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ABSTRACT

Unified multimodal models (UMMs) bring understanding and generation into a
single Transformer, reducing the need for separate specialist models. A shared in-
ference implementation can nevertheless execute operators that the current request
does not consume. Even when a valid image cache exists, or a caller requests pix-
els rather than text, unused producers and vocabulary projections can still execute.
We use output-dependent liveness to identify work that remains executable but is
unnecessary for the requested output or required future state. To address this,
we propose DepGraph-U, a dependency-aware execution framework that uses au-
dited output and state dependencies to guide guarded inference rewrites, without
further weight modification. Cache-Aware Dependency Dispatch (CADD) by-
passes upstream producers on safe cache hits, and an image-only interface omits
unused vocabulary projection. For understanding, graph-compatible KV policies
distinguish preserving dynamic layer selection from enabling earlier reuse under
a stable graph. We evaluate DepGraph-U across two Show-02 scales and eight
benchmarks. The complete system achieves 2.88-3.21x generation speedup
over native Show-02, with quality trade-offs from the selected approximation poli-
cies. Against the reconstructed understanding reference, Exact-DLS preserves all
24,769 decoded responses with 1.15-2.34x speedup. Across the six tested un-
derstanding tasks, 80.8% of Exact-DLS examples finish before incremental reuse,
explaining why cache compatibility alone does not determine realized latency.

1 INTRODUCTION

Unified multimodal models (UMMs) combine understanding and generation in a shared Transformer
(Vaswani et al., 2017; Chameleon Team, 2024; Zhou et al., 2025; Xie et al., 2025b; Deng et al.,
2025). Sharing weights simplifies architecture but does not ensure each request executes only needed
computation. In the audited image path, cached diffusion-head output is selected only after upstream
features and trunk states are recomputed, and vocabulary logits the image sampler never consumes
are still evaluated.

Pruning and caching address which weights, layers, tokens, or intermediates can be omitted (Sun
et al., 2024; Chen et al., 2024a; Ma et al., 2024a; Liu et al., 2025a). A separate execution question
remains: which operators are still needed to produce the requested output and maintain future
state? Program slicing and dependence analysis provide the basis by reasoning backward from
consumers (Weiser, 1981; Ferrante et al., 1987). For a multimodal runtime, consumers include
current predictions and state a later call reads.

Figure 1 highlights two execution gaps. Unused producers: an accepted image-cache hit can make
an upstream path unnecessary, provided that path has no required state or random-number effects.
Unreached reuse: a compatible prefix cache saves work only if decoding continues far enough to
consume it. Under dynamic layer selection, short answers can terminate during prefix rebuilding.
Both gaps show why enabling a cache does not establish which computation is actually avoided.
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Figure 1: DepGraph-U overview. Unused producers and unreached reuse motivate guarded generation and graph-
compatible KV policies. Exact preserves the selected DLS policy; Stable changes it.

O\ ' Which computations remain live for a multimodal request, and when does valid
O/ ' cached state eliminate work before decoding terminates?

We introduce DepGraph-U, a dependency-aware execution framework that instantiates this rea-
soning as guarded rewrites. Cache-Aware Dependency Dispatch (CADD) selects safe cache hits
before evaluating unused producers. VocabBypass omits text-vocabulary projection for image-only
calls while retaining text and loss interfaces. For understanding, Exact-DLS KV rebuilds prefix
state when the active graph changes; Stable-Graph KV instead fixes that graph by disabling dy-
namic layer skipping. These are alternative policies: Exact preserves its selected-policy reference,
whereas Stable may change answers and stopping behavior.

Our implementation builds on the Show-02 architecture, incorporating structured pruning, dynamic
layer selection, and diffusion-head caching as the selected approximation policy, with a documented
reconstruction of its understanding path. The complete generation system achieves 2.88-3.21 %
speedup over native Show-02, with quality changes from the selected approximations. With that
policy fixed, the new execution rewrites give 1.61-1.77x additional acceleration and produce
pixel-identical images. Exact understanding preserves 24,769 responses with 1.15-2.34x speedup
against its own policy reference. Neither preservation claim is an equivalence claim to unmodified
Show-02.

We explain these results through component controls, execution-cost decomposition, guard checks,
and a prefix-length-by-reuse-step experiment. Across six tested Exact-DLS workloads, 80.8% of
examples never reach incremental reuse; in controlled continuations, reuse savings grow between
periodic rebuilds. A separate BAGEL study tests the architectural boundary: when native execution
already omits a component, its removal provides little additional benefit. The contributions are:

(1) Output-dependent execution pruning. CADD and VocabBypass preserve the chosen genera-
tion trajectory while removing unused operators under explicit output and future-state contracts.

2) Graph-compatible and reachable prefix reuse. Exact and Stable distinguish preserving dy-
namic selection from changing it for earlier reuse, with distinct output guarantees.

3) Mechanistic evidence for realized savings. Paired results, component controls, cost traces,
and controlled reuse maps relate avoided operators to later calls that consume cached state.

2 RELATED WORK

Unified models and their output paths. Show-o, Chameleon, Transfusion, and Show-02 com-
bine multimodal understanding and generation through shared computation (Xie et al., 2025a;
Chameleon Team, 2024; Zhou et al., 2025; Xie et al., 2025b). SEED-X, LWM, ILLUME, Janus-
Flow, Janus-Pro, Emu3, and VILA-U vary representations, training objectives, and modality inter-
faces (Ge et al., 2024b; Liu et al., 2024a; Wang et al., 2025; Ma et al., 2024b; Chen et al., 2025a;
Wang et al., 2024; Wu et al., 2025b). BAGEL uses a mixture-of-transformer-experts architecture
(Deng et al., 2025). UniMoD learns depth allocation; Hyper-Bagel combines speculative decoding
and diffusion distillation (Mao et al., 2025; Lu et al., 2025).
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Approximation and reuse policies. Weight pruning, visual-token reduction, and depth reduction
remove model work (Frantar & Alistarh, 2023; Ma et al., 2023; Sun et al., 2024; Bolya et al., 2023;
Chen et al., 2024a; Men et al., 2025; Raposo et al., 2024). DeepCache, FasterCache, TeaCache,
TaylorSeer, LeMiCa, PAB, and AdaCache select or predict intermediate states to reuse (Ma et al.,
2024a; Lv et al., 2025; Liu et al., 2025a;b; Gao et al., 2025; Zhao et al., 2025; Kahatapitiya et al.,
2025).

Adaptive decoding and KV. Deja Vu reconstructs missing cache entries, CALM handles missing
states under adaptive depth, and SkipDecode uses monotonic skipping compatible with caching
(Liu et al., 2023; Schuster et al., 2022; Del Corro et al., 2023). LayerSkip trains early-exit behavior
(Elhoushi et al., 2024). KV compression selects which history to retain (Ge et al., 2024a; Zhang
et al., 2023; Li et al., 2024; Cai et al., 2025; Xu et al., 2025); our question is whether that history is
compatible with the active graph and reached before termination.

Dependencies and efficient execution. Program slicing and dependence graphs motivate our
output-and-state audit (Weiser, 1981; Ferrante et al., 1987). FlashAttention and MInference improve
attention execution (Dao et al., 2022; Dao, 2024; Jiang et al., 2024); PagedAttention and SGLang
organize KV memory and shared prefixes (Kwon et al., 2023; Zheng et al., 2024). DistServe and
Sarathi optimize serving schedules (Zhong et al., 2024; Agrawal et al., 2024).

3 DEPGRAPH-U: DEPENDENCY-AWARE EXECUTION PRUNING

Audit live dependencies. The live set contains required outputs, future state effects, and their
data/control ancestors. Omitted operators must not modify state or consume randomness needed
by the reference execution. An operator also remains live if it updates a cache, sampling state, or
selection decision that a later call must read.

3.1 GENERATION: DISPATCH BEFORE EVALUATING PRODUCERS

Cache-aware dependency dispatch (CADD). In the selected policy, one-indexed step k£ computes
image features, embeddings, the Qwen trunk, and diffusion-input projection before selecting fresh
or cached Head-A output. CADD tests the cache guard first, then skips unused producers on an
accepted hit. Head B consumes this value, timestep ey, and modality spans my, (Figure 2).

Let ¢; denote the stored Head-A output (L if absent), fi indicate full-network mode, and T the
cache interval. Set a = 1 iff CADD is enabled and the selected configuration has positive FFN
pruning, an implementation-specific eligibility restriction. The caller supplies DLS-recalibration
and conditional-only-guidance flags dj, gi. The reference predicate g5, and CADD guard by, distin-
guish cache hits from safe upstream dispatch:

1kmod T, #0 A fr=0 A ¢ # 1], T.>0,

= b = 1—di)(1—gr). (1

s {07 T. <0, k= qrak( k) (L —gk). (1)

Testing by, before the producer stack changes the decision order, not the cache contents or refresh
schedule. The branch guard checks whether cached state permits bypass.

Let pj extract image spans, remove
the time token when enabled, and
unpatchify/reshape Head B’s output. ee |-
CADD returns the image-latent predic- -
tion by guarded dispatch:
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timestep, output transformation, and Figure 2: CADD dispatches before unused producers. A safe hit
sampler. When the guard fails, the bypasses the producer stack; fallback preserves the selected policy.
reference path runs with its original

cache updates and future-layer selection decisions, preserving the reference policy during fallback.



Under review as a conference paper at ICLR 2027

KV reuse fO"OWS the execution graph DepGraph-U (b, ¢): KV under a selected pruning policy
Rebaiai=alnlnlnillnlisllelelalle e e e e e DI L TR ~
i (a) Show-o2 + KV '| (b) Exact-DLS KV 'u (c) Stable-Graph KV :
| fixed graph with standard KV reuse | L selected DLS policy, compatible prefix rebuilds | L DLS off, fixed FFN / token pruning retained |
| | |
| Prefill h Select Rebuild Reuse h 1
) @0 I I ;
1 OEg e O2) 1y DLS off |—| KVIG*] |||~ 1
o = TH oo a7 g G| T !

! L4 L4 | 1
: prefix N :i appenditoken’| 1 : B9 FENpruning OO token pruning
| Voo ] ' selected fixed pruning remains 1
1 I ;
1 o 3
1 0 1 2 1y 0 1 Ao 111 T I
1 one prefill, then new-token forwards Iy Early EOS can leave no reuse | | )‘Ixul gruph incremental continuation 1
| | |
} | 1
. . I
! Standard KV under a fixed graph Preserves the selected DLS polic ' Policy changed Outputs may differ
\ grap policy y g pi ly 1
_________________________________________________________ -
. full-prefix forward @ new-token KV forward skip | DLS layer skip (b, ¢): last-position vocabulary projection
(b, c) are alternative KV policies under pruning. F/R stop at EOS. T = DLS interval

Figure 4: Graph-compatible prefix reuse. (a) Fixed-graph KV context. (b) Exact-DLS selects, rebuilds, then reuses. (c)
Stable disables DLS; outputs may change. EOS terminates each schedule.
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they have no required state or random-number effect. Paired PNG hashes and guard/step traces
verify the instantiated rewrite against the selected policy’s approximate trajectory. Both rewrites
retain the refresh schedule; callers needing an omitted value must retain its reference computation.
CADD tests whether cached state supplies the image path; VocabBypass tests whether text logits
are requested. A cache miss can therefore disable CADD while leaving VocabBypass applicable to
the remaining image call. New consumers require dependency audits at the call site.

3.2 UNDERSTANDING: ALIGN PREFIX STATE WITH ACTIVE LAYERS

Both KV variants retain top-1-filtered sampling: divide last-position logits by a positive temperature,
mask values below the maximum, and sample their softmax with torch.multinomial. Tied
maxima may survive together. Both use the existing last-position projection optimization (Hugging
Face, 2025), evaluated separately from KV.

With weights and inference configuration fixed, prefix entries require compatible features/tokens,
retained visual indices, positions, attention dependencies, and upstream layers. Compatibility con-
cerns historical positions, not identity of the full growing sequence. Conservative rebuild rules and
saved gather maps maintain it; no runtime signature comparison is performed. The implementation
maintains layer-specific KV, stores the visual gather map from each rebuild, and gathers the incre-
mental mask’s key axis. New token positions come from the unpruned mask length because skipped
layer zero need not contain valid KV. Changing an upstream layer can alter historical states even for
identical tokens; both the active graph and its visual gather map must therefore remain compatible.

Exact-DLS KV. Phase 0 evaluates the full prefix to choose a skip set; phase 1 conservatively
rebuilds under the selected graph even if the selection repeats. Later phases decode one token.
Let D = 1 when the selected understanding configuration has a positive layer-skip ratio and interval
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T1s > 0, and D = 0 otherwise. For zero-indexed step j with KV enabled, define the rebuild rule

o 1[j mod T1s € {0,1}], D=1, _.171 o
b _{l[j:O}, D=0, R(J)—jzz:o(l Bj), (3)

When B; = 1, the entire DynamicCache is replaced and the current prefix processed; B; = 0
processes the latest token with existing KV. J counts executed decode iterations, including the EOS-
producing iteration, not decoded-text length. R(.J) counts incremental calls. “Exact-DLS” denotes
policy preservation; paired output equality is checked experimentally under the stated decoding and
RNG protocol.

Stable-Graph KV. Disabling DLS gives D = 0 while retaining permanent FFN and visual-token
pruning. One prefill is followed by incremental decoding, B; = 1[j = 0]. This changes the policy
and may change predictions; we report it separately and exclude it from exact-output claims.

Attribute composed latency gains. CADD leaves fewer VocabBypass opportunities; their gains
are not additive. Likewise, R(J) counts calls, not their cost: prefix length, layers, encoding, pro-
jection, and bookkeeping also matter. We use component controls and latency distributions to sep-
arate these effects. For a paired workload with latencies #£°f and tP“, our aggregate speedup is
S = Y, et/ 3" tPG. This ratio of means measures workload-time reduction; individual ratios
s; = t:*f /tPG instead describe sample-level variation.

4 EXPERIMENTS

We evaluate three questions: how the complete system compares with native models, what the
guarded rewrites contribute under a fixed policy, and when compatible prefix state avoids repeated
work. The main study covers two Show-02 scales and eight benchmarks; BAGEL supplies supple-
mentary second-model checks in the corresponding generation and understanding tables.

Models and protocols. Show-02 generation uses 1.5B/7B models at 432 x 432, batch one, on an
A800-SXM4-80GB. GenEval uses 553 rewritten prompts and four seeds (2,212 images per arm);
DPG-Bench uses 1,065 prompts (Ghosh et al., 2023; Hu et al., 2024). GenEval uses native/system
timepoint counts of 100/70 at 1.5B and 50/35 at 7B; DPG uses 50/35. Native and complete-system
outputs can differ. Fixed-policy controls instead match weights, prompts, noise, sampler, guidance,
and pruning/cache settings, isolating the cost of execution under the chosen trajectory.

4.1 GENERATION: OVERALL GAINS AND POLICY-PRESERVING SAVINGS

Table 1: GenEval quality and generation latency. Show-02 and BAGEL blocks are local; other rows follow source proto-
cols. The BAGEL subset is diagnostic. Subscripts give native-relative speedup.

Model Params. Single obj. Twoobj. Count Colors Position Color attr. Overall Latency (s) |

SEED-X (2024b) 13B 0.96 0.65 0.31 0.80 0.18 0.14 0.51 —

LWM (2024a) 7B 0.93 0.41 0.46 0.79 0.09 0.15 0.47 —

ILLUME (2025) 7B 0.99 0.86 0.45 0.71 0.39 0.28 0.61 —

Show-o (2025a) 1.3B 0.98 0.80 0.66 0.84 0.31 0.50 0.68 —

JanusFlow (2024b) 1.3B 0.97 0.59 0.45 0.83 0.53 0.42 0.63 —

Janus-Pro (2025a) 7B 0.99 0.89 0.59 0.90 0.79 0.66 0.80 —

VILA-U (2025b) 7B 0.89 0.62 0.36 0.79 0.20 0.23 0.47 13.58

Show-02 (2025b) 1.5B 0.994 0.831 0.566 0.867 0.470 0.605 0.722 10.629

+ DepGraph-U 1.5B 0.984 0.806 0.516 0.856 0.388 0.605 0.692 3.3123.209%

Show-02 (2025b) 7B 0.978 0.760 0.478 0.819 0.237 0.512 0.631 11.514

+ DepGraph-U 7B 0.959 0.679 0.422 0.787 0.142 0.343 0.555 3.7183.097x
BAGEL (12-prompt subset)

BAGEL (2025) 7B 1.000 1.000 0.500 1.000 0.500 0.500 0.750 36.521

+ DepGraph-U 7B 1.000 1.000 1.000 1.000 0.500 0.500 0.833 32.9901.107x

Tables 1-2 show the complete system’s 2.880-3.209x speedup over native Show-o02. These gains
combine the selected approximation policies with avoided execution. GenEval quality declines by
0.030 at 1.5B and 0.076 at 7B; DPG declines by 1.389 and 2.177 points, respectively. The rewrites do
not recover approximation losses; they reduce the cost of executing the selected trajectory. Holding
that trajectory fixed gives 1.612—1.767x additional acceleration with matching paired PNG hashes
and equal scores across both scales and benchmarks (Appendix C).
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Table 2: DPG-Bench quality and generation latency. Subscripts compare local Show-02 pairs. Literature timings use
different protocols and are not directly comparable.

Model Params.  Global Entity Attribute Relation Other Overall Latency (s) |
Show-0 (2025a) 1.3B 79.33 75.44 78.02 84.45 60.80 67.27 —
JanusFlow (2024b) 1.3B 87.03 87.31 87.39 89.79 88.10 80.09 —
Emu3-DPO (2024) 8B 87.54 87.17 86.33 90.61 89.75 81.60 124.8
Janus-Pro (2025a) 7B 86.90 88.90 89.40 89.32 89.48 84.19 —
Show-02 (2025b) 1.5B 81.76 90.94 89.98 93.64 77.60 85.055 5310
+ DepGraph-U 1.5B 81.46 89.65 89.58 93.06 73.60 83.666 1.8442. 880
Show-02 (2025b) 7B 82.37 91.87 89.80 93.75 80.40 86.532 11.538
+ DepGraph-U 7B 84.19 90.26 89.02 93.25 79.60 84.355 3.7233.099x
. . . . (a) GenEval Speedup (b) GenEval Quality
Figure 5 varies the cache interval in the O i S
complete 1.5B system. Speedup rises 3.0 | I
. > 2 0.
from 1.765x at interval one to 3.202x £ 55 07
at five, then saturates at 3.190x at eight. £ 50 3070
. . . 13 B =
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points; separate fixed-policy controls iso-

late execution savings. Figure 5: Cache-interval sensitivity against native Show-02. A 120-
. . . . prompt GenEval subset with three seeds; quality bars show seed SD.

Quality varies with the cache policy and Native/system schedules differ, so outputs need not match.

remains below the native subset score. In-

creasing the interval changes which inter-

mediate states are reused, so the faster operating points need not reproduce native images. The
quality bars summarize variation across image seeds, not uncertainty in speedup. Native and system
timings come from separate runs without paired initial noise. Their comparison includes approxi-
mation and schedule changes; the preservation result instead holds those choices fixed. CADD then
changes when a valid cache hit is selected, while VocabBypass omits the unconsumed text projec-
tion. These controls explain which execution costs can be removed without attributing the entire
native-relative gain to the new rewrites.

BAGEL’s supplementary block in Table 1 tests the adapted complete system without TaylorSeer
(Deng et al., 2025). On 12 fixed prompts at 1024 x 1024 with three timing repeats, it gives 1.107x
speedup; 0.750-t0-0.833 quality reflects only one additional passing image, not an established full-
benchmark improvement. BAGEL already omits image-call vocabulary projection and supports
native KV. Its new rewrite removes an unused image-guidance prefill, yielding only 1.0001 x alone
and 1.0013x on the fixed FFN-pruning policy (Appendix I). Most generation gain therefore comes
from the inherited policy. This architectural boundary is consistent with the dependency audit: an
unused producer can save only its existing execution cost when removed.

4.2 UNDERSTANDING: PRESERVE A POLICY OR ENABLE EARLIER REUSE

Understanding uses Show-02-7B across MME, GQA, MMBench-English, MMMU, MMStar, and
AI2D (Fu et al., 2025; Hudson & Manning, 2019; Liu et al., 2024b; Yue et al., 2024; Chen et al.,
2024b; Kembhavi et al., 2016). The selected policy combines 10% FFN pruning, 50% visual-token
pruning before layer 2, and 10% DLS with period 10. Its reference, FlashU-R, reconstructs the
understanding path unavailable in the audited release of Ke et al. (2026); one frozen Wanda artifact
is shared across tasks (Sun et al., 2024). Our reference scores 51.737 on MMStar versus the source
paper’s 48.3, so paired claims concern this reconstruction. Exact retains DLS; Stable disables it.
MMB-EN uses circular scoring. MME-P reports perception quality, whereas MME latency includes
both perception and cognition tasks in the timed workload.

Table 3 places Exact and Stable within the broader quality context. The gray Show-o02 row is a
published reference, so its 1.71 s cannot be divided by the local 0.865/0.491 s to claim controlled
acceleration. Our separate same-policy pairs establish Exact’s 1.147-2.338 x speedup and equality
of all 24,769 decoded responses (Table A5). Token sequences also match on all 20,781 examples
with suitable raw token logs; older MMMU/AI2D logs support response-level equality only.
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Table 3: Multimodal understanding quality and task latency. Upper-block latencies use MMMU; the BAGEL block uses
MMStar. Gray Show-02 and literature rows are reported results. Only the local BAGEL pair gives a native-relative speedup.

. Latency (s) |
Model / policy Params. MME-P GQA MMB-EN MMMU  MMStar AL2D (MMMU)
ILLUME (2025) 7B 1445.3 — 75.1 38.2 — 71.4 —
Show-o (20252) 1.3B 1097.2 58.0 — 26.7 — — —
JanusFlow (2024b) 1.3B 1333.1 60.3 74.9 29.3 — — —
Janus-Pro (2025a) 7B 1567.1 62.0 79.2 41.0 — — —
Emu3 (2024) 8B 1243.8 60.3 58.5 31.6 — 70.0 1.29
VILA-U (2025b) 7B 1317.4 58.5 63.5 30.7 37.2 48.9 0.12
Show-02 (2025b) 7B 1620.5 63.1 79.3 48.9 56.6 78.6 1.71
+ DepGraph-U (Exact) 7B 1593.54 60.693 75.172 46.111 51.737 74.644 0.865
+ DepGraph-U (Stable) 7B 1592.39 60.677 77.234 47.111 51.919 76.490 0.491

BAGEL MMStar (s)

BAGEL (2025) 7B — — — — 68.013 — 0.271
+ DepGraph-U (adapted) 7B — — — — 66.692 — 0.2351.154 %

Stable reaches reuse after one prefill but changes the dynamic-layer policy. Some scores increase
under Stable, but individual answers and stopping behavior change; Exact preserves a different
reference trajectory. Fresh cap-128 MMStar/MMBench pairs yield 5.236x/2.386x acceleration
relative to their own selected-policy references, with only 1,021/1,500 and 3,722/4,329 responses
matching (Table A6). Changed stopping contributes to these gains. MME-P and GQA quality
decline under Stable. The two variants use separate runs and different policies; comparing their
ratios cannot isolate the execution cost of changing the layer-selection schedule.

The supplementary BAGEL block evaluates all 1,500 MMStar inputs under its native KV path. The
adapted system reduces latency from 0.271 to 0.235 s (1.154 %), while the score falls from 68.013 to
66.692; 1,157 responses match. Unlike the Exact-DLS comparison, the BAGEL adaptation changes
the pruning policy and generated answer lengths. This second-model result measures the adapted
system’s quality—latency tradeoff, with no claim of preserved responses (Appendix I).

Reuse opportunity. Across six Exact-DLS tasks, Reuse Opportunity
20,014/24,769 examples (808%) finish during selec- 6 tasks - n = 24,769 M0 incremental M >1 incremental
tion or rebuilding. These sample fractions do not 100%1

ure 6 counts examples that execute an incremental
call. Tts Overall bar pools examples rather than task
percentages, so larger benchmarks contribute more

Example proportion

6.2%
measure runtime: long answers can dominate the A N R B X
workload even when most examples never reuse KV.
This motivates examining both the opportunity to
reuse and its latency effect in Figures 6 and 7. Fig- il l0.6%

0% -

samples. Within MMStar, 940 examples have zero Overall MMMU MMStar ARD  MME MMB-EN GQA
reuse and 560 reach at least one incremental call. A Benchmark
short answer can benefit from last-position projection 80.8% (20,014/ 24,769) never reach reuse

Show-02-7B - DepGraph-U (Exact)

even if R(J) = 0, whereas a long answer may amor-
tize repeated prefix rebuilds. Cache compatibility is Figure 6: Natural reuse opportunity. Six-task exam-
therefore necessary but insufficient for a workload- ple fractions; 80.8% finish before incremental reuse.
level speedup. Prefix length, decoding length, and the active graph determine the cost of the avoided
work. An accepted state helps only if a later decoding call consumes it; ending during selection or
rebuilding leaves no incremental call to accelerate.

Selection and rebuilding remain necessary because they determine the current prediction and the
graph used by later steps. The runtime cannot omit these calls merely because their eventual cache
will go unused after EOS. This differs from an image-cache hit, where the available state already
supplies the live consumer. We retain all 1,500 MMStar pairs, including the 940 zero-reuse cases, in
the latency analysis below. Filtering to successful reuse would remove the dominant short-answer
group and overstate the benefit for a typical request. Valid state is only an opportunity: the realized
continuation determines whether later calls consume it and how much prefix computation they avoid.
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Reuse benefits grow. Figure 7 groups the 1,500 MMStar pairs by incremental calls.

For zero, 1-2, 3-8, and at least nine incremental Reuse Calls and Speedup
calls, median paired speedups are 1.066x, 1.880x%, Mstar = 1300 Ocills  ®2icall < binmedian

2.610x, and 3.795x. The full workload’s 2.338x o e e
ratio of means exceeds its typical short-answer gain: " A
median latency falls from 0.857 to 0.796 s. P95 de-
creases from 8.398 to 2.041 s, consistent with reduced
tail latency in this workload. Prefix length and active
layers also vary, so the association does not identify a <

causal gain for each extra reused step. Required pre- b= T T —
fill and scheduled rebuilding remain in both latency Observed incremental calls

and executed-call counts. The aggregate ratio mea- et - st s Bt

sures total workload-time reduction, whereas the me- Matched pruning policy - identical responses

dian paired ratio describes a typical example. Exact Figure 7: MMStar reuse and speedup.
retains the reference responses and stopping behav-

ior, so these gains do not come from shorter answers. Stable must instead be assessed with its own
quality and output-length results. The four groups contain 940, 121, 298, and 141 examples; each
connected marker summarizes a group rather than an equal share of total runtime. These medians
describe the recorded workload, not variation across repeated runs. The following controls isolate
producer, projection, and KV costs while keeping the approximation policy fixed.

Per-example speedup
=

4.3 COMPONENT CONTROLS EXPLAIN THE AVOIDED WORK

The controls distinguish operator removal from approximation changes by holding the policy fixed.
They test producer bypass, unused projection, and compatible KV separately. Matching outputs ties
each timing difference to execution; separate profiling measures the removed work and the operators
that still serve the output or maintain its required future state.

Overlapping components. Table 4 isolates Table 4: Generation ablation. Mean latency (s).
CADD and VocabBypass under one policy.

Configurati Show-02-1.5B Show-02-7B
Both together reduce 1.5B latency from 2.903 RO; saration 0:9003 Zw;

eference . s .521s
to 1.771 s and 7B latency from 6.521 to 3.671 ., o5 2053 13305
s. CADD removes producer calls; VocabBy-  , vocabBypass 2,429 53985
pass removes a projection from calls that re-  +Both (DepGraph-U) 1.771s 3.671s

main. Their savings therefore overlap rather
than add. The 35-timepoint Euler schedule executes 34 model calls: CADD accepts 14 hits, leaving
20 trunk executions, while Head B still executes 34 times. These retained calls preserve the selected
outputs and the future-state updates required by the sampler. The current timestep still enters Head
B, whose prediction drives the latent update. Moving dispatch ahead of the producers removes their
cost while preserving these live consumers, which limit the remaining acceleration. Each configu-
ration uses 20 prompts per scale and three runs, with matching outputs under the fixed policy.

Figure 8(a,b) splits timq int(? upstream, (a) Show-02-1.5B (b) Show-02-7B
vocabulary, and remaining image-head = Upstream Vocabulary Remaining

and sampler work. 3 /—%\ /—%\
Profiling uses nested-exclusive CUDA- 2 I I I I

Time (s)
Time (s)

stream intervals in separate runs, includ- 1
ing launch gaps; these are not sums of

0
isolated kernel times. Consequently, pro- (i;fezree":; pao e O
: verall: +0.0145%
file totals need not exactly equal Table 4’s  g., . . . . .
uninstrumented timing. The zero-hit con- £ o . . ¢ P
20, .

trol in panel (c) measures +0.0145% 1 5 10 15

. Prompt-seed pair
aggregate overhead across 510 paired - o E q ddi N head. (ab) S ,
model calls, with group values from igure 8: xecute c'ost and dispatch overhead. (a, ) epara'te y
profiled component time at two scales. (c) Zero-hit synchronized
—0.123% to +0.128%. The measured model-call overhead across 15 prompt—seed groups.

dispatch cost is small within this scope;
the control does not cover the end-to-end pipeline or establish zero overhead.
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Guard and interface checks. Normal, forced conditional-only, and zero-hit replay cover 3,570
paired steps, with all recorded prediction and future-state checks matching and zero maximum pre-
diction error. Nine additional interface records verify retained text/logit/loss behavior and rejection
of conflicting image-only requests. RNG equality was checked at runtime, but raw RNG states were
not exported. These generation checks do not certify all understanding masks, positions, or EOS
boundaries (Appendix I).

Separate KV from projection. Table 5 re- Table 5: Understanding cqntrols. Mean paired speedup over
ports speedup, not latency. Restricting projec- three runs on 100 MMStar inputs; outputs match.

tion to the last position gives 1.075x/1.067X  [solated change DLS on DLS off
with DLS on/off. With that optimization fixed, ;s position proj. (KV off) 1.075% 1.067x
adding KV gives 1.984x/2.042x. For each KV (projection fixed) 1.984x 2.042x

contrast, all responses match across 100 inputs
and three repeats; the two contrasts use different denominators. These controls isolate the KV con-
tribution; multiplying them would not replace a directly measured full-system ratio. The source
records retain run-level variation separately for each contrast and DLS setting.

Periodic rebuilds. Figure 9 fixes prefixes at 1,024, 1,536, or 2,048 tokens and forces 32 continua-
tion steps on four inputs with three process repeats. Both arms use last-position projection and the
same DLS policy. This removes differences in projection scope and stopping length from the timing
comparison, so the recurring cost of selecting and rebuilding the prefix remains visible.

At prefix 1,536, full-prefix Qwen calls take about 789 ms versus 23.8 ms for incremental calls, but
selection/rebuild phases recur at steps 1-2, 11-12, 21-22, and 31-32. Cumulative speedup is near
one after two calls, rises to 4.12-4.45x after ten, and drops to 2.69—2.80x after the next rebuild
pair. At the final checkpoint, the 32-call ratio is 3.43-3.64 %, including every scheduled rebuild.

This sawtooth pattern exposes the cost of periodic rebuilding despite valid KV between rebuilds.
Checkpoints along each trajectory share earlier calls and are correlated; they are not independent
repetitions. The Qwen-only timings measure this schedule under forced continuation, while natural
EOS determines how much of it a benchmark request executes.

A resp Onse, endlng _]'llSt afte,r a re,bulld (a) Step Latency (1536 tokens) (b) Cumulative Speedup
cannot realize the savings available in the 50— Reference  — DepGraph-U (Exac)

rest of that period. Suppressing EOS ex-

poses those later calls without changing
the periodic rebuild rule, making the ac-
cumulated cost of that rule visible. The
controlled sweep therefore explains the ,
schedule, while Figures 6 and 7 estab- 0 8 16 2 32 1 6 2

A A Executed step Executed steps
lish how often natural requests reach its o
Figure 9: Controlled prefix length and reuse. Qwen timing and cu-

cheaper phases. These controlled ratios ; o .

. mulative speedup over a projection-matched reference; 96 measured
Ca.nno.t be assigned to every naturally ter-  cefis and 32 forced steps with EOS suppressed.
minating benchmark request. End-to-end

benefit also depends on visual encoding, retained projection work, and the point at which EOS ends
the response. Evaluating the realized continuation alongside the controlled schedule connects the
guard’s local opportunity to the work that an actual request can avoid.
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5 DISCUSSION AND CONCLUSION

DepGraph-U removes unused generation operators and reuses compatible prefix states when de-
coding continues beyond rebuilding. CADD, VocabBypass, and Exact KV preserve their fixed-
policy references; Stable changes dynamic selection to enable earlier reuse. Component controls
explain both avoided work and the live computations that limit acceleration. The framework re-
quires architecture-specific dependency audits, and native implementations that already omit the
relevant work offer less headroom, as the BAGEL control demonstrates. The reported equality is
empirical under the tested protocols, not a universal guarantee across kernels or hardware. Batch-one
timings do not establish serving throughput, and repeated subset controls cannot supply uncertainty
for single-run full understanding results. Evaluation must therefore report the complete system’s
quality tradeoff alongside the execution savings obtained under a fixed policy.
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ATl USE STATEMENT

Generative Al assistants supported literature discovery, problem framing, method and experiment
design, implementation, execution-trace and result analysis, mathematical exposition, translation,
manuscript drafting and editing, and figure preparation and typesetting. Reported measurements
come from preserved experimental artifacts rather than generated or estimated results; paired out-
puts, raw records, and aggregate recomputation were checked. The authors remain responsible for
the scientific claims, citations, and submitted content.

REPRODUCIBILITY STATEMENT

Section 3 specifies execution guards and cache rebuild rules; Section 4 gives workloads, timing
scopes, and equality checks. Appendices A—I give implementation details, experimental protocols,
and the evidence index. The source package separates original Show-02 records from new controls
and BAGEL records in evidence/current_revision/. It includes editable figure sources,
protocol details, and labeled historical diagnostics. The manifest and compact verifier check saved
artifacts and recompute aggregates; they do not rerun model inference.
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A  ALGORITHMS AND EXECUTION CONDITIONS

This supplement specifies DepGraph-U’s dependency-aware execution contracts and algorithms
(Appendix A), protocols (Appendix B), and matched results (Appendix C). Traces, component sen-
sitivity, and native-model examples appear in Appendices D-F; historical UQP selection remains
separate in Appendix G. Appendices H-I index the evidence and new controls. The full system
is compared with native Show-o02 for quality and latency; output-preservation claims concern only
execution rewrites under a fixed selected policy.

A.1 GENERATION REWRITES AND UNDERSTANDING POLICIES

The algorithms and module names below specify the Show-02 implementation. Auxiliary genera-
tion adaptations follow the same dependency rule but retain their own output interfaces and cache
schedules (Appendix I). Table A1 distinguishes two complementary generation rewrites from two al-
ternative understanding configurations. CADD moves the existing Head-A cache decision ahead of
producers whose outputs the accepted branch does not consume. VocabBypass removes vocabulary
projection from the remaining image-only calls. Exact-DLS preserves the dynamic layer-selection
policy and manages KV at its boundaries. Stable-Graph disables DLS, changing that policy while
retaining permanent FFN and visual-token pruning.

Table Al: Show-02 execution policies. Generation rewrites combine; the two KV configurations are alternatives.

Reused / omitted

Method Task computation DLS policy
CADD Generation Rep se Head-A cache; Unchanged
omit unused producers
VocabBypass Generation Omit unusc.ed \{ocabulary Unchanged
projection
Exact-DLS KV Understanding Reuse layer-wise KV Unchanged
between rebuilds
Stable-Graph KV Understanding Reuse layer-wise KV Disabled
after one prefill

Conditional elimination argument. Fix an evaluation-mode execution region, its required out-
puts, and its future state effects. Include their data and control ancestors in the live set. Remov-
ing an operator outside this set cannot change a value reaching a live consumer, provided that the
branch predicate does not depend on its result, mutation through aliases cannot alter a live tensor,
and no required random-number or other state effect is removed. This is a conditional program
argument, not a device-independent theorem of bitwise neural-network execution. The conditions
must be rechecked for new hooks, consumers, kernels, or stochastic layers. These conditions follow
data/control-dependence analysis (Weiser, 1981; Ferrante et al., 1987).

For CADD, the current image prediction is not the only live output. At recalibration steps, hidden
states used to choose a future skip set remain live. The full-network region and conditional-only
guidance also affect the reference state and batch layout. Equation 1 therefore excludes these cases,
along with missing caches, disabled intervals, and unsupported configurations. On an accepted
hit, Head B, the current timestep embedding e;, modality spans my, output transformation py,
and sampler remain active. The cache stores a Head-A output, not the final image or final latent
prediction.

Image-only projection contract. An image-only caller may set skip_1m_head=True. The im-
plementation then returns 1ogit s=None without multiplying hidden states by the vocabulary ma-
trix; supplying labels simultaneously raises an error. With bypass disabled, text and loss calls retain
their original projection. num_logits_to_keep=0 selects all positions, while a value of one
selects the last position. Bypassing vocabulary projection leaves intact the shared hidden states re-
quired by the diffusion branch. Diffusion transformers predict over image-latent patches (Peebles &
Xie, 2023).
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A.2 GENERATION DISPATCH

Algorithm Al retains the reference sampler, guidance, and schedule flags. The selected policy
follows FlashU (Ke et al., 2026); DepGraph-U changes producer execution. Here /N counts model
calls, not timepoints, c is the initially absent Head-A cache, and S is the skip set. Only scheduled
refreshes store new Head-A output; an accepted hit leaves ¢ unchanged. Appendix I distinguishes
the 35-timepoint grid from its 34 calls.

Algorithm A1 Guarded generation with CADD and VocabBypass

Input: Prompt p, initial latent =1, IV reference calls, fixed weights;
CADD flag a, bypass flag u, reference schedule and sampler state
Output: Final image under the paired selected-policy execution contract
1: Prepare reference text conditioning and attention metadata from p
2c+— LS+ 0o > Head-A cache and layer skips
3. fork=1,...,Ndo
4: Read reference flags f%, di, gi, interval T, and timestep ¢,
5: if fr = 1 then
6: ¢ < L; active skips + &
7.
8

else if d;, = 1 then
: active skips < @
9: else

10: active skips < S

11: end if

12: Prepare the reference guidance batch; compute e and spans my,
13: qr < 0

14: if 7. > 0 then

15: gr < Lkmod T, #0A f, =0Ac# 1]

16: end if

17: bi, < qr a 1[selected FFN pruning > 0] (1 — d)(1 — gx)
18: if b, = 1 then

19: Z4+c > Omit features, embeddings, trunk, projection, Head A
20: else

21: Compute reference image features and multimodal embeddings

22: Run the trunk with active skips, fx, and skip_lm_ head=u

23: Retain hidden states H; U <« diffusion-input projection of H

24: if g = 1 then

25: z4cC > Reference hit still skips Head A
26: else

27: 2+ Hu(U, ex, my) > Compute fresh Head-A output
28: if T, > 0 and k¥ mod T, = 0 then

29: ¢ < detach(z)

30: end if

31: end if

32: end if

33: v+ pr(Hp(z, e, my))

34: if d, = 1 then

35: S« reference layer-selection rule applied to H

36: end if

37: Apply reference guidance to vy and update all required schedule state

38: Tp+1 < reference sampler update from xy, vy, tx

39: end for

40: return Reference image decoder applied to zn 41

Implementation mapping. Archived code paths retain their original module names for re-
producibility; these names do not rename the DepGraph-U method. Early dispatch
is implemented in flashu/patch.py. Cache-hit and refresh predicates come from
flashu/diffusion_cache.py; flashu/layer_skipping.py implements projection
bypass. The caller clears the cache when entering full-network mode and computes recalibration
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flags before invoking the accelerated forward function. The early branch reproduces the reference
time embedding and output reshaping, including optional time-token removal and unpatchification.
Diagnostic cache-perturbation hooks are excluded from the reported paired execution.

A.3 LAYER-SPECIFIC KV AND THE TWO DECODING POLICIES

Algorithm A2 specifies both KV configurations. At phase zero, a full-prefix call executes all layers
needed for DLS selection and chooses the next skip set. Phase one rebuilds under the selected
graph even if the selection repeats. Phases two through nine process one token with the compatible
cache. With DLS disabled, Stable-Graph follows the same incremental path after its initial prefill.
Both configurations compute last-position logits and preserve the token-selection rule rather than
replacing it with greedy argmax.

The executed mmu_generate adapter allocates a new DynamicCache at every rebuild.
flashu/understanding.py handles layer skips, visual selection, positions, and gather maps.

Algorithm A2 Understanding with Exact-DLS KV or Stable-Graph KV

Input: Image 7, task-formatted question p, token cap N ax, EOS token;
fixed weights/pruning, DLS period T' = 10, mode m, temperature 7 > 0
Output: Generated token sequence Y under the selected execution policy
1: Encode I once; prepare full embeddings E', mask M, and visual spans
2: Reset sample-specific layer-selection state; K < &; Y «+ []
3: D < 1|m = Exact-DLS and DLS is enabled]; S + &
4: for j =0,..., Npax — 1 do

5: B+ 1[j =0]
6: if D =1 then
7: ¢+ jmod T; B + 1[¢ € {0,1}]
8: end if
9: if D =1 and ¢ = 0 then
10: active skips - &
11: else
12: active skips «+ § > Empty for Stable-Graph
13: end if
14: if B =1 then
15: K < new layer-wise cache; discard the old visual gather map
16: Ei, « E; M, + M; positions < [0, ..., |E| — 1]
17: Run the full prefix with active skips and fixed pruning
18: Store each executed layer’s KV and the current visual gather map G
19: else
20: Ein < E[—1]; position < |M|xey — 1
21: M;,, < last query row of the full mask M
22: Form deep-layer key indices from G and subsequently appended positions
23: Run the new token; gather mask keys before deep-layer attention
24: Read and append each executed layer’s KV during that forward pass
25: end if
26: if D =1 and ¢ = 0 then
27: S+ reference skip selection from full-prefix states
28: end if
29: Retain the forward pass’s last-position hidden state Ay,
30: £ Wimhiast /T > Only the last position is projected
31: Set ¢; «+ —oo for every ¢; < max, £,

32: y ~ Categorical(softmax())
33: Append y to Y and its embedding to E; extend M by the reference rule
34: if y = EOS then

35: break
36: end if
37: end for

38: return Y'; apply the unchanged task decoder and answer extractor
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The fixed architecture uses Transformer attention and Qwen2 decoder components (Vaswani et al.,
2017; Yang et al., 2024). KV-head sharing remains a model choice (Shazeer, 2019; Ainslie et al.,
2023).

Positions, masks, and state ownership. The cache is heterogeneous: layers before and after visual
pruning can have different prefix lengths, and skipped layers need not contain entries. A rebuild
records the retained visual-token indices in the full sequence. Incremental decoding extends this
gather map with later text positions and applies it to the mask’s key axis at deeper layers. The current
absolute position comes from the unpruned mask length, not layer zero’s cache length. During a
rebuild, visual pruning gathers hidden states, positions, and mask axes together; incremental calls
reuse those indices. The operations within each branch of Algorithm A2 occur layer by layer during
the forward pass, before the corresponding attention calculation. They do not correct attention after

it has been computed. Rotary encodings make positions part of query—key interactions (Su et al.,
2021).

The implementation does not compare abstract dependency signatures at runtime. Its conservative
phase rule prevents prefix entries produced by incompatible upstream layers from being mixed.
“Exact-DLS” denotes preservation of this policy; response equality is an experimental finding under
the frozen protocol, not a guarantee for every prompt or floating-point backend.

FastGen, H20, and SnapKV select retained contexts (Ge et al., 2024a; Zhang et al., 2023; Li et al.,
2024); PyramidKV and ThinK vary layer budgets and key channels, respectively (Cai et al., 2025;
Xu et al., 2025). Our lifecycle checks cache compatibility. LayerSkip trains for early exits and uses
self-speculative verification at inference (Elhoushi et al., 2024); Mixture-of-Depths learns token
routing through layers (Raposo et al., 2024). Exact-DLS instead retains the audited schedule.

B EXPERIMENTAL PROTOCOLS AND INPUT CONSTRUCTION

B.1 SHOW-02 GENERATION WORKLOADS AND TIMING

Table A2 records the frozen Show-02 generation configurations. The main comparison measures
the full DepGraph-U system against native Show-02, including the quality effects of the inher-
ited pruning/cache policy and shorter schedule. Separate component controls fix weights, prompts,
seeds, timepoints, guidance, pruning, and cache policy while enabling the execution rewrites. Out-
put equality is checked within those controls, not against native Show-02. These runs use one
A800-SXM4-80GB with batch size one and 432 x 432 images.

Table A2: Show-02 generation settings by benchmark and scale. Auxiliary protocols appear in Appendix B.3.

Hyperparameter Symbol DPG-Bench GenEval GenEval
1.5B/7B 1.5B 7B

Show-02 inference steps Npase 50 100 50

FlashU-family steps N 35 70 35

Guidance scale w 10 7.5 5

Head-cache interval T 5 5 5

Final full-network steps Nranl 11 21 11

Image seeds - 42 0-3 0-3

Shared FlashU / DepGraph-U settings

FFN pruning ratio Tp 0.20

DLS ratio TDLS 0.20

DLS recalculation period ToLs 10

Early / late CFG - 0.75w /w

Image resolution - 432 x 432

Batch size B 1

DPG-Bench contains 1,065 prompts and uses seed 42 for the main comparison. Each selected-
policy component arm has three process-level runs, with the arm order rotated after the initial round.
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Latency is the mean of the three run means, and sample standard deviation is computed across those
means. Native Show-02 has one process-level run. The first image generated in each run remains in
the quality and equality checks but is excluded from latency, leaving 1,064 timed images per run.

GenEval contains 553 prompts evaluated with seeds zero through three, yielding 2,212 quality im-
ages and 2,208 timed images per arm after excluding one warm-up image per seed. The model-scale
configurations in Table A2 differ in steps and guidance, so their scores do not isolate model size.
Generation timing covers the recorded pipeline after initialization. Diagnostic traces and pilot runs
are kept as separate artifacts and are excluded from the benchmark timing means.

Guidance and full-network region. The inherited FlashU schedule (Ke et al., 2026) uses 0.75w
before the final full-network region and w within it. As specified in Table A2, the final 11 or 21
steps restore the full network and also disable accepted CADD hits. DLS recalibrates with period
ten. Adding either generation rewrite preserves these settings; they are not retuned for the faster
implementation. Classifier-free guidance combines conditional and unconditional predictions (Ho
& Salimans, 2022); its schedule remains fixed here.

B.2 UNDERSTANDING DATASETS AND RECONSTRUCTION

Table A3 lists all six evaluation sets and their decoding and pruning settings. FlashU-R reconstructs
the understanding path unavailable in the audited release; it does not claim to reproduce an unre-
leased official implementation. A single Wanda artifact, calibrated on 20 disjoint DPG images, is
frozen across benchmarks, unlike the original paper’s MME calibration. Following the released
pseudocode, the reconstruction retains the largest visual V-norm scores, although the source prose
states the opposite direction. This ambiguity limits the reconstruction. Test answer labels are not
used to select pruning masks or make cache decisions.

Related pruning work targets weights, structures, or layers (Frantar & Alistarh, 2023; Ma et al.,
2023; Men et al., 2025); visual pruning and merging make separate choices (Chen et al., 2024a;
Bolya et al., 2023). We retain the recorded Wanda mask and FlashU visual-selection rule.

All understanding arms use Show-02-7B with batch size one. In the original six-task study, Python
uses seed zero; NumPy, PyTorch, and few-shot seeds are 1234. The fresh cap-128 pairs additionally
control the per-example visual RNG state, as described below. The executed adapter uses the top-
1-filtered sampling described in Section 3.2; task configuration fields such as do_sample=False
do not override its actual sampling implementation. The visual encoder runs once per example.
Synchronized GPU timings include visual encoding and autoregressive computation but exclude
model loading, CPU preprocessing, and scoring. Each complete understanding benchmark has one
process-level run per arm. Its mean, median, and P95 therefore describe the examples in that run,
not run-to-run uncertainty. Inference benchmarking likewise distinguishes latency from throughput
(Reddi et al., 2020).

MMMU, AI2D, MME, and GQA use a 16-token cap. The current Exact-DLS and Stable-Graph
main results use 128 for MMStar and MMBench-English. Earlier Stable-Graph pairs for these
two tasks use 1,024 and are retained only as historical diagnostics in Table A7, with their own
matched FlashU-R references. The cap limits decode iterations, while EOS can stop generation
earlier. Output equality is checked before claiming score preservation. MMMU uses its official
answer parser; AI2D and GQA use the installed exact-match rules. MMStar reports its category
aggregate, MME reports perception and cognition points, and MMBench-English uses CircularEval
over 1,164 groups formed from 4,329 rows rather than raw per-row accuracy.

Fresh cap-128 Stable-Graph pairs. The updated MMStar and MMBench-English comparisons
pair stochastic visual inputs through per-example RNG control; the paired baseline and Stable arms
use the same cap of 128. Preflight checks compare visual latents and verify incremental reuse before
full evaluation. Reported means include first full-evaluation calls and cap-reaching examples, but
exclude smoke timings. These runs have separate process and hardware segments from the original
Exact-DLS study. Their fresh paired baseline must therefore remain attached to their quality and
latency values; neither a cap-1024 baseline nor the older Exact-DLS baseline is a substitute.
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Table A3: Show-02 understanding settings. Current caps match the main tables; legacy cap 1,024 applies only to Table A7.

(a) Evaluation datasets

Dataset Split Test cases | Metric

MMMU validation 900 | Official accuracy
MMStar val 1,500 | L2-category macro
AI2D test 3,088 | Exact match

MME test 2,374 | Perception / cognition
MMBench-EN dev v1.0 4,329 | CircularEval

GQA testdev 12,578 | Exact match

(b) Decoding and pruning hyperparameters

Hyperparameter Symbol Exact-DLS KV Stable-Graph KV
Token cap: MMMU / AI2D/MME/  Nmax 16 16
GQA

Token cap: MMStar / MMBench Nmax 128 128
(current)

Historical MMStar / MMBench cap Nmax - 1,024
DLS ratio TDLS 0.10 0

DLS period ToLs 10 -

FFN pruning ratio Tp 0.10 0.10
Visual-token pruning ratio p 0.50 0.50
Visual pruning layer Ly 2 2
Calibration images Ncalib 20 20
Vocabulary projection - Last position Last position

B.3 AUXILIARY GENERATION PROTOCOLS

The earlier Lumina-DiMOO and OmniGen?2 studies test the generation rewrites, not understanding-
side KV transfer. They retain their own cache policies; the later no-TaylorSeer BAGEL study is
specified separately in Appendix I. Both use batch one and 1024 x 1024 images. GenEval uses
553 original prompts with seeds zero through three, giving 2,212 pairs per model; DPG uses 1,065
original prompts with one image per prompt. These input banks are distinct from the rewritten
Show-02 GenEval prompts described below. Within each pair, weights, prompts, seeds, step count,
guidance, and cache settings are fixed; only the selected execution rewrite changes.

Lumina-DiMOO uses 64 steps, CFG 4, and ML-Cache ratio 0.9, warmup 0.3, and refresh interval
5. Its VocabBypass adaptation retains image-token logits and omits only the unused text-vocabulary
projection. OmniGen2 uses 50 steps, text/image CFG 5/1, and TaylorSeer threshold 3, first-enhance
5, and order 4. CADD acts on accepted prediction steps against the last-layer-only reference, re-
taining the cache-refresh and feature-prediction schedule. Each adaptation preserves the outputs
required by its own image sampler.

Synchronized pipeline wall time includes prompt encoding, sampling, and image decoding, but ex-
cludes loading, saving, equality checks, and warm-up. Each arm is scored independently. DPG
evaluation uses the corrected CSV loader in both arms, retaining the first data row and all 14,392
question answers. The single-image protocol differs from the four-image-grid leaderboard protocol;
these tables do not rank models against that leaderboard or against Show-02. Tables A12 and A13
report ratios of unrounded mean pipeline times separately for each model and benchmark. Indepen-
dent scores supplement the paired image checks: equal aggregate quality alone would not establish
that individual outputs were preserved.
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Recovered runs span process and hardware segments, with pairing within each segment. OmniGen2
pairs match within processes, while a preserved recovery check failed cross-process bitwise repro-
ducibility despite matching weights. GenEval followed a predeclared timing-replication gate, and
the slower pilot pair remains in the audit record. A separate Lumina 2 x 2 control uses eight prompts,
three repeats, and four arms (96 calls) to isolate bypass with ML-Cache off and on. It records RNG
resets but not poststates, so output matching does not establish RNG-state equivalence.

B.4 INPUTS, EXTRACTION, AND SCORE PROVENANCE

Show-o02 generation input. The prompt uses the full text in the frozen rewritten GenEval metadata,
rather than only the short object label shown in a figure. For example, the green-cup/yellow-bowl
case in Figure A3 uses this recorded input (line wrapping is typographic):

a photo of a green cup and a yellow bowl. A high-resolution photograph fea-
turing a vibrant green ceramic cup with a smooth, glossy finish, placed beside a
sunny, bright yellow round bowl on a natural wooden table. The scene is lit by
soft, natural sunlight streaming in from a nearby window, casting gentle shadows
and highlights that accentuate the sheen of the ceramic surfaces. The background
is slightly blurred, suggesting a cozy, homey indoor space with hints of warm,
neutral tones, allowing the vibrant colors of the cup and bowl to stand out promi-
nently.

The input template combines the metadata’s short request with its saved elaboration. No new elabo-
ration is generated during evaluation. The case records preserve the exact strings, including whites-
pace; the quotation above normalizes only the whitespace separating the two parts.

Understanding input. The adapter combines a fixed chat wrapper, image embeddings, and the
installed task’s question/options. The template below preserves their ordering; bracketed fields rep-
resent embeddings or task-specific content rather than literal prompt text:

[BOS]system

You are a helpful assistant.<|im_end|>

<|im_start|>user

[BOI] [optional time embedding] [image embeddings] [EOI]
[task gquestion, answer options, and answer instruction]
<|im_start |>assistant

The adapter removes the literal <image> placeholder from the task context while retaining the
image through a separate embedding branch. Within each comparison, the task-specific prompt,
token cap, EOS handling, text decoding, and answer extraction are unchanged. Response matching
compares decoded answer strings; token-ID matching is reported separately when both paired logs
contain those IDs. An identical wrong answer counts toward response matching but not accuracy.

Binding quality to timed images. GenEval’s overall score is the unweighted mean of six category
rates. The evidence package includes the metadata digest and scorer revision. The newly timed na-
tive 1.5B image bank differed from the older bank in all 2,212 file and decoded-pixel comparisons.
We therefore rescored the new images with the official evaluator without changing its thresholds.
The resulting macro score is 0.72203406, with a mean non-warm-up latency of 10.62890507 sec-
onds. The complete-image pass fraction, 0.71609403, is a different statistic. The older score of
0.72302 is not paired with these new timings.

In repeated fixed-policy DPG matrices, every execution-rewrite arm must match the preserved ref-
erence images before its run is accepted. Repeating a prompt checks repeatability; it does not create
an independent test prompt. For 7B GenEval, both paired banks match the same 2,212-image ref-
erence, giving 4,424 reference comparisons with zero mismatches. Scores are transferred only after
image-bank equality is verified. This transfer is not an independent evaluator run.
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C COMPLETE RESULTS AND MATCHED CONTROLS

C.1 CATEGORY-WISE GENERATION QUALITY

Table A4 breaks down the main GenEval results into the six scored categories. Each row includes
2,212 images, with category denominators of 320, 396, 320, 376, 400, and 400 in table order. Let
s. be the number of successful images and n, the category size. The reported aggregate is

6
0 1 Sec

GenEval — & .
v 6 Ne
c=1

(C.1)

We compute this aggregate from unrounded fractions. Averaging rounded table entries or pooling
all successes into a single fraction need not reproduce the displayed score.

Table A4: Category-wise GenEval scores. Six category rates and their macro average for both Show-02 model scales.

Method Size Smgle TW.O Count Color Position Color Overall
obj. obj. attr.
Show-02 1.5B 0.994 0.831 0.566 0.867 0.470 0.605 | 0.72203
FlashU 1.5B 0.984 0.806 0.516 0.856 0.388 0.605 | 0.69241
+ DepGraph-U 1.5B 0.984 0.806 0.516 0.856 0.388 0.605 | 0.69241
Show-02 7B 0.978 0.760 0.478 0.819 0.237 0.512 | 0.63092
FlashU 7B 0.959 0.679 0.422 0.787 0.142 0.343 | 0.55546
+ DepGraph-U 7B 0.959 0.679 0.422 0.787 0.142 0.343 | 0.55546

Within each model scale, the FlashU and DepGraph-U rows are identical because their paired image
files are identical. The quality gap to the native reference remains, including counting and spatial
relations. For example, 1.5B position successes fall from 188/400 for native Show-o02 to 155/400
for FlashU; DepGraph-U preserves the latter count. This behavior is consistent with an execution
rewrite that preserves the selected approximate trajectory without correcting its errors. It does not
establish the same gap at matched native/FlashU step counts, which we did not evaluate. Related
compositional criteria appear in T2[I-CompBench (Huang et al., 2023); our scores follow GenEval
(Ghosh et al., 2023).

C.2 EXACT-DLS: EQUALITY AND ABSOLUTE LATENCY

Table AS: Same-policy Exact-DLS results. The reference is FlashU-R; the method adds Exact KV and last-position projec-
tion. Equality concerns this reference, not native Show-02.

Method MME-P GQA MMB-EN MMMU MMStar AI2D
Quality
Policy reference 1593.54 60.693 75.172 46.111 51.737 74.644
DepGraph-U (Exact) 1593.54 60.693 75.172 46.111 51.737 74.644
Mean model latency (s) |
Policy reference 0.823 0.848 1.081 1.183 2.541 1.032
DepGraph-U (Exact) 0.718 0.715 0.817 0.865 1.087 0.781
Speedup 1 1.147x 1.185x 1.323x 1.367 x 2.338x 1.321x

Table A5 reports mean model latency for each full benchmark. We define speedup as

i t;. (C2)
i=1

This is not the arithmetic mean of per-example ratios. We compute ratios from unrounded measure-
ments even when the displayed means have three decimal places.

Speedup _ t{eference

;b=
tmethod

S|

All 24,769 decoded responses match their paired FlashU-R references, so official task scores remain
unchanged under the same extraction rules. Matching token sequences are also available for all
20,781 examples from MMStar, MME, MMBench-English, and GQA. Earlier MMMU and AI2D
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baseline logs lack comparable token sequences, limiting their equality claim to decoded responses.
Equality does not imply that the timing logs themselves are byte-identical.

The gains combine the KV lifecycle with last-position projection. Main Table 5 holds projection
fixed to estimate the incremental benefit of KV and holds KV fixed to estimate projection savings,
using three repeats on 100 MMStar inputs. This attribution subset does not provide a conditional
estimate for all examples that reuse KV. Full-benchmark median latency ratios are only 1.065—
1.118 %, compared with mean ratios of 1.147-2.338x. The accompanying data retain unrounded
mean, median, and P95 records. Figure 6 shows reuse fractions, while Figure 7 shows MMStar
per-example speedups with reuse-bin medians; those medians are not ratios of dataset-level latency
statistics. Appendix D connects the workload-level contrast to executed call counts and measured
costs.

C.3 STABLE-GRAPH: QUALITY AND SPEED MUST BE READ TOGETHER

Table A6: Stable-Graph paired results. Fresh cap-128 pairs are marked T; other tasks use cap 16. Each speedup uses its
own matched reference, and outputs may change.

Method MME-P GQA MMB-ENT  MMMU MMStart AI2D
Quality
Policy reference 1593.54 60.693 74.914 46.111 51.665 74.644
DepGraph-U (Stable) 1592.39 60.677 77.234 47.111 51.919 76.490
Mean model latency (s) |
Policy reference 0.823 0.848 1.109 1.183 2.455 1.032
DepGraph-U (Stable) 0.434 0.434 0.465 0.491 0.469 0.441
Speedup 1 1.898 1.953x 2.386 % 2.408 x 5.236x 2.341 x

Table A7 retains the original six-task Stable-Graph study, placing quality alongside latency. Percent-
age scores and MME point scores use different units and are not averaged together. The cap-1,024
MMStar and MMBench-English rows have their own cap-1,024 references; their speedups are not
computed against the cap-128 Exact-DLS references.

Table A7: Original Stable-Graph results. Legacy cap-1024 rows retain their paired baselines; see Table A6 for cap 128.

Method Score T Latency (s) | Speedup 1
MMMU; cap 16
FlashU-R 46.111 1.183 1.000x
Stable-Graph KV 47.111 0.491 2.408 x
AI2D; cap 16
FlashU-R 74.644 1.032 1.000x
Stable-Graph KV 76.490 0.441 2.341x
MME; cap 16
1593.54 P
FlashU-R 347 86 C 0.823 1.000x
1592.39 P
Stable-Graph KV 362.86 C 0.434 1.898 x
GQA; cap 16
FlashU-R 60.693 0.848 1.000x
Stable-Graph KV 60.677 0.434 1.953x
MMStar; cap 1,024 (legacy diagnostic)
FlashU-R 51.789 6.215 1.000x
Stable-Graph KV 51.658 0.466 13.326 %
MMBench-EN; cap 1,024 (legacy diagnostic)
FlashU-R 75.086 2.062 1.000x
Stable-Graph KV 77.062 0.463 4.451x
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In this original study, 1,998 of the 24,769 responses differ from their paired references. Improve-
ments in MMMU, AI2D, MME cognition, and MMBench-English accompany declines in GQA,
MMStar, and MME perception. The available control of visual-encoding random state does not
identify DLS as the sole cause of each quality difference. These historical measurements show a
policy trade-off rather than lossless acceleration or a consistent improvement in quality.

In the legacy MMStar reference, eight outputs reach the 1,024-token cap and account for 63.59%
of total latency. We therefore retain its 13.326x mean ratio as a labeled diagnostic rather than a
headline speedup. The short-answer comparisons with cap 16 yield mean ratios of 1.898-2.408 x.
Interpreting these numbers requires considering both changes in the outputs and their stopping be-
havior.

The fresh cap-128 pairs in Table A6 replace the two legacy rows for the headline comparison,
not for this historical diagnostic. MMStar scores change from 51.665 to 51.919, with 5.236x
mean speedup; MMBench-English changes from 74.914 to 77.234, with 2.386x speedup. Only
1,021/1,500 and 3,722/4,329 responses match, respectively. The fresh references reach cap 128 on
10 and 7 examples, accounting for 14.93% and 7.99% of their runtime; Stable has no cap hits. Thus
these gains include changed stopping behavior and do not support output-preserving KV claims. The
older 1,998-response count and MMStar quality decline above belong only to the original study; they
are not aggregates for the refreshed paired table.

Matching caps alone does not align the original Exact-DLS run with the fresh Stable-Graph pairs:
their RNG protocols and hardware segments also differ. Main Table 5 isolates KV with projection
fixed; comparing full-benchmark times across studies does not.

C.4 ADDITIONAL NATIVE-KV DIAGNOSTIC

The main native comparison uses the basic Show-02 execution. The additional control in Table A8
separately enables standard native KVi; it is not the denominator for the main speedups. It covers all
900 MMMU validation inputs with cap 16. Within each block, speedup and response matching are
measured against the no-KV reference. Standard native KV and Exact-DLS each preserve 900/900
responses relative to their own references, while Stable-Graph preserves 776/900 relative to FlashU-
R.

Table A8: MMMU standard-KYV control. Native Show-02 and FlashU-R use their own paired no-KV references.

Implementation Score (%) Latency (s) Speedup Match (%)
Native Show-02-7B

No KV 48.111 1.687 1.000x -
+ Standard KV 48.111 0.789 2.139x% 100.00
FlashU-R family: fixed pruning; DLS varies

No KV 46.111 1.183 1.000x -
+ Exact-DLS KV 46.111 0.865 1.367x 100.00
+ Stable-Graph KV 47.111 0.491 2.408 x 86.22

Native Standard KV takes 0.789 seconds per sample at 48.111% accuracy, compared with 0.865
seconds at 46.111% for Exact-DLS. At this measured operating point, the pruned policy with its
rebuild cost is neither faster nor more accurate. Stable-Graph is faster at 0.491 seconds but uses
a different policy and achieves 47.111% accuracy. This control covers MMMU only and does not
establish a ranking across datasets. Unlike this DLS control, long-context methods optimize token
retention and attention sampling (Xiao et al., 2024; Chen et al., 2025b).

The native accuracy is the official 433/900, verified by an independent recount. An earlier manual
parser mishandled nested open-answer predictions and counted 428; we exclude that value. The
correction affects the quality interpretation of the control and remains documented in the audit trail.
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Figure Al: Preserved execution traces. (a) CADD reuses Head-A state and retains Head B. (b) AI2D 137 rebuilds at a DLS
boundary. (c) AI2D 280 stops before reuse. Dashed arrows mark cached dependencies; spacing is not elapsed time.

D EXECUTION TRACES AND THE COST OF REBUILDING

D.1 FROM A BRANCH DECISION TO THE EXECUTED PATH

Figure A1 connects the algorithms to preserved execution traces. The generation panel shows se-
lected calls and the logged indices of accepted dispatches. CADD accepts at one-indexed steps
{6,7,8,9,12,13,14,16,17,18,19, 22, 23, 24}, totaling 14 recorded acceptance events. These la-
bels identify positions in the historical schedule, not a complete count of model invocations. The
component audit in Appendix I separately verifies 35 timepoints and 34 model calls. Steps six and
seven reuse the same cached Head-A output but evaluate Head B with their respective current time
embeddings. The remaining steps follow the reference path. This count is specific to the recorded
schedule, not a universal hit rate for other cache intervals or denoising lengths.

AI2D example 137 executes 14 decoding iterations, including the EOS-producing iteration. It selects
layers 24 and 25 to skip in the first period, then layers 12 and 26 in the next. The full-prefix call
at phase zero selects the path, and phase one rebuilds its KV. Example 280 emits D followed by
EOS, executing only the two full-prefix calls. These examples illustrate the cache lifecycle rather
than compare answer correctness. Layer labels are one-indexed, and the diagram displays selected
layers rather than every intermediate block. Prefix lengths are measured at the decoder input before
visual-token pruning, not at every layer’s KV cache. The CADD module stacks depict source-level
dependencies rather than measured per-module times.

D.2 REACHABLE REUSE ACROSS THE FULL WORKLOAD

For period ten, write J = 10¢q + 7, where 0 < r < 10. Equation 3 then gives

J—1
R(J) = 8¢ + max(0,r — 2), > Bj =2q+ min(r, 2). (D.1)
7=0
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The iteration count includes EOS. Across the six Exact-DLS logs, 20,014/24,769 examples (80.8%)
have R(J) = 0. In benchmark order—MMMU, MMStar, AI2D, MME, MMBench-English, and
GQA—the zero-reuse counts are 740, 940, 2,895, 1,980, 3,701, and 9,758, respectively (Figure 6).
The overall rate weights examples equally instead of averaging the six dataset percentages. A
reusable cache reduces a later call only when execution reaches that call.

D.3 MEASURED TIME BY OBSERVED ANSWER LENGTH

Table A9 groups the full logs by observed output length. All 65,828 recorded Qwen calls have
per-call timings. Each of the 20,014 zero-reuse examples executes two iterations in these records;
this length grouping contains no one-iteration examples. The longer-answer groups contain the
remaining 4,755 examples.

Let Z, denote the examples in a length group and c;; the recorded Qwen time, in milliseconds, for
iteration j of example ¢. The two phase statistics and the trace share are

. >iez, 2 Bijci
C'rebuild (g) = bl ! ) (D2)
|Z,]
Chnanly) = 22 2~ By (D3)
incr ZiEIg Z](l _ B”) ’ .
>iez, 25 Bijci
Prebuila(g) = 100 ==~ : (D4)
ZiGIg Zj Cij
Table A9: Exact-DLS costs by answer length. Recorded rebuild costs are per example; incremental costs are per call.

Generated Test LM gen. Rebuild Incremental Rebuild /
tokens cases (s) (ms/ex.) (ms/call) trace (%)

2 20,014 0.656 654.2 - 100.00

3-9 4,290 0.681 648.6 21.01 95.65
10-19 351 1.536 1294.6 20.96 84.89
20-49 76 2.896 2369.3 21.02 82.45
50-128 38 9.695 7992.0 21.26 83.03

The incremental mean is undefined when its denominator is zero and is displayed as a dash. “LM
gen.” denotes the mean recorded language-model generation time in seconds, excluding vision
and setup. Rebuild time is summed per example, whereas incremental time is pooled per call; the
columns therefore use different normalizations. The trace share excludes generation-loop overhead
and visual encoding but includes necessary initial prefills. It must not be interpreted as entirely
removable overhead or as an end-to-end saving.

These groups reflect observed outcomes across heterogeneous tasks, rather than a controlled exper-
iment that forces different answer lengths. Prefix lengths, active layers, and task composition may
differ between groups. The roughly 21 ms incremental calls help explain why reuse can benefit
longer answers, although repeated prefix rebuilding still accounts for much of their traced Qwen
time. The evidence supports this cost decomposition; it does not estimate the counterfactual latency
of eliminating all rebuilds while keeping DLS unchanged.

Separating prefill and decoding is also important in serving (Zhong et al., 2024; Agrawal et al.,
2024). Compute and memory bounds further distinguish operation counts from latency (Williams
et al., 2009).

E SENSITIVITY TO THE DIFFUSION-CACHE INTERVAL

This appendix isolates CADD and VocabBypass under a fixed selected policy. In Figure A2,
Rewrites off/on disables/enables both components without changing that policy. Main Figure 5
additionally uses a native Show-02 reference (100 timepoints, mean 10.639586 s, score 0.747222)
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from separate runs on the same 120-prompt/three-seed workload. Its native-relative ratios therefore
differ from the fixed-policy ratios below and do not imply paired native output equality.

Changing the cache interval changes which Head-A outputs are reused and thus changes the under-
lying approximate generation policy. We evaluate T.. € {1,2, 3,5, 8} on the predeclared balanced
subset of 120 GenEval prompts, with 20 prompts per category and seeds zero through two. All
settings use Show-02-1.5B, 70 denoising steps, CFG 7.5, 432 x 432 resolution, and batch size one.
Within each interval, both arms share these settings and differ only in CADD and VocabBypass. The
control measures their additional execution savings, separately from the full system’s native-relative
tradeoff. Related caches vary reuse by block or timestep (Chen et al., 2024d; Zhao et al., 2025;
Kahatapitiya et al., 2025).

(a) Generation quality (b) Generation latency
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Figure A2: Fixed-policy component sensitivity. CADD and VocabBypass off/on: mean GenEval subset score and latency
over three seeds. Quality curves coincide within this control; neither arm is native Show-02.

Figure A2 and Table A10 draw on the same verified seed-level summaries. @ The 30
seed/method/interval runs contain 3,600 formal timings. Each run excludes its disjoint calibration
input and warm-up; pilots and diagnostic traces are also excluded. At every interval, all 360 formal
paired PNGs match, giving 1,800/1,800 matches overall. Only after this equality check do we reuse
the officially scored reference images to report the rewrites-on quality. Both arms use the inherited
FlashU policy (Ke et al., 2026); the rewrites only remove computations that no requested output or
required state consumes. Table A10 retains seed variation and the matched latency ratios. Equality
holds within each fixed interval, seed, and prompt, not across intervals.

Table A10: Fixed-policy component control. “Rewrites” denotes CADD and VocabBypass. Quality and latency retain their
three-seed variation.

Cache Rewrites off Rewrites on Speedup GenEval
interval latency (s) latency (s) on vs. off score

1 6.986 +0.013 6.028 +0.018 1.159x 0.717 £ 0.014

2 6.180 4 0.008 4.294 £+ 0.004 1.439x 0.719 £0.017

3 5.939 £ 0.011 3.685 4+ 0.010 1.612x 0.714 £ 0.035

5 5.785 4+ 0.017 3.323 £+ 0.004 1.741x 0.728 £0.017

8 5.780 = 0.016 3.335 4 0.006 1.733x 0.717 £ 0.030

The reported uncertainty is the sample standard deviation across three seed-level summaries. For

seed means z,, it is \/ Z‘zzl (zs — Z)?/2. This statistic describes seed variation, not process-repeat
uncertainty or a confidence interval. Because each seed has the same number of prompts, the pooled
latency mean equals the mean of seed means. The accompanying CSV retains each seed’s mean and
quality score, including the data underlying the mean-only curves in Figure A2.

Enabling the two rewrites reduces mean latency at all five evaluated intervals. At interval one, every
step is a refresh, so no CADD cache hit can be accepted; the 1.159x gain must not be attributed
to CADD. The remaining image-only projection bypass still applies. Larger intervals offer more
reuse opportunities, although the fixed full-network region and recalibration guards limit them. The
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measured ratios are 1.741 X atinterval five and 1.733 X at interval eight. These observations establish
neither a monotone relationship nor an optimal interval. Quality differences between intervals are
small relative to the observed seed variation. These subset results do not replace the full GenEval
scores in Table A4. Alternative accelerations change sampling (Song et al., 2021; Lu et al., 2022) or
distill models (Salimans & Ho, 2022; Luo et al., 2023); our comparison fixes both.

F QUALITATIVE COMPARISON WITH NATIVE SHOW-02

Figure A3 compares native Show-02-1.5B with the complete DepGraph-U system on four GenEval
prompts. Each pair uses the same rewritten prompt and seed label zero at 432 x 432 resolution. The
native and system schedules use 100 and 70 timepoints, respectively. These are preserved outputs
from separate historical runs, so the shared seed label does not establish identical initial noise across
runs. All eight original PNGs are retained without image editing or regeneration.

(a) Donut below a cat (b) Green cup, yellow bowl

| I

Show-02 De‘)Graph-U

l/
-

-

-

(c) Yellow bicycle, red motorcycle (d) Purple keyboard, blue scissors
Show-02 DepGraph-U

Figure A3: Native Show-02 versus full DepGraph-U. Four GenEval examples with matching prompt and seed labels from
separate archived runs. Outputs differ; the selected cases do not estimate aggregate quality.

What the examples show. Prompt 00451 asks for a donut below a cat, 00514 for a green cup and
yellow bowl, 00548 for a yellow bicycle and red motorcycle, and 00506 for a purple keyboard and
blue scissors. The paired images differ in composition, object geometry, and local detail. Seven
of the eight images pass their recorded GenEval conditions. For prompt 00514, the native image
fails because the evaluator detects no bowl; the system image passes. This individual outcome does
not establish an aggregate quality advantage, and detector-based checks do not certify every visual
attribute or human preference. Compositional and preference metrics assess different aspects of
generation (Huang et al., 2023; Hu et al., 2023; Xu et al., 2023). The display uses short prompt
labels; the evidence records retain the full rewritten inputs.

System quality and component exactness. The complete system includes the inherited prun-
ing/cache policy as well as CADD and VocabBypass. Its outputs and benchmark quality can there-
fore differ from native Show-02. Table A4 reports the full-bank category scores, including the
quality reductions, while the main generation tables report the corresponding native-relative latency.
The fixed-policy checks in Appendix E address a separate question: whether the execution rewrites
introduce additional output changes after the generation policy is fixed. Their matching images do
not imply equality between the complete system and native Show-02.

Selection and coverage. These four cases come from an existing six-case visual shortlist and are
illustrative, not a random sample or an estimate of the frequency of better or worse outputs. They
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neither establish that every system output is worse nor substitute for the full GenEval score. The
separate-run design also prevents attributing an individual visual change to one component. No per-
image speedup is assigned here. Prompt identifiers, official outcome records, and file hashes for
both arms accompany the figure; the earlier fixed-policy case bank remains separately archived for
its original equality checks.

G UQP: OFFLINE SELECTION AND CROSS-SEED TRANSFER

G.1 A HISTORICAL POLICY-SELECTION DIAGNOSTIC

UQP is a historical study of choosing a generation trajectory for each prompt, independent of the
full DepGraph-U configuration. In Figure A4 and Table A 11, the label rewrites denotes only CADD
and VocabBypass. It changes the trajectory, whereas CADD and VocabBypass preserve the output
of the selected trajectory under their contracts. We report UQP separately because its promising
score-informed selection result loses quality when transferred to a different random seed. This bank
is independent of the later main generation bank; neither its reference DPG score nor its latencies
should be substituted for the main results. Query-dependent cost/quality selection is also studied in
learned model cascades and routers (Chen et al., 2024c; Ong et al., 2025). UQP instead uses already
scored candidate images and does not implement either learned routing method.

Candidate profiles. The finite bank comprises a 35-step accelerated reference following FlashU
(Keetal.,2026), an 18-step quality_18 profile, and a 16-step speed_16 profile. The two shorter
profiles also change text guidance. Their time grid uses u; = 1 — ¢/N and ¢; = 3u;/(1 + 2u;),
fori = 0,...,N. The 18-step profile applies text-guidance scales of 4.20, 2.60, and 1.15 over
t € (0.68,1], (0.34,0.68], and (0, 0.34], respectively. The 16-step profile uses 4.40, 2.40, and 1.10
over (0.72,1], (0.38,0.72], and (0, 0.38]. These ranges are converted into the executed step-count
text-CFG schedule. The generic configuration also includes image-guidance values, but the Show-
02 text-to-image adapter has no independent image-guidance branch, so these values are not an
executed mechanism. UQP is therefore not a step-count-only ablation.

G.2 OFFLINE QUALITY GATE AND FROZEN ROUTE MAP

For each of 1,065 DPG-Bench prompts, we generate and score all three candidates using seed zero.
Let g(p, s,7) € [0, 1] denote the per-image score for prompt p, seed s, and route r, with 7 denoting
the 35-step reference. Using the stored route-level mean-latency constants ¢,., the selector chooses

r*(p) = argmin tr. (G.1)
reR: q(p,0,r)24q(p,0,70)
The reference route is always feasible. The gate evaluates the same candidate images later used
to report the selected quality, making this an offline oracle analysis of a finite bank rather than a
deployable quality predictor. Replaying the saved selector reproduces all 1,065 assignments: 322
prompts take the reference route, 110 take the 18-step profile, and 633 take the 16-step profile.

Table Al1(a) reports the fixed candidates, the selected mixture, and that mixture with CADD and
VocabBypass enabled. The two globally fixed shorter profiles reduce the seed-zero score from
83.119 to 78.671 and 77.336. The score-informed mixture achieves 86.554 on the images chosen
using their own scores. Adding CADD and VocabBypass preserves 1,065/1,065 selected image
hashes. This equality is relative to the selected candidates, not the 35-step reference images.

Reported routed latency averages the measured time from each prompt’s selected candidate record.
It excludes the costs of generating the full candidate bank, scoring candidates, and constructing the
route map. The seed-zero ratio of 2.192x compares the oracle plus execution rewrites with the
unoptimized 35-step reference. It includes both policy selection and execution changes and cannot
isolate the contribution of routing alone.

G.3 TRANSFER TO A NEW STOCHASTIC SAMPLE OF THE SAME PROMPTS
The seed-one evaluation uses the same 1,065 prompts and freezes every seed-zero route. Seed-

one scores are used only for evaluation, not to update the mapping. This tests cross-seed transfer
on known prompts rather than generalization to unseen prompts. Quality uses all 1,065 prompts;
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Table A11: UQP selection and cross-seed transfer. Historical candidate-bank results, separate from the main study.

(a) Seed 0: candidate evaluation and offline selection

Configuration ‘ Steps DPG 1 Latency (s) Speedup
35-step policy 35 83.119 2.9651 1.000 x
UQP-quality 18 78.671 1.6764 1.769 %
UQP-speed 16 77.336 1.5503 1.913x
Offline oracle Mixed 86.554 1.9916 1.489x
Oracle + rewrites Mixed 86.554 1.3525 2.192x

(b) Seed 1: frozen routes on the same prompts

Configuration ‘ DPG © A DPG Latency (s) Speedup
35-step + rewrites 83.711 0.000 1.8369 1.000x
Frozen routes + rewrites 80.421 -3.290 1.3512 1.359x
(a) Seed-0 selection (b) Quality transfer (c) Seed-1 latency
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Figure A4: Historical UQP selection and transfer. (a) Seed-zero operating points. (b) Quality-change CDFs against
the same-seed 35-step policy. (c) Seed-one latency with CADD/VocabBypass in both arms. UQP is not a DepGraph-U
component.

timing excludes the common warm-up, leaving 1,064 records. Both seed-one arms in Table A11(b)
use CADD and VocabBypass, keeping the execution rewrites matched.

The frozen mixture scores 80.421, compared with 83.711 for the 35-step seed-one reference, a
decline of 3.290 DPG points. Its selected-inference mean is 1.3512 seconds versus 1.8369 seconds,
yielding a matched ratio of 1.3595x. Frozen-route latency is reconstructed from selected candidate
timings rather than measured in a separate online-router run. When a prompt selects the reference
route, that timing record contributes to both distributions. Their overlapping portions therefore do
not constitute independent repeat measurements.

For Figure A4(b), define AI(,S) = 100[q(p, s, *(p)) — q(p, s, 70)] in DPG points. The empirical CDF
of values z1,..., 2, is

F,(x) = % 1[z; < z]. (G.2)
i=1
We include all eligible records without smoothing. The fraction with lower quality is F,,(0~), not
F,,(0), because ties at zero are not failures. Under the selection gate, seed zero has 0 lower, 867
equal, and 198 higher scores. Seed one has 254 lower, 683 equal, and 128 higher scores, with
23.85% of prompts losing quality. The analysis records the 108 DPG-point tolerance used to
distinguish numerical ties.

Interpretation and limits. The offline gate enforces nondecreasing scores on images already eval-
uated, but the frozen map does not preserve that property on a different stochastic sample. Output-
preserving execution of a chosen route cannot remedy this selection failure. A single transfer seed
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cannot support a confidence interval across seeds, and the evidence establishes neither unseen-
prompt nor cross-benchmark transfer. No estimate of the full offline preparation cost is avail-
able. These limits motivate reporting UQP as an appendix diagnostic, separate from DepGraph-U’s
dependency-aware execution contribution.

H REPRODUCIBILITY AND EVIDENCE INDEX

H.1 WHAT ACCOMPANIES THE MANUSCRIPT

The source package contains the paper, editable tables and algorithms, all main and appendix fig-
ure assets, and an evidence/ directory with compact measurement records. The filenames be-
low are relative to that directory. MANIFEST. json lists the included files and SHA256 digests;
SOURCE_INDEX. json links derived artifacts to preserved source records through anonymous
relative identifiers and hashes. Model weights, benchmark datasets, and full GPU run archives are
separate from this compact manuscript package. The supplied verifier checks the included records;
it neither reruns the models nor replaces the official evaluators.

Original Show-02 records. table_data. json preserves the original unrounded values, bench-
mark sizes, response-match counts, and descriptive latency statistics. trace_examples.csv
contains one derived record for each Exact-DLS example, while trace_length_timing.csv
contains the five measured length-group summaries. interval_seed_details.csv pre-
serves all three seed-level records for each interval and method. The CSV fields retain their specified
units and normalizations; model latency is not relabeled as throughput or serving latency.

Current and historical evidence. The current_revision/ directory contains the original six-
table sources and current five-table integration, primary-source extracts, unrounded measured data,
BAGEL records, and Figure 5/8/9 plot data. The controlled-reuse raw records allow recomputation
of all 96 heatmap cells. The figure-selection manifests identify eight main-text and four appendix
PPTX inputs; all twelve editable sources are included. Splitting the original reuse slide produces
separately numbered Figures 6 and 7, so the manuscript now contains nine main figures; Figure 5
uses the latest native-comparison version rather than the superseded desktop copy.

The main_tables/ directory retains the previous six-table evidence bank: its Exact/Stable and
auxiliary-generation results now support the appendix, not the numbering of the new main tables.
Itsprojection_kv_controls.csv supplies the repeated controls, and figure6_mmstar_
pairs.csv retains all 1,500 paired MMStar observations. Original cap-1,024 diagnostics and the
superseded verification manifest are preserved separately.

Images and route selection. current_revision/native_cases/ contains the four dis-
played native/system pairs, full prompts, outcome records, and hashes. Its manifest identifies
the separate source runs. The earlier fixed-policy examples remain in case_records. json
and cases/; they are not the current Figure A3. geneval_paired_outcomes.csv re-
tains the 2,212 outcomes from that historical matched bank. uqp_paired_records.csv and
ugp_frozen_routes. json retain quality differences, selected timing observations, and frozen
route assignments. The UQP profile configuration is stored in ugp_profiles. json. Main-
bank, interval-subset, and historical UQP results are maintained as separate data sources.

H.2 RECOMPUTATION AND A FRESH EXPERIMENTAL RUN

Run the compact checks from the extracted source-package root using only Python’s standard li-
brary:

python3 evidence/verify.py

The verifier checks manifest hashes, figure-file provenance, historical paired case images, the current
native/system case hashes, category macro averages, reported latency ratios, response-match counts,
phase-derived reuse counts, interval seed summaries, and UQP frozen-transfer aggregates. It also
invokes verify_main_tables.py to check the current displayed values, matched controls,
and Figure 7 observations. Historical file names and raw model identifiers are retained to preserve
provenance; the figure-number map in review_notes/FIGURE_NUMBER_MAP . json records
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the current display numbering. Its output states how many records were checked and the scope of
each check. Reproducing model outputs also requires the archived model adapters, frozen pruning
artifacts, original weights and datasets, and a compatible GPU environment.

A fresh experiment should begin by freezing the workload, image seeds, stopping rules, and the
relevant configuration in Tables A2 and A3, or Appendix B.3 for auxiliary generation. Keep orig-
inal and fresh RNG protocols and run segments distinct. Run the reference and modified arms on
identical inputs, and archive per-example identities, outputs, and synchronized timings before ag-
gregation. Generation scores must be joined to the timed image bank; a different bank requires
fresh scoring. Understanding comparisons must retain their respective task caps and official answer-
extraction rules. Validate image hashes or decoded responses before transferring quality scores, and
compare token IDs only when both records contain them. Apply only the recorded warm-up exclu-
sions, then recompute means and ratios from full-precision observations. A new hardware/software
stack requires new timing measurements and equality checks.

H.3 LIMITS OF THE EVIDENCE

Generation process repeats, seed variation in the interval study, and full-benchmark understanding
distributions capture different sources of variation. A single full understanding run does not es-
tablish run-to-run statistical significance. Observed answer-length groups are not controlled length
sweeps, qualitative cases are selected examples, and UQP’s offline quality gate offers no test-time
quality guarantee. The native KV counterexample covers MMMU only. Lumina-DiMOO and Om-
niGen?2 provide auxiliary generation evidence; the BAGEL study does not establish general Exact-
DLS transfer. Video models, larger serving batches, and multi-user throughput remain unevaluated.
Recovery-segment pairing does not establish cross-process bitwise reproducibility, and the Lumina
control does not record RNG poststates. Within the measured scope, the central conclusion remains:
execution should follow the values a task actually consumes, while the quality effects of policy
changes require separate evaluation.

I DEPENDENCY-AWARE EXECUTION CONTROLS AND ARCHITECTURE
TRANSFER

1.1 GENERATION EXECUTION-COST DECOMPOSITION

The component experiment fixes the selected pruning, guidance, and cache policy and uses 20 frozen
DPG prompts at each Show-02 scale, with three independent process repeats. Four arms enable nei-
ther rewrite, CADD only, VocabBypass only, or both. Timing and profiling use separate executions:
the former excludes probes and hash/image 1/O; the latter records nested-exclusive CUDA-stream
intervals. Smoke arms verify outputs, final latents, PNGs, RNG, and actual call counts before formal
measurement. The study comprises 960 formal calls across two modes and two scales, plus disjoint
warm-ups.

The validated Euler schedule has 35 timepoints but 34 model calls. CADD accepts 14 safe hits
and leaves 20 trunk calls; Head B remains at 34 calls and Head A at 18. VocabBypass removes all
vocabulary calls when enabled and otherwise leaves one per surviving trunk call. Figure 8 reports
the separate profile totals: 2.90958, 2.06612, 2.42776, and 1.78800 s at 1.5B; 6.53239, 4.34482,
5.39877, and 3.67575 s at 7B, in the four-arm order. Stream intervals include launch gaps and are
not pure kernel sums. Table 4 instead reports uninstrumented means; full-precision values and run
SDs remain in the source records.

1.2 GENERATION GUARD AND INTERFACE VALIDATION

Replay covers normal generation branches (1,530 paired steps), forced conditional-only guidance
(1,530), and zero-hit fallback (510), totaling 3,570 comparisons. All recorded prediction and future-
state checks agree, with maximum prediction error zero. Checks cover the cache, refresh, full-
network, dispatch eligibility, recalibration, and conditional-only conditions in Equation 1; they are
not a proof over arbitrary future callers. Nine additional text/direct-Qwen-label interface records
check retained logits/loss and rejection of conflicts. RNG equality was checked at runtime, without
exported raw RNG states.
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A separate zero-hit experiment uses cache interval one and 510 synchronized paired model calls
grouped into 15 prompt—seed conditions. Aggregate overhead is +0.0145055%; group results range
from —0.123212% to +0.128184%. Negative overhead values are retained as measured variation.
This scope excludes complete image-generation pipeline time and does not establish statistical sig-
nificance of the very small difference. Understanding-side KV, visual gather, mask, position, and
EOS boundary validation is separate from this generation replay.

1.3 CONTROLLED PREFIX LENGTH AND REUSE HORIZON

Figure 9 uses four fixed MMStar inputs, three fresh-process repeats, and prefixes of 1,024, 1,536,
and 2,048 tokens. Both arms retain the same DLS policy and last-position projection; the reference
recomputes the full prefix while Exact enables compatible KV. Each trajectory is forced to 32 steps
by ignoring EOS in this diagnostic. It therefore tests execution cost, not benchmark response ac-
curacy or natural stopping. All 3 x 32 = 96 heatmap cells are aggregated from actual measured
checkpoints without interpolation. Checkpoints within a trajectory share preceding calls and are
correlated; the heatmap cells are not independent experimental repeats.

Cumulative speedup through step J is the ratio of accumulated Qwen CUDA-stream times across
the reference and Exact trajectories under the specified prefix. Period-10 selection and rebuilding
account for the drops after checkpoints 10, 20, and 30. Near-one and slightly sub-one initial results
remain in the data. These measurements isolate the reuse horizon from natural answer length but
exclude the complete multimodal pipeline and do not estimate serving throughput at larger batch
sizes.

1.4 BAGEL wWITHOUT TAYLORSEER

The generation control freezes 12 original GenEval prompts, two per category, with seed 42,
1024 x 1024 output, 50 timepoints, bfloat16, and batch one. Four arms cross native versus se-
lected FFN pruning with the dead-CFG-producer rewrite off versus on. Three process repeats
give 144 formal images. Quality is independently scored on the first 12 images of each arm,
with pixel equality verified across repeats. No TaylorSeer or public last-layer-history optimiza-
tion is active. Native/adapted means are 36.520721788/32.989770527 s (1.107031701 x); scores
are 0.750000/0.833333. These subset values do not establish a full-GenEval improvement.

BAGEL already avoids image-call vocabulary projection and supports KV, and it lacks Show-02’s
identical two-part diffusion head. The applicable new rewrite skips an unconsumed image-guidance
prompt producer, reducing text prefill from two calls to one while preserving within-policy outputs
and RNG. This rewrite alone gives 1.000134 x relative to native and 1.001262x relative to the fixed
pruning arm; slower repeats remain in the evidence. The complete generation saving is predomi-
nantly due to the inherited approximation policy.

Understanding uses all 1,500 MMStar inputs, greedy decoding, cap 128, fixed FFN pruning, na-
tive KV, and guarded append storage. The score is the macro mean over 18 L2 categories,
not per-question accuracy. Native/adapted scores are 68.013468941/66.692480371; latencies are
0.271206171/0.235106319 s, yielding 1.153546921x. Only 1,157/1,500 answers match, and tim-
ing includes output-length changes. An earlier 553-prompt generation run contained TaylorSeer
and other existing optimizations; its 2.488277x ratio is excluded from Table 1. No complete 553-
prompt, no-TaylorSeer result is claimed.

1.5 EARLIER GENERATION-TRANSFER EVIDENCE

These earlier component studies retain their own cached references and are separate from the native-
relative main tables. TaylorSeer and ML-Cache are existing state-selection or prediction policies,
not DepGraph-U contributions; the new contribution is dispatching around producers whose outputs
those selected states make unnecessary. Lumina-DiMOO uses discrete multimodal diffusion with
ML-Cache (Xin et al., 2025); VocabBypass retains image-token logits while omitting the unused
text-vocabulary part. OmniGen2 uses decoupled text/image decoding (Wu et al., 2025a); CADD
bypasses upstream refiners on accepted TaylorSeer prediction steps (Liu et al., 2025b). This Tay-
lorSeer use does not apply to the current BAGEL generation block.
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Table A12: VocabBypass on cached Lumina-DiMOO. Table A13: CADD on cached OmniGen2. The reference

Paired outputs and independently scored quality match. uses last-layer-only history and TaylorSeer.
Method Quality Time (s) | Speedup 1 Method Quality Time (s) | Speedup 1
GenEval GenEval
ML-Cache 0.87753 29.311 1.000 x TaylorSeer 0.76254 10.695 1.000 x
+VocabBypass 0.87753 27.599 1.062 x +CADD (Ours) 0.76254 9.581 1.116 X
DPG-Bench DPG-Bench
ML-Cache 84.140 29.598 1.000x TaylorSeer 84.203 10.826 1.000 %
+VocabBypass 84.140 27.888 1.061 % +CADD (Ours) 84.203 9.693 1.117 %

Both use batch one, 1024 x 1024 images, 553 original GenEval prompts with four seeds, and 1,065
original DPG prompts with one image per prompt. Lumina uses 64 steps, CFG 4, and ML-Cache
ratio 0.9/warm-up 0.3/refresh interval 5. OmniGen2 uses 50 steps, text/image CFG 5/1, and Tay-
lorSeer threshold 3/first-enhance S5/order 4. Pipeline wall time excludes loading, saving, equal-
ity checks, and warm-up. The DPG CSV loader is corrected in both arms to retain the first data
row and all 14,392 answers; this differs from the four-image-grid leaderboard protocol. Recovery
segments retain within-process pairing, but OmniGen?2 failed an additional cross-process bitwise-
reproducibility check despite matching weights. No global cross-process image-identity claim is
made.

A Lumina 2 x 2 control (eight prompts, three repeats, 96 calls) gives 1.0635x without ML-Cache
and 1.0637x with it; all 24 blocks in each comparison are faster. RNG resets were recorded, but
poststates were not exported. These small gains and the near-zero BAGEL rewrite gain show that
transfer depends on which unused operators remain in the native architecture.

1.6 SOURCE AND DISPLAY PROVENANCE

The source package preserves accepted table values and primary-source extracts, as well as the
native Figure 5 comparison and measured Figure 8/9 plot data. Literature quality and latency may
come from separate evaluations: Emu3 MME-P is a released-checkpoint evaluation, while cross-
model latency context follows the archived source measurements of Ke et al. (2026). Such rows
do not provide matched speedup denominators. Missing cells remain unreported, not estimated.
Params. denotes base-language-model size; GenEval scores are in [0, 1], other quality scores are
percentages except MME-P. Display rounding does not alter underlying ratios.

36



	Introduction
	Related Work
	DepGraph-U: Dependency-Aware Execution Pruning
	Generation: dispatch before evaluating producers
	Understanding: align prefix state with active layers

	Experiments
	Generation: overall gains and policy-preserving savings
	Understanding: preserve a policy or enable earlier reuse
	Component controls explain the avoided work

	Discussion and Conclusion
	Algorithms and Execution Conditions
	Generation rewrites and understanding policies
	Generation dispatch
	Layer-specific KV and the two decoding policies

	Experimental Protocols and Input Construction
	Show-o2 generation workloads and timing
	Understanding datasets and reconstruction
	Auxiliary generation protocols
	Inputs, extraction, and score provenance

	Complete Results and Matched Controls
	Category-wise generation quality
	Exact-DLS: equality and absolute latency
	Stable-Graph: quality and speed must be read together
	Additional native-KV diagnostic

	Execution Traces and the Cost of Rebuilding
	From a branch decision to the executed path
	Reachable reuse across the full workload
	Measured time by observed answer length

	Sensitivity to the Diffusion-Cache Interval
	Qualitative Comparison with Native Show-o2
	UQP: Offline Selection and Cross-Seed Transfer
	A historical policy-selection diagnostic
	Offline quality gate and frozen route map
	Transfer to a new stochastic sample of the same prompts

	Reproducibility and Evidence Index
	What accompanies the manuscript
	Recomputation and a fresh experimental run
	Limits of the evidence

	Dependency-Aware Execution Controls and Architecture Transfer
	Generation execution-cost decomposition
	Generation guard and interface validation
	Controlled prefix length and reuse horizon
	BAGEL without TaylorSeer
	Earlier generation-transfer evidence
	Source and display provenance


