figure 3: Per-kernel roo#ine on H100 for input and output
length 1024. Marker size is proportional to total runtime.

Second, its sparse MoE backbone yields smaller per-expert
GEMMs that further reduce achievable FLOPs.

The gap to peak BF16 throughput is driven by the
non-GEMM kernels, not by ine$ciency in GEMM or
attention. Fig. 3 shows that GEMM and attention kernels
operate near their respective ceilings across all di!usion
models, but a substantial fraction of runtime is consumed by
low-AI elementwise operations, normalization, and masking-
related operations that achieve orders-of-magnitude lower
throughput against the FP32 CUDA-core peak, which pulls
the model-level average down from the roo#ine ceiling.

4.2. Kernel-Level Execution Breakdown
To quantify which operations dominate execution time

and where the largest deviations from AR inference occur,
we decompose execution time into kernel categories. Fig. 4
shows per-kernel latency breakdown for a single forward
pass of three di!usion models alongside LLaMA 3-8B in
both pre"ll and decode phases at L = 2048 tokens, across
eight kernel categories plus a small MISC bucket; absolute
single-pass step time is annotated to the right of each bar.

Across all "ve workloads, execution is dominated by
the same primary Transformer components: linear layer
(GEMM) accounts for 41–61% of time, and attention con-
tributes 6–15%, with the remainder distributed across
memory-bound elementwise operations. This reinforces the
roo#ine result. LLaDA 8B exhibits a kernel composition
similar to LLaMA 3 pre"ll (57% GEMM, 10% attention versus
61% and 6%), whereas AR decode contains a slightly larger
non-GEMM fraction driven primarily by KV-cache (copy)
operations. We observe that the absolute execution time
of a single LLaDA forward pass takes 108ms, roughly 7↑
longer than a single LLaMA decode step, and must be
repeated for every denoising iteration. However, the end-
to-end execution time also depends on the total number of
denoising steps T .

Reducing T increases throughput but may degrade
generation quality. This quality–speed tradeo! is already
characterized by the original LLaDA [38] and Dream [64]
work, which sweep T against downstream accuracy and
throughput, and "nd the comparison to be task-dependent
and non-monotonic (e.g., LLaDA matches LLaMA3-8B’s
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Figure 4: Single-pass kernel latency breakdown

Figure 5: Attention latency scaling across Sequence Length

GSM8K/Math accuracy at 1.5–1.8↑ its throughput; on MBPP,
however, LLaDA trails LLaMA3-8B’s quality even at its
slowest, most accurate setting). In contrast to this prior
work, we treat T as "xed and instead isolate the per-step
hardware mechanism.

Block di!usion exhibits a hybrid kernel composition.
Relative to full-sequence di!usion, LLaDA2.1-mini shows a
smaller GEMM fraction (38%) and larger Sampling (11.5%,
top-k token commitment performed at the end of each block)
and Resid/Copy (17%, materializing block outputs and con-
catenating them into the growing sequence) contributions,
whereas full-sequence di!usion incurs neither overhead.
Takeaway: A single di!usion forward pass exhibits
GEMM-dominant kernel latency composition similar
to that of AR pre"ll at every denoising step, while
non-GEMM kernels become a "rst-order bottleneck
for block di!usion.

4.3. Attention Scaling Analysis
Since attention is one of the primary sources of compute-

behavior divergence between full-sequence di!usion and
AR models, driven by their di!erent masking structures,
we study attention-kernel latency scaling separately. Fig. 5
plots attention-kernel latency per denoising (or decode)
step across sequence lengths from L=64 to L=2048.

Di!usion attention scales quadratically while AR
decode scales linearly. At shorter sequence lengths
(< 256), all curves #atten substantially due to kernel launch
overheads and FlashAttention tile quantization e!ects [42].
From 1024 to 2048 tokens, attention time increases by 3.6↑
for LLaDA 8B and Dream 7B and 3.5↑ for LLaMA pre"ll,

approaching the expected 4↑ quadratic O(L2) scaling of
full self-attention. In contrast, LLaMA decode increases
by only 1.29↑, consistent with a single-query decode
kernel operating over a linearly growing KV cache with
complexity of O(L). LLaDA2.1-mini stays similarly #at via
block di!usion. Notably, at L=2048, its per-step attention
cost is around 17↑ lower than LLaDA 8B and Dream 7B,
approaching LLaMA 3 decode. This con"rms that block
di!usion closes much of the attention-cost gap to KV-
cached AR inference by parallel decoding only LB tokens,
while full di!usion gains the bene"t of bidirectional context
understanding at the cost of full-sequence computation. Its
additional 1.5↑ speedup over LLaMA 3 comes from fewer
attention layers, inherited from its AR backbone.

AR-inherited attention con"gurations can lose
their e!ectiveness under di!usion. Dream 7B is con-
sistently around 1.14↑ faster than LLaDA 8B across all
sequence lengths due to having fewer Transformer layers
(28 vs. 32). However, their attention latencies per invocation
match closely (353µs vs 363µs), meaning Dream’s inherited
GQA provides no extra bene"t, since GQA was originally
introduced to reduce KV-cache bandwidth pressure during
memory-bound AR decode [2]. Under full-sequence bidirec-
tional attention, however, execution is compute-bound over
a dense L ↑ L score matrix (DRAM bandwidth utilization
below 5% as shown in Section 5.2). Therefore, fewer KV
heads does not reduce the FLOPs of the dominant QK↑ or
PV computations. Takeaway: Full-sequence di!usion
pays AR-pre"ll attention cost at every denoising step,
and AR-inherited attention con"gurations such as
GQA may lose their bene"t.

5. Memory Characterization
Although a single di!usion step exhibits kernel composi-

tion similar to AR pre"ll, the cumulative memory behavior
over the entire inference process di!ers fundamentally.
This section establishes the second structural shift: dif-
fusion inference replaces KV-dominated memory growth
with activation-dominated memory consumption under the
original (uncached) implementation; whether this persists
once di!usion-speci"c caching is introduced depends on
the caching scheme (Section 5.4).

5.1. Memory Footprint Across Forward Passes
Fig. 6 shows memory consumption during the genera-

tion of 1024 output tokens. LLaMA 3-8B exhibits the canon-
ical AR near-linear increase driven by KV-cache growth.
The step near index 512 might re#ect PyTorch’s allocator
promoting the cache to a larger contiguous arena once the
previous reservation is exhausted. LLaDA 8B and Dream 7B
remain nearly constant throughout generation, because
bidirectional attention prevents exact KV-cache reuse across
denoising steps. Consequently, memory consumption
of full di!usion depends only on sequence length
(Section 5.3), not generation steps.

LLaDA2.1-mini exhibits a staircase-shaped pro"le due
to both its implementation and block di!usion architecture.
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Figure 6: HBM capacity over inference steps. Although the
y-axis variation appears modest at batch size (B) 1, these
memory #uctuations scale linearly with B, whereas the
model weight footprint remains constant; consequently,
their impact becomes more signi"cant at larger batch sizes.

Its block-causal attention mask lets tokens in the current
block attend bidirectionally while attending causally to
prior blocks, which in principle supports exact KV-cache
reuse for committed blocks. However, its plain Hugging
Face implementation recomputes them from scratch every
step. This causes the token length used by the LM head
to increase by LB after each block. As shown in Fig. 6,
#at regions re#ect LLaDA-style recomputation within the
active block, interleaved with discrete 0.037 GB jumps
every 32–33 forward passes. To estimate the impact of
enabling KV caching, we next analytically consider an
optimized implementation. An implementation that exploits
the block-causal structure by caching the KV states of
committed blocks and recomputing only the current block
would reduce the context-dependent memory footprint to
2↑Nlayer↑Hkv↑d↑T bytes (T : committed tokens), yielding
an approximately 22↑ reduction for LLaDA2.1-mini.

5.2. Cache and Bandwidth Behavior
The roo#ine position in Section 4.1 does not reveal the

bottleneck within the memory hierarchy or the o!-chip
memory bandwidth pressure. Fig. 7 therefore examines per-
kernel L1, L2 hit rate and HBM bandwidth utilization by
kernel category at L = 2048.

For GEMM and attention, full-sequence di!usion closely
mirrors AR pre"ll, where GEMMs in LLaDA-8B and Dream-
7B achieve 77% L2 hit rates and only 15–19% HBM band-
width utilization, re#ecting compute-bound execution with
substantial weight reuse, in contrast to AR decode’s (< 10%)
L2 reuse, which drives HBM bandwidth utilization above
57%. The same holds for the attention kernel at L1. AR
pre"ll, LLaDA, and Dream sustain 22–24% L1 hit rates via
intra-SM K/V reuse of FlashAttention, whereas LLaMA 3
decode and LLaDA2.1-mini achieve only 1% as KV tensors
outgrow L1 capacity.

Elementwise kernels become major bandwidth
consumers in di!usion inference. This represents a
clear cache-hierarchy shift relative to AR decode, where
elementwise operations consume negligible HBM bandwidth
(0.1%) since single-token activations stay L1/L2-resident. In

Figure 7: Per-kernel L1 cache hit rate (top), L2 cache hit
rate (middle), and HBM bandwidth utilization (bottom).

LLaDA 8B and Dream 7B, however, elementwise kernels
reach 29–37% HBM bandwidth utilization, higher than
even GEMM kernels, as RMSNorm, residual adds, element-
wise multiply, activations, and masking operations stream
full-sequence tensor working sets exceeding L2 capacity.
Therefore, Operator Fusion across these kernels becomes
substantially more valuable under di!usion than AR decode.

LLaDA2.1-mini exhibits a behavior consistent with
previous analysis. Its 35% GEMM L2 hit rate lies between
full di!usion and AR-decode, since the 32-token denoising
window (LB = 32 for this experiment) is su$cient to
partially amortize weight reuse, yet too short to sustain the
strong cache locality observed in full-sequence di!usion.
Operating on only 32 tokens each step also avoids the
full-sequence activation streaming, thus elementwise HBM
utilization drops below 1%, similar to AR decode. Its MoE
architecture further suppresses GEMM HBM bandwidth
pressure (lowest overall HBM utilization, 8.67%), since
sparse expert activation reduces the e!ective GEMM work-
ing set. MoE is thus a particularly natural "t for block-
di!usion inference. Takeaway: Full-sequence di!usion
preserves pre"ll-like locality in GEMM and attention.
Elementwise kernels shift from being L2-resident in
AR decode to being major HBM-bandwidth consumers.

5.3. Peak Memory and Batch Scaling
To gain a "ner-grained breakdown beyond the per-step

cost, Fig. 8 decomposes peak HBM footprint during the
whole inference process into model weights, KV cache, and
activations, as L varies from 64 to 8192 tokens at batch size
1 (Dream terminates at L = 2048, its max context [64]).

Di!usion inverts the memory composition of AR
inference. LLaMA shows the classic AR pattern where
weights dominate at short L, KV cache grows linearly to
roughly 1GB at L = 8192, and activations remain negligible.

6



Figure 8: Peak memory breakdown across sequence lengths.

The di!usion models reverse this composition. For LLaDA,
Dream, and LLaDA2.1-mini, KV-cache usage remains zero
across the entire sweep, while activation memory scales
linearly with L and quickly dominates HBM capacity. At
L = 8192, LLaDA’s activations alone reach 25GB, exceeding
the model’s weight footprint and pushing total HBM usage
above 40GB. This shift also reduces the headroom for
batching, since activation memory now scales with B ↑ L
rather than B alone in AR decode.

Dream 7B exhibits the same qualitative scaling as
LLaDA 8B but uses approximately 3↑ less activation mem-
ory per token (1.03 vs. 3.15 MB/token at L = 8192), driven
mainly by its inherited 7:1 GQA con"guration (2.67↑ fewer
K/V projection activations than LLaDA’s symmetric 32:32
MHA). A shallower Transformer stack (28 vs. 32 layers)
contributes an additional 1.14↑ reduction, compounding to
the observed 3.05↑ gap. Thus, GQA remains valuable but
for a di!erent reason than its AR motivation. Its bene"t
transfers from KV-cache reduction to activation-memory
reduction. Takeaway: Under the standard (uncached)
implementation characterized above, the variable
component of peak memory in di!usion inference
is activation memory rather than KV cache; AR-
inherited optimizations such as GQA remain bene"cial
by reducing the activation footprint.

5.4. Memory Composition under Di!usion-
Speci"c KV Caching Mechanisms

The analysis above characterizes memory under the
standard HuggingFace implementation; we next examine
whether this composition persists once di!usion-speci"c
caching is introduced.

MDLMs lack a single standardized caching strategy
analogous to AR’s exact KV cache. Recent methods instead
either reuse the K/V tensors of previously committed
positions, as in Fast-dLLM’s block-wise approximate KV
cache [59], or a broader set of intermediate features,
as in dLLM-Cache’s layer-wise feature cache [32]. For
LLaDA 8B, we pro"le Fast-dLLM’s pre"x- and dual-cache
modes and dLLM-Cache’s feature cache, using the same
HBM decomposition (Fig. 9). For block-di!usion such as

Figure 9: Memory composition under various Di!usion-
Speci"c KV Caching techniques.

LLaDA2.1-mini, its block-causal pattern natively supports
cross-block KV reuse. However, no public caching imple-
mentation is currently available, so we retain an analytical
decomposition, with KV cache footprint (bytes) derived from
MKV = 2LNlayerHkvdhead and activation memory from

Mact = B ↑ LB

(
4V + 2

[
3H + Nhd + 2Nkvd + 2d↓FFN

])
(1)

where B is the batch size, LB the active block size, H
the hidden dimension, Nh/Nkv the number of attention/KV
heads, and d the attention head dimension. 4V is the FP32
logits bu!er, and the remaining terms are BF16 intermediate
activations from hidden states, attention projections, and
FFN layers. The e!ective FFN intermediate dimension is

d↓FFN = max
(
ddense, (Ne + Ns) ↑ de

)
(2)

where ddense is the dense FFN intermediate dimension and
Ne, Ns, de are the routed experts per token, shared experts,
and per-expert intermediate dimension.

Fig. 9 shows that under Fast-dLLM, activation memory
remains 3.7–5.5↑ larger than the KV cache for all L. Under
dLLM-Cache, the cache footprint is comparable to or slightly
larger than activations, since dLLM-Cache caches not only
K/V tensors but also per-layer attention outputs and MLP
outputs. At L = 8192, peak HBM usage drops from 40.1
GB in the uncached baseline to 36.4–36.5 GB under Fast-
dLLM and 31.7 GB under dLLM-Cache, despite dLLM-
Cache’s cache (8.49 GB) being nearly twice as large as Fast-
dLLM’s (4.3–4.6 GB). This larger reduction correlates with
the activation footprint eliminated: dLLM-Cache reduces
activation memory to 8.25 GB, roughly half of Fast-dLLM’s
(17 GB), and this relationship holds across all evaluated
L. LLaDA2.1-mini’s analytical decomposition shows that
with KV cache, it exhibits a hybrid pattern similar to AR,
where KV cache scales linearly with L and activations stay
constant with sequence length but scale near linearly with
block size LB. The KV cache also contributes substantially
to total peak memory footprint reduction by reducing the
activation memory.
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Figure 10: E!ect of block size on compute throughput,
DRAM bandwidth utilization, and L2 hit rate.

Takeaway: whether di!usion-model inference re-
mains activation-dominated after caching depends
on the caching techniques and the types of tensors
cached. KV-only caching largely preserves activation
dominance, whereas caching broader features can
make the cache comparable to or larger than the
activations. However, reductions in peak memory
consistently correlate with the amount of activation
recomputation eliminated.

6. Block Size as a Hardware Parameter
Section 4 and Section 5 showed that block di!usion

consistently exhibits behavior intermediate between AR
decode and full-sequence di!usion. This section analyzes
the e!ect of block size on hardware characteristics.

6.1. Block Size on Compute Characteristics
As shown in Fig. 10, compute-throughput rises mono-

tonically from 7% at block size 1 to 30% at block size
1024, with L2 hit rate showing a similar trend, con"rming
that larger blocks shift execution more compute-bound
by increasing intra-block parallelism. As a control, we
also evaluate LLaDA 8B. Although it exposes a block-size
hyperparameter, it remains architecturally a pure masked-
di!usion model; its “block di!usion" corresponds to semi-
autoregressive remasking layered on top of a full-sequence
forward pass [38]. Consequently, its per-step compute and
memory tra$c are e!ectively independent of block size
and remain nearly constant at approximately 85% and
14%, respectively. LLaDA2.1-mini also achieves substantially
lower compute and DRAM utilization than dense LLaDA 8B
due to its MoE architecture, where only a subset of experts
is active per token. This sparsity reduces both tensor-core
occupancy and sustained memory tra$c. Therefore, DRAM
throughput remains #at as block size increases since larger
blocks improve GEMM e$ciency within each active expert,
increasing compute throughput, while expert weights are
reused across more tokens (higher L2 hit rate), and therefore
do not proportionally increase memory tra$c.

Taken together with Sections 4 and 5, these results
show that block size shapes compute intensity, bandwidth
pressure, and activation scaling, extending its role beyond
a purely algorithmic hyperparameter governing the balance
between intra-block bidirectional modeling and inter-block

Figure 11: Communication scaling in tensor-parallel SDAR-
30B inference across block size (LB) and sequence length.
Values above bars denote total step time.

autoregressive generation [3]. First, smaller LB produces AR-
like behavior where bandwidth-oriented optimizations re-
main e!ective, whereas larger LB approaches full-sequence
di!usion behavior dominated by compute throughput and
activation-memory capacity. Second, MoE architectures
appear particularly compatible with block di!usion, sug-
gesting an additional architectural design space in which
intermediate block sizes may better match sparse expert
execution than either AR decode or full-sequence di!usion
alone. Third, since block size and MoE structure jointly
shape compute intensity, they also a!ect batching e$ciency.
Unlike full-sequence di!usion, where batching is ine!ective
due to saturated tensor-core throughput (Section 7.1), block
di!usion with MoE may again bene"t from request-level
batching. Overall, block size emerges as a system-level
operating parameter that allows the block di!usion
model to adapt its compute and memory behavior
to the throughput, cache capacity, and bandwidth
characteristics of the target accelerator, a #exibility
unavailable to either pure AR or full-sequence di!u-
sion alone.

6.2. Tensor-Parallel under Di!erent Block Sizes
The characterization above focuses on a single-GPU

setting. We next examine whether block size remains an
e!ective hardware tuning parameter when a model is
distributed across multiple GPUs. We pro"le SDAR-30B-
A3B [9], the largest model in our study, using tensor paral-
lelism (TP) on NVLink-connected B200 GPUs, and compare
TP=1, 2, and 4 for block lengths of 4 and 64 over sequence
lengths of 256 and 4096 at batch size 16. Fig. 11 reports
the per-step runtime breakdown into compute, memory,
NVIDIA Collective Communications Library (NCCL) [43],
and synchronization/other overhead.

NCCL communication time remains nearly constant
across L for a "xed LB, yet increases by 2.2–3.4↑ when LB
grows from 4 to 64, since the communication volume of all-
reduced activation scales with the number of simultaneously
denoised tokens (↓ LB) and is independent of sequence
length. Moving from TP=1 to TP=2 and TP=4 provides
speedup in every con"guration, but the e!ect of block
size depends on TP degree. Larger blocks expose more
computation to be parallelized. At the same time, the added
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TABLE 2: S+$!.+!$#* )-. .&/’01!$#+0&/2,(3(/,(/+
’0/,0/1-.

Finding Category

Full-sequence di!usion resembles AR pre"ll Structural
Activation- vs. KV-cache memory shift Structural
Block di!usion spans the continuum be-
tween AR and full di!usion

Structural

Quadratic vs. linear attention scaling (full
di!usion vs. AR decode)

Structural

Elementwise kernels runtime increase Structural

Roo#ine crossover point/achieved TFLOPS Con"g.-dep.
Magnitude of GQA’s (lost) bene"t Con"g.-dep.
Magnitude of activation dominance after
applying caching techniques

Con"g.-dep.

Magnitude of TP speedup vs. block size Con"g.-dep.
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Figure 12: Throughput and latency scaling at L=1024.

communication cost relative to TP=1 (at LB = 64) is nearly
identical for TP=2 and TP=4 (3.8 and 3.7 ms), whereas
the additional compute reduction is considerably larger for
TP=4 (13 ms reduction vs. 8.5 ms for TP=2). Consequently,
TP=4’s speedup over TP=1 increases with block size (1.33↑
to 1.49↑), whereas TP=2’s remains essentially #at (1.25↑
to 1.20↑). Thus, larger block sizes improve the scaling
e$ciency of higher TP degrees.

7. System Implications and Guidelines
The workload shifts characterized in Sections 4 to 6

reshape the optimization landscape for di!usion language
model serving; this section translates those measurements
into practical implications for serving-system design. We
"rst distinguish "ndings that generalize across MDLM
architectures and hardware platforms from those whose
quantitative behavior depends on particular models, caching
schemes, or hardware con"gurations. Table 2 summarizes
this distinction. The remainder of this section derives
guidelines primarily from the structural "ndings.

7.1. Transferability of AR Serving Optimizations
Modern AR serving systems such as vLLM [23],

SGLang [68], and TensorRT-LLM [45] derive signi"cant
throughput from request-level batching mechanisms, in-
cluding continuous batching [65], request multiplexing [1],
and KV-cache-aware scheduling [23]. These mechanisms
are e!ective precisely because AR decode is bandwidth-
bound at small batch sizes, leaving substantial compute

TABLE 3: T$#/-’($#40*0+% &’ AR -($)0/1 &3+0"05#+0&/-
+& ,0’’!-0&/ LM-.

Optimization AR Pure Di!. Block Di!.

KV-cache opts ✁ Partial Partial
Speculative decoding ✁ ✂ ✂
Static batching Partial ✂ Partial
Continuous batching ✁ ✂ Partial
Activation quant. ✁ ✁ ✁
Kernel fusion ✁ ✁ ✁
GQA ✁ ✁ ✁
MoE ✁ ✁ ✁

headroom to amortize across requests. For full-sequence
di!usion however, Fig. 12 shows that when increasing batch
size from 1 to 16, Dream and LLaDA exhibit near-linear
latency scaling (13.8↑ and 14.8↑, respectively) but only
marginal throughput improvement (1.16↑ and 1.08↑). And
both models exceed 94GB HBM capacity beyond B = 16,
whereas LLaMA 3-8B continues achieving performance
bene"ts for scaling batch size beyond B = 16.2

Apart from batching, speculative decoding [25] is
e!ective in AR inference because it increases compute
throughput by verifying multiple draft tokens per pass.
Di!usion largely lacks this opportunity since each denoising
step already processes an entire sequence/block in parallel.

The throughput-scaling axis exploited by modern AR
serving systems therefore largely disappears under full-
sequence di!usion. Instead, throughput improvements must
come from reducing per-request work, either fewer denois-
ing steps or lower per-step computation. Table 3 maps
major optimizations in modern AR serving stacks onto
di!usion paradigms based on the workload characteristics
identi"ed above. KV-centric optimizations [23, 33, 50] may
lose their e!ectiveness under full-sequence di!usion, while
block di!usion partially restores their applicability for
committed blocks, albeit at a coarser granularity and a
di!erent attention pattern than AR decode. In contrast,
optimizations such as kernel fusion [8, 19], GQA, and MoE,
transfer directly to di!usion workloads, and techniques
targeting activation-memory reduction, such as activation
quantization [60], may also remain e!ective.

Continuous batching remains applicable to block di!u-
sion but with reduced e!ectiveness relative to AR serving.
In AR inference, requests can be inserted or evicted at
token granularity, allowing schedulers to continuously
re"ll freed slots and maintain high GPU utilization. Block
di!usion instead generates an entire block through multiple
joint denoising steps that cannot be interrupted mid-block.
Request replacement is therefore only possible at block
boundaries, leaving freed slots idle for up to an entire
block’s worth of computation. Consequently, the e$ciency
of continuous batching degrades as block size increases.

2. LLaDA2.1-mini’s released implementation does not support batched
generation; we therefore report sequential B=1 measurements (dashed line
in Fig. 12) for completeness.
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7.2. Emerging Optimization Targets
Activation-memory reduction. Per-step activations

emerge as the dominant variable-memory cost under full-
sequence di!usion, contributing to memory bandwidth and
limiting per-GPU concurrency. Since each denoising step
resembles a long-context pre"ll, techniques developed for it
transfer naturally, including sequence-parallel attention [20,
31] and chunked execution [62]. Architectures that reduce
K/Q/V projection size, such as aggressive GQA ratios,
also remain well aligned with di!usion workloads even
though their original AR motivation no longer applies.
Elementwise-kernel fusion. Since elementwise kernels
become the largest DRAM-bandwidth consumers under full-
sequence di!usion (Section 5.2), operator fusion across the
elementwise kernels becomes substantially more valuable.

7.3. Hardware Architecture Implications
The workload shifts identi"ed above also reveal mis-

matches between current GPU design and di!usion work-
loads, highlighting hardware–software co-design opportu-
nities for future inference accelerators.

GEMM-shape implications. In full-sequence di!usion,
the GEMM shape becomes large and square L↑H↑H, unlike
the tall-skinny, bandwidth-bound GEMMs in AR decode
(1↑H↑H, GEMV-like). Weight-only quantization [30] thus
provides zero or negative bene"t since weights are reused
su$ciently per fetch that bandwidth is no longer the bot-
tleneck, while dequantization arithmetic can instead fall on
the compute-critical path. In contrast, architectural features
that provide higher-throughput tensor-core datapath, such
as native low-precision support (e.g., FP4 on B200 [39]),
remain well aligned with di!usion inference.

Activation-dominated memory hierarchy. Elemen-
twise kernel working sets exceed L2 capacity under full-
sequence di!usion, contributing signi"cantly to HBM band-
width consumption and per-step latency. Di!usion work-
loads would bene"t from accelerators with substantially
larger on-chip SRAM (e.g., Cerebras WSE-class designs [29]),
as full di!usion activation memory footprints are largely
predictable ahead of execution and remain constant during
inference, unlike the dynamically growing KV cache of AR
that must be managed during runtime.

Block size as a hardware–software co-design pa-
rameter. Prior work shows that the relationship between
block size and generation quality is non-monotonic and
shaped by several competing factors [3, 6, 52, 58]. Optimal
block size is an open question investigated in the emerging
block-di!usion work, while architecturally, the block-causal
structure improves compatibility with existing AR-oriented
serving infrastructure [6]. Our results show that varying LB
simultaneously shifts compute utilization, HBM bandwidth
pressure, and multi-GPU communication cost, causing
execution to move between AR-like and full-di!usion-like
behavior. Consequently, block size exposes a three-way
tradeo! among hardware e$ciency, compatibility with
AR serving systems, and generation quality, and creates a
deployment-time co-design opportunity.

AR-Inherited Design Under Di!usion. Architectural
choices inherited from AR models can behave di!erently
under di!usion workloads (e.g., GQA and MoE), which indi-
cates that, as di!usion LMs reuse AR backbones, inherited
architecture design should be re-evaluated.

8. Related work
Hardware Characterization of Di!usion Language

Models. Kim et al. [22] present a runtime/roo#ine analysis
comparing LLaMA 3 and LLaDA, establishing that di!usion
inference exhibits higher arithmetic intensity than AR
decode. Peng et al. [46] provide a throughput evaluation and
examine e$ciency-evaluation practices in the di!usion LM
literature, both at the model or throughput level. This paper
provides a systematic kernel-level and memory-hierarchy
characterization of MDLM inference, covering a variety of
MDLMs, and establishes our "ndings at the hardware level.

Step-count reduction and scheduling. A parallel
line of work exploits the quality–speed trade-o! exposed
by denoising step count T , via adaptive parallel decod-
ing [18], early-commit decoding [26], non-uniform step
scheduling [57], and layer-/token-level skipping [24, 70].

Optimizations via approximate caching. Recent
work addresses DLM inference ine$ciency via approximate
caching, such as Fast-dLLM [58, 59], dLLM-Cache [32] and
d2Cache [21] that exploit inter-step feature similarity to
reduce redundant computation. Sparse-dLLM [53] explores
dynamic cache eviction. FlashDLM [17] combines KV
caching with AR-guided unmasking. Mosaic [67] reduces
activations through mask-only logits, lazy chunking, and
global memory planning.

9. Conclusions
This paper presented a hardware-level characterization

of masked di!usion language model inference. We "nd that
although MDLMs reuse the Transformer building blocks of
AR models, their inference behavior di!ers fundamentally
at the hardware level. Full-sequence di!usion shifts the
bottleneck from HBM bandwidth and KV-cache growth to
dense compute and activation memory, though the latter’s
magnitude depends on the caching scheme applied. Block
di!usion spans a continuum between AR-style and full-
sequence-di!usion behavior, with block size as a hardware
operating parameter that allows a single model to adapt to
an accelerator’s compute, cache, and bandwidth character-
istics. As di!usion language models continue to scale, their
di!erent compute, memory, and scheduling characteristics
may require rethinking both serving systems and future
accelerator design.
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Appendix
1. Abstract

This artifact contains the pro"ling scripts, post-
processing pipelines, and plotting scripts used to produce
all measurements in this paper. It covers kernel-level
GPU pro"ling (NVIDIA Nsight Compute) and system-level
memory pro"ling (PyTorch allocator). The artifact also
includes the aggregated intermediate CSVs, so every "gure
in the paper can be regenerated from data without requiring
GPU access. This artifact corresponds to the Available badge.

2. Artifact check-list (meta-information)
• Program: Python pro"ling scripts wrapping PyTorch

model forward passes, driven either directly (PyTorch
allocator) or under NVIDIA Nsight Compute (ncu).

• Model: LLaMA 3-8B, LLaDA-8B, Dream-7B, LLaDA2.1-
mini, and SDAR-30B-A3B.

• Run-time environment: Linux, CUDA 12.8, Python
3.12.12; see environment.ym!/requirements.txt.

• Metrics: GPU kernel duration, achieved TFLOPS, arith-
metic intensity, L1/L2 cache hit rate, DRAM/HBM band-
width utilization, HBM memory allocated, end-to-end
throughput/latency.

• Output: CSV "les and PDF/PNG "gures.
• Experiments: One experiment class per "gure; see

Section below.
• How much disk space required (approximately)?:

Fully regenerating raw Nsight Compute reports from
scratch would require tens of GB of scratch space per
model sweep.

• How much time is needed to prepare work#ow
(approximately)?: 15–30 minutes (environment setup,
checkpoint download).

• How much time is needed to complete experiments
(approximately)?: Regenerating all "gures from the
shipped aggregated CSVs: minutes. Regenerating the
underlying pro"ling data from scratch on H100 hardware:
on the order of several GPU-hours across all sweeps.

• Publicly available?: Yes.
• Code licenses (if publicly available)?: MIT License.
• Archived (provide DOI)?: https://doi.org/10.5281/

zenodo.21839997

3. Description
3.1. How to access. The artifact is archived on Zenodo
at https://doi.org/10.5281/zenodo.21839997. Download and
unzip the archive; it contains the full directory structure de-
scribed in the artifact’s README.md, including a "gure/table-
to-code mapping table.

3.2. Hardware dependencies. Single-GPU experiments
(kernel-level roo#ine/memory pro"ling, block-size sweeps,
end-to-end throughput) require 1↑ NVIDIA H100 94GB
GPU. The tensor-parallel communication study (Fig. 11)
requires 4↑ NVLink-connected NVIDIA B200 GPUs. Regen-
erating "gures from the aggregated CSVs already included
in the artifact requires no GPU.
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3.3. Software dependencies. Linux, CUDA 12.8, NVIDIA
Nsight Compute 2025.1.1 (ncu) for kernel-level pro"ling,
and Python 3.12.12. The full dependency list is provided
as both environment.ym! (conda) and requirements.txt
(pip). f!ash-attn is pinned to a prebuilt wheel for this
speci"c CUDA/torch/Python ABI; substitute a matching
wheel or build from source if your environment di!ers. The
vendored sdar_tp/JetEngine inference engine is not pip-
installable from the requirements "le and must be installed
separately: pip insta!! -e sdar_tp/JetEngine.

3.4. Data sets. No standalone data sets are used; all
measurements are collected directly from model forward
passes on synthetic (randomly generated or "xed-length)
input sequences of varying length, as described in the
paper’s Section 3 (Experimental Setup and Methodology).

3.5. Models. LLaMA 3-8B, LLaDA-8B, Dream-7B, and
LLaDA2.1-mini checkpoints will be pulled from the Hugging
Face Hub on "rst run. SDAR-30B-A3B requires downloading
two separate checkpoints corresponding to its block-size-4
and block-size-64 training variants.

4. Installation
conda env create -f environment.ym!
# or: pip insta!! -r requirements.txt
conda activate diffusion_mode!
pip insta!! -e sdar_tp/JetEngine
export HF_HOME=/path/to/your/hf/cache

5. Experiment work#ow
1) (GPU-free) Regenerate all "gures from shipped data:

run the plotting script in each of *_p!ot/ direc-
tory, each reads aggregated CSVs and produces
a PDF/PNG matching the corresponding paper
"gure (see the "gure-to-code mapping table in the
artifact’s README.md).

6. Evaluation and expected results
Running each plotting script in step 1 above should

produce a PDF/PNG visually matching the corresponding
numbered "gure in the paper (kernel category propor-
tions, roo#ine operating points, memory-composition trends,
attention-latency scaling, etc.). Absolute latency/throughput
numbers regenerated from scratch on di!erent GPU hard-
ware, driver/CUDA versions, or library versions than those
listed in environment.ym! are expected to di!er in magni-
tude while preserving the qualitative trends.

2) (1 GPU required) Regenerate the pro"ling data: run
the NCU-wrapped scripts in nsight_profi!ing/
(kernel-level) and the PyTorch-allocator harnesses
in pytorch_memory/ and pytorch_e2e/ (mem-
ory/throughput), then the post-processing scripts in
nsight_profi!ing/post_processing_scripts/
to regenerate the aggregated CSVs.

3) (4 GPUs required) Tensor-parallel study: run
sdar_tp/run_tp1.s!urm and run_tp2.s!urm (or
the acce!erate !aunch commands directly), then
sdar_tp/p!ot_breakdown.py to reproduce Fig. 11.

7. Experiment customization

Each pro"le script exposes command-line #ags for
sequence length, batch size, block size, and number of
denoising steps, allowing the sweeps in Figs. 2–12 to be
extended to other con"gurations or models beyond the
four/"ve studied in the paper. The kernel categorization
rules (GEMM/Attention/Elementwise/etc.) used by the post-
processing scripts in nsight_profi!ing/ can be edited
directly in those scripts to explore alternative groupings.

8. Notes

Raw .ncu-rep Nsight Compute reports and raw per-
invocation "sections" CSVs (the intermediate output of
ncu –import before aggregation) are not included in this
artifact, as individual reports range from tens of MB to
low-GB; only the small, already-aggregated CSVs that the
plotting scripts consume are shipped. These can be regener-
ated via nsight_profi!ing/run_ncu_profi!e.s!urm ↔
run_ncu_postprocess.s!urm, or an equivalent raw direc-
tory can be pointed to via the NCU_SECTIONS_DIR environ-
ment variable. SLURM batch scripts included in the artifact
were written for the authors’ university HPC cluster; adapt
the #SBATCH directives to your own cluster, or invoke the
underlying python commands directly on any machine with
matching GPU hardware.

9. Methodology

Submission, reviewing and badging methodology:

• https://www.acm.org/publications/policies/
artifact-review-and-badging-current

• https://cTuning.org/ae
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