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Abstract celeration techniques that exploit redundancy in intermedi-

ate computations [5, 26, 29, 33, 34,42, 59, 72,75, 76]. The
core idea is to cache and reuse computations from previous
timesteps, thereby reducing the need for repeated inference.
These caching methods have shown considerable success in

Diffusion models have achieved impressive generative qual-
ity across modalities like 2D images, videos, and 3D shapes,
but their inference remains computationally expensive due to

the iterative denoising process. While recent caching-based
methods effectively reuse redundant computations to speed
up 2D and video generation, directly applying these tech-
niques to 3D diffusion models can severely disrupt geometric
consistency. In 3D synthesis, even minor numerical errors in
cached latent features accumulate, causing structural arti-
facts and topological inconsistencies. To overcome this lim-
itation, we propose Fast3Dcache, a training-free geometry-
aware caching framework that accelerates 3D diffusion in-
ference while preserving geometric fidelity. Our method in-

accelerating 2D image and video generation.

However, directly extending these caching strategies to
3D diffusion models presents significant challenges. In 2D
or video generation, caching methods typically exploit re-
dundancy in pixel information. They can effectively trade
minor quality degradation for faster inference because these
tasks are primarily perceptual and small texture inaccuracies
are often visually negligible. In contrast, 3D generation re-
quires the model to learn and synthesize precise geometric
structures, a task where small numerical inaccuracies intro-

troduces a Predictive Caching Scheduler Constraint (PCSC)
to dynamically determine cache quotas according to voxel
stabilization patterns and a Spatiotemporal Stability Cri-
terion (SSC) to select stable features for reuse based on
velocity magnitude and acceleration criterion. Comprehen-
sive experiments show that Fast3Dcache accelerates infer-
ence significantly, achieving up to a 27.12% speed-up and
a 54.83% reduction in FLOPs, with minimal degradation in
geometric quality as measured by Chamfer Distance (2.48%)
and F-Score (1.95%).

duced by caching can accumulate into major inconsistencies.
Unlike texture or color errors in 2D images, deviations in
voxel or point-level predictions directly affect the topology
and spatial integrity of the 3D object.

For instance, in TRELLIS [63], a state-of-the-art 3D
diffusion framework, when naive caching is applied to
its geometry generation phase, even minor inaccuracies in
cached voxels or latent features can produce structural ar-
tifacts such as surface holes, geometric distortions or non-
manifold meshes. This highlights the need for geometry-
aware caching strategies that exploit computational redun-
dancy while maintaining integrity of both geometry and

1. Introduction texture in 3D generation.

To address this problem, we propose Fast3Dcache, de-
signed to accelerate inference while preserving structural
correctness. Distinct from 2D approaches that rely on per-
ceptual feature similarity, our method addresses the unique
structural redundancy of 3D geometry. By capturing the
dynamic evolution of sparse voxels, we enable aggressive
computation skipping without compromising the strict topo-
logical integrity required for 3D shapes. Our approach is
motivated by a key observation derived from analyzing state-
of-the-art 3D diffusion frameworks TRELLIS [63]: during

Diffusion models and Flow matching have demonstrated re-
markable success in generating high-fidelity content across
various modalities including 2D images [14, 24, 28, 45],
videos [1, 18, 55], and 3D assets [51, 61, 63]. However, a
significant drawback is their computationally intensive and
slow inference process, which relies on a sequential and it-
erative denoising procedure. To alleviate this computational
bottleneck, recent studies have explored caching-based ac-
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the denoising process, the occupancy field, which indicates
voxel existence, exhibits a progressively stabilizing pattern.
Specifically, as denoising proceeds, an increasing number
of voxel locations become static, meaning their occupancy
values no longer change across subsequent timesteps. More-
over, the number of these active updates decreases approx-
imately following a logarithmic pattern. Inspired by this
observation, we design a dynamic caching mechanism that
identifies and caches features corresponding to stable voxel
regions in the latent feature space. By adaptively tuning the
cache ratio based on the observed change rate, our method
avoids redundant computations in static regions while focus-
ing inference on dynamically evolving parts of the geometry.
We formalize this scheduling strategy as Predictive Caching
Scheduler Constraint (PCSC), which predicts the number of
stable voxels and controls the caching ratios over timesteps
effectively.

After determining the cache quota for each timestep ac-
cording to the stabilization pattern, we further design a ro-
bust selection criterion, termed the Spatiotemporal Stability
Criterion (SSC), to accurately identify which tokens should
be cached. Intuitively, given the cache quota predicted by the
PCSC scheduler, our goal is to cache those tokens that have
exhibited stable behavior in recent timesteps, namely, fea-
tures corresponding to regions whose geometric states have
largely converged. To achieve this, SSC evaluates voxel sta-
bility from two complementary perspectives. The first is
the magnitude of the predicted velocity, which reflects how
much a voxel’s latent representation changes between con-
secutive timesteps. The second is the acceleration, which
measures the stability of velocity through the rate of change
in size and direction. By jointly considering both magnitude
and direction, SSC provides a more fine-grained measure of
voxel stability than either metric alone, enabling accurate
and adaptive caching decisions.

We conduct comprehensive experiments on 3D gener-
ation tasks. Our approach accelerates inference substan-
tially and maintains high geometric quality compared to
non-accelerated baselines and naive caching strategies. Our
main contributions are summarized as follows:

* We propose a novel geometry-aware caching framework
for 3D diffusion models, leveraging the intrinsic stabiliza-
tion patterns of voxel occupancy during denoising.

¢ We design Predictive Caching Scheduler Constraint
(PCSC) that dynamically adjusts caching ratios over
timesteps based on the predicted stabilization trend.

* We introduce Spatiotemporal Stability Criterion (SSC),
a robust token-selection rule that selects stable voxel to-
kens through a joint analysis of velocity magnitude and
acceleration magnitude.

» Extensive experiments validate that our approach achieves
state-of-the-art acceleration-performance trade-offs on 3D
generation tasks. Code and models are publicly available.

2. Related Work

Diffusion and Flow-based 3D Generative Models. Pre-
viously, Score Distillation Sampling (SDS) [4, 23, 38, 48,
49, 66, 70] was widely utilized for 3D content creation.
However, this approach suffers from significant limitations,
including slow per-scene optimization speeds and multi-
view inconsistencies known as the Janus problem. With
the emergence of large-scale 3D datasets such as Objaverse
[7, 22], researchers have increasingly utilized this data to
train DM or FM capable of generating 3D objects directly.
Current direct 3D generation methods utilize different
underlying representations, which can be primarily cate-
gorized into explicit [60, 61, 63], and implicit latent sets
[21, 50, 51, 74]. Compared to implicit latent vectors, ex-
plicit voxel representations offer superior control over spatial
structure and topology. Among works utilizing explicit rep-
resentations, TRELLIS [63] stands out due to its distinct
two-stage design, which decouples geometry synthesis from
texture generation. Consequently, TRELLIS has become a
foundational framework for various downstream tasks, with
subsequent research addressing specific challenges: DSO
[20] incorporates physics-based guidance to ensure physical
soundness, Amodal3R [62] resolves occlusion issues, and
other works focus on refinement and part-aware modeling
[12, 40, 68, 69, 71].
Acceleration Works of DM /FM. Acceleration for 2D or
video diffusion models is broadly categorized into training-
required and training-free approaches. (1) Training-
required Methods include distillation [6, 17, 35, 37, 41] and
consistency models [46, 57]. These methods require ex-
pensive retraining and permanently modify model weights.
They are often limited by specific frameworks. (2) Training-
[free Methods reduce inference costs by exploiting redundan-
cies without altering weights. These include adaptive solvers
31, 32] or sampling strategies [8, 16, 39, 43] that reduce
step counts, attention optimizations [2, 44, 61, 65, 73], and
model pruning [3, 53]. Most relevant to our work is fea-
ture caching [5, 10, 11, 26, 29, 33, 34, 42, 59, 72,75, 76],
which reuses features based on spatial / temporal similarity.
However, these methods are predominantly designed for 2D
/ video tasks. Their direct migration to 3D generation often
causes fatal topological errors by ignoring unique geometric
characteristics. While Hash3D [67] explored 3D accelera-
tion, it is not applicable to diffusion-based frameworks.

3. Preliminaries

3.1. Flow Matching (FM)

Many 3D generation frameworks leverage Flow Matching
(FM) [9, 19, 24, 28, 56, 57, 64], particularly the efficient
rectified flow formulation. The ideal velocity field u, =
y1 — Yo serves as the ground-truth, defined along the path
y: = (1 — t)yo + tyy that interpolates data yo ~ pgaa and
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noise y; ~ N(0,I). A neural network vg(y;,?) is trained
to approximate this field. Inference generates a sample y
from noise y; by numerically solving the ODE yo = y; —

/01 v (y:, t)dt. The characteristics of the predicted velocity
field vg at each step ty inform our caching strategy.

3.2. Sparse Structure Generation

The TRELLIS framework [63] generates 3D assets in two
stages: Structure Generation and SLAT Generation. Our
work accelerates the first stage, which defines the structure
as a set of active voxel coordinates P = { pi}{;l. A Flow
Transformer Gs, conditioned on a DINOv2-processed im-
age c, iteratively predicts the velocity field to evolve a noise
grid S, € RBXCXDXHXW = By decoding this latent grid
at each step, we observe a distinct three-phase stabilization
pattern where voxel changes progressively diminish. This
predictable behavior provides a clear opportunity to accel-
erate the Structure Generation process.

4. Methodology

In Sec. 4.1, we present key observations on 3D geometry
synthesis that motivate our acceleration strategy. Based on
these insights, Sec. 4.2 introduces the core components of
Fast3Dcache. Finally, Sec. 4.3 details the integration of
these components into a unified, three-stage pipeline.

4.1. 3D Geometry Synthesis Observation

In TRELLIS [63], geometry synthesis is achieved by itera-
tively rectifying a latent feature grid S;, which is decoded
at each step to determine the underlying 3D structure. To
design a geometry-aware caching strategy, we first analyze
how the generated geometry evolves over time. Our study
reveals two complementary forms of redundancy: (1) three-
phase stabilization pattern in voxel occupancy that follows
a predictable log-linear decay, and (2) stabilization of latent
features, reflected in the magnitude and temporal variation
of the predicted velocity field. Together, these observations
indicate that large portions of the grid become progressively
stable as sampling proceeds, revealing substantial computa-
tional redundancy and suggesting that feature caching can
be safely exploited in these regions.

Voxels Evolution in Binary 3D Grid. To determine when
caching can be safely applied, we require a measure of geo-
metric change across timesteps. Instead of analyzing latent
tokens directly, we decode the latent grid S; into a binary
occupancy grid O, € RV *. This representation allows us to
quantify dynamic voxels, i.e. the voxels whose occupancy
state changes between consecutive timesteps:

As, = Z (Or41(is j, k) ® O, (i, j, k)) (1)
i,j.k
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Figure 1. Observed voxel stabilization trend and the PCSC
motivation. (a) The Original curve plots the empirically observed
number of dynamic voxels (log-scale) per inference step, revealing
a distinct three-phase pattern. (b) The PCSC curve illustrates our
approach, motivated by this observation. We identify that the decay
in Phase 2 can be reliably approximated by a log-linear function
(red dashed line). This predictability forms the foundation for our
scheduler, which we calibrate at an anchor step to forecast the
stabilization budget.

where i, j,k € {0,1,...,N — 1} and & denotes the XOR
operation, which directly reflects whether each voxel has
flipped its state. A large value of As; indicates that the
global geometry is still rapidly evolving, whereas a small
value suggests that the structure has largely stabilized.

Fig. la plots As; over time for TRELLIS [63]. We con-
sistently observe a clear three-phase pattern: (i) an initial
unstable phase, where As; is large and the coarse geome-
try is being formed, (ii) an intermediate phase, where As;
decreases approximately log-linearly as the geometry pro-
gressively stabilizes, (iii) a final phase, where As; drops
sharply and only minor refinements occur. This phase sep-
aration is crucial for our method: it suggests that caching
should be disabled in the early unstable phase, gradually
introduced with a growing budget in the intermediate phase,
and applied most aggressively in the final refinement phase.
In other words, the voxel evolution curve provides a prin-
cipled way to allocate different caching budgets to different
stages of the generative process.

Feature Dynamics in Latent Grid. The voxel trend pro-
vides a global caching budget at each timestep, but it does
not specify which tokens can be safely cached. To select
specific tokens, we need a more fine-grained measure of lo-
cal stability in latent space. For this purpose, we examine
the velocity field predicted by the network at each timestep
and analyze both its magnitude and its temporal variation.
(1) Velocity Field Analysis: We define the velocity mag-
nitude for token i at timestep ¢ as V;(#) = ||v;(¢)||2, which
represents the intensity of feature updates. As shown in
Fig. 2a, the distribution of V;(¢) also exhibits a three-phase
evolution. In Phase 1 (blue region), many tokens have large
velocity magnitudes, reflecting the need for substantial up-
dates to establish the coarse object structure. Caching in
this stage would risk corrupting the emerging geometry. In
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(a) Visualization of velocity field feature map. This panel displays the temporal evolution of the predicted velocity field v; for each token within a central

spatial slice of the feature grid S;.
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(b) Visualization of acceleration field feature map. This panel illustrates the temporal evolution of the difference between consecutive velocity fields
(|1vs = v¢—1]l2, acceleration), representing the instantaneous caching error for each token within the central slice.

Figure 2. Visualization of velocity field and acceleration field feature maps in S;. The maps illustrate the temporal dynamics of (a)
velocity magnitude and (b) acceleration magnitude (rate of change). These tiny dynamics mirror the three-phase stabilization pattern
observed in Fig. 1a. The progressive decay in both velocity and acceleration magnitudes confirms their efficacy as robust criteria for

identifying stable tokens suitable for caching.

Phase 2 (orange region), the number of tokens with large
V;(¢) gradually decreases, indicating that more regions of the
grid become stable over time. In Phase 3 (red region), most
tokens exhibit small velocity magnitudes, and the model
only performs subtle refinements. These observations sug-
gest that tokens with persistently small velocity magnitudes
are natural candidates for caching.

(2) Acceleration Field Analysis: We define Instantaneous
Caching Error (ICE), equivalent to the acceleration magni-
tude A;(t), to quantify the potential error incurred by ap-
proximating the current velocity with the previous step:

ICE; (1) £ A;(2) = ||vi(t) = vi(t = 1)||2. 2

Intuitively, A;(#) measures how much the current up-
date direction deviates from the previous one. In Fig. 2b,
high-acceleration events correlate strongly with the struc-
tural changes observed in the velocity field but provide a
more rigorous measure of instability. Consequently, we
leverage both velocity and acceleration metrics as the joint
criteria for token selection.

4.2. Fast3Dcache Core Components

Building upon the observations, we introduce two com-
plementary components that jointly determine the caching
strategy in Fast3Dcache. The Predictive Caching Sched-
uler Constraint (PCSC) specifies how many tokens may be
cached at each timestep, while the Spatiotemporal Stabil-
ity Criterion (SSC) determines which specific tokens can

be safely cached without degrading geometric fidelity. To-
gether, these modules translate geometric evolution into a
dynamic and fine-grained computational policy.

Predictive Caching Scheduler Constraint (PCSC). The
goal of PCSC is to allocate an appropriate caching budget at
each timestep. Motivated by the distinct stabilization pattern
observed in Phase 2 of Fig. 1a, we approximate the decline
in dynamic voxels using a log-linear curve. This predictive
approach enables the model to dynamically determine the
optimal cache quota at each timestep, ensuring that the com-
putational budget adapts flexibly to the evolving stability of
the geometry.

To construct the decay schedule efficiently with minimal
computational overhead, we perform a one-time calibration
at the end of Phase 1. We designate a specific timestamp as
the anchor step, calculated as [T X p,], where T is the total
number of inference steps and p, governs the duration of the
full-sampling stage. At this anchor, we quantify the initial
magnitude of voxel changes, denoted as o, by comparing
the decoded grids of adjacent steps. Empirically, the rate
at which dynamic voxels decay is consistent across diverse
samples, allowing us to adopt a fixed slope parameter u to
extrapolate future changes. As illustrated in Fig. 1b, we
model the decay of dynamic voxels as a straight line in log-
coordinate system:

log(AS) = p -t + A, 3)
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Figure 3. Overview of the Fast3Dcache three-stage acceleration strategy. Phase 1 (Full Sampling): The process begins with full
sampling to establish initial geometric stability. At the end of this phase, the PCSC is calibrated by measuring voxel change (o) at the
anchor step. Phase 2 (Dynamic Caching): In the main phase, the SSC identifies stable tokens for caching based on the dynamic budget
predicted by PCSC. Only unstable tokens are processed by the FT. Phase 3 (CFG-Free Refinement): The final stage employs an aggressive
fixed-ratio schedule. A high and fixed ratio ¢ is used to determine the proportion of tokens to cache, maximizing computational savings

during these stable refinement steps.

where AS is the predicted dynamic voxel between adjacent
timesteps and A is the vertical intercept. The line in log-

coordinate yields final predictive curve:
AS = o - e (=TT pal) 4)
This predictive curve provides a time-varying estimate
of geometric change A§; across intermediate timesteps. To
translate this geometric prediction into a computational bud-
get for the flow transformer, we derive the number of tokens
to be cached c;. Since the dynamic voxels are defined in the
upsampled output space, we normalize them by the upsam-
pling factor vy, to estimate the necessary active calculations,
and designate the remainder as the cache quota:

cr = D3 - &,
Yup

®)

where D? represents the total number of latent tokens and
Yup denotes the upsampling ratio. This derived c, serves as
the dynamic caching budget that strictly constrains the token
selection process in the subsequent Phase 2. This dynamic
budget specifies an upper bound on the number of cached
tokens for Phase 2 and ensures that caching aggressiveness
adapts to the stability of the underlying geometry.

Spatiotemporal Stability Criterion (SSC). While PCSC
establishes the global cache budget c,, the complementary
challenge is to pinpoint exactly which tokens can be safely
cached without compromising geometric fidelity. This se-
lection process requires a metric that is both accurate and
computationally lightweight. To achieve this, we introduce
the Spatiotemporal Stability Criterion (SSC), which evalu-
ates token-wise stability based on instantaneous velocity and

acceleration dynamics. SSC is applied throughout Phases 2
and 3 to distinguish tokens that require fresh computation
from those whose features have converged.

Guided by the observations in Sec. 4.1, we define for
each token i a cache ability score C;(t) that integrates two
normalized quantities: the acceleration A;(¢) (representing
temporal variation of updates) and the velocity magnitude
Vi (1) (representing update intensity). Formally,

Ci(1) = - norm(A7(1) + (1 - w) - norm(Vi (1)), (6)
where A;i(t) —min; A;(r)
norm(A; (1)) = max; A;(r) —min; A; ()"
O )
norm{Vi(6) = Vi(t) = min; V;(1)

max; Vj(l) - minj Vj(l) '

Intuitively, this score captures how unstable a token is:
tokens with small, slowly-varying updates are more stable
and therefore more suitable for caching, whereas tokens with
large or rapidly-changing updates are less stable and should
be recomputed more frequently.

The 3D latent state S; is first flattened into a dense
sequence of tokens x(*) € RE*NpXdmoi  where N, =
D x HxW denotes the total number of tokens. Given a com-
putational budget ¢, (the maximum number of tokens we can
afford to actively update at step ¢), the SSC ranks tokens ac-
cording to their cache ability scores and identifies the indices
of the active subset, denoted by 7 (Ctﬁ)ve. We apply an index-
based selection to extract the corresponding features and
obtain a reduced input sequence Xiézive = x® [ 7, (Ctﬁ)ve, -1,
which contains only the tokens chosen under the budget c;.
Since the attention mechanism [54] is the primary compu-
tational bottleneck in the generation process, we perform
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self-attention exclusively on this active subset. Only the less
stable, more informative tokens are recomputed, while the
more stable tokens reuse their cached states. This stability-
aware selection allows us to respect the budget ¢; and sub-
stantially reduce the cost of attention.

4.3. Fast3Dcache Integration

Having established the PCSC budget scheduler and the SSC
token selector in Sec. 4.2, we now integrate these com-
ponents into a unified, end-to-end acceleration workflow
Fast3Dcache. As illustrated in Fig. 3, Fast3Dcache seg-
ments the inference process into three strategic phases. This
multi-stage design balances the necessity for geometric sta-
bility in the early steps with the opportunity for aggressive
acceleration in the later convergent stages.

e Phase 1: Full Sampling. Consistent with observations
in other generative modalities [15, 30, 52, 72], the ini-
tial steps of 3D generation exhibit high volatility in voxel
evolution. Consequently, we employ full sampling during
this phase to guarantee fundamental geometric accuracy.
Crucially, the final step of this phase serves as the anchor
point to calibrate the PCSC scheduler, allowing us to pre-
dict the decay trajectory and determine the cache budget
for the subsequent phase.

e Phase 2: Dynamic Caching. In this intermediate phase,
we deploy the SSC module to execute precise, token-level
caching based on the dynamic budget provided by PCSC.
However, relying exclusively on cached features for ex-
tended periods can lead to geometric errors. To mitigate
this, we enforce an Error Accumulation Elimination con-
straint defined by the interval 7, where 7 is the interval
controlling the frequency of full refresh steps. We man-
date a full-sampling update every t steps to rectify the
latent states and limit the propagation of approximation
errors. This periodic reset keeps the latent grid aligned
with the correct generative trajectory.

* Phase 3: CFG-Free Refinement. As shown in Fig. la,
the generation process enters a highly stable regime once
Classifier-Free Guidance (CFG) [13] is disabled, focusing
primarily on minor structural refinements. To streamline
efficiency during this stage, we transition to a simplified
fixed-ratio caching strategy. We continue to utilize the
SSC for token selection, but the cache budget c; is gov-
erned by a constant, aggressive ratio £. We can calculate
it as ¢; = D3 - £, where D3 denotes the total token vol-
ume. To counteract potential error accumulation over this
extended sequence, we introduce a periodic correction cy-
cle governed by the parameter f.o;. The model operates
in a cached mode for f.or — 1 steps, followed by a Full
Correction Step every feorr-th step, where all tokens are
recalculated to fully realign the feature grid.

5. Experiments

In this section, we present experimental details and eval-
uations to demonstrate the effectiveness of our method.
Sec. 5.1 introduces the implementation details, while
Sec. 5.2 provides quantitative results, qualitative visualiza-
tions, and ablation studies.

5.1. Implementation Details

Setting. Our experiments are conducted on TRELLIS [63]
and its variant DSO [20], focusing on accelerating the in-
ference in the initial sparse structure generation stage. A
single NVIDIA GeForce RTX 4090 GPU is used in our ex-
periment. To ensure fairness across all methods, we use
FlashAttention by default in all our experiments.

Evaluation. To evaluate acceleration in geometry gener-
ation, we measure throughput (iters/s) and FLOPs (T) for
inference efficiency. For geometric fidelity, we adopt Cham-
fer Distance (CD) and F-Score (threshold = 0.05), following
standard protocols in 3D generation [27, 36, 58]. All gen-
erated meshes are normalized into a unit cube and aligned
with ground truth using the Iterated Closest Point (ICP) al-
gorithm prior to metric computation. We evaluate on the
Toys4K dataset [47] following TRELLIS [63]. For each
object, we select its corresponding mesh as ground truth,
render it from 12 fixed viewpoints, apply background re-
moval, and filter out low-quality images. This yields 71
objects with 852 valid image prompts. Each image is fed
independently into the model, and we report mean metrics
across all samples for fair comparison.

5.2. Results Analysis

Quantitative Results. Table | reports a comprehensive
comparison between Fast3Dcache and several methods. In
addition to the vanilla TRELLIS and DSO configurations,
we include a modality-aware caching method, RAS [30],
originally designed for 2D DiT models. Across all met-
rics, Fast3Dcache delivers substantial efficiency gains while
maintaining high geometric fidelity. By contrast, the 3D-
adapted RAS method fails to preserve structural integrity
and leads to significant artifacts, a 26.53% drop in F-Score
on TRELLIS. This performance gap underscores a key ob-
servation: caching strategies developed for 2D image syn-
thesis do not directly generalize to 3D geometry, as they
overlook the distinct stabilization patterns and topology-
sensitive dynamics of volumetric structures. By explic-
itly modeling these 3D-specific behaviors through PCSC
and SSC, Fast3Dcache achieves better acceleration-quality
trade-off. The results validate that geometry-aware caching
is essential for reliable and efficient 3D generative modeling,
and that the proposed method provides both principled and
practical advantages over existing 2D techniques.
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Table 1. Quantitative comparison on TRELLIS [63] and DSO [20] frameworks. We benchmark Fast3Dcache against TRELLIS and
existing modality-aware method (RAS [30]). Our method consistently outperforms the baseline, achieving higher throughput and lower
FLOPs while preserving geometric fidelity (CD and F-Score) across various settings. (best and second-best)

Frameworks  Acceleration Methods Throughput (iter/s)T FLOPs (T)] CD| F-Score?
TRELLIS [63] vanilla 0.5055 244.2 0.0686 54.8244
RAS [30] (sample ratio 25%) 0.6337 ( ) 125.1 (] 48.77 %) 0.0867 (T 26.38 %)  40.2769 (| 26.53 %)
RAS [30] (sample ratio 12.5%)  0.6177 ( ) 125.8(] 48.48 %) 0.0846 (] 23.32 %)  43.9622 (| 19.81 %)
Fast3Dcache (7 = 3) 0.5850 ( ) 14241 41.69 %)  0.0697 (1 1.60 %)  54.0900 (| 1.34 %)
Fast3Dcache (7 = 5) 0.6344 ( ) 121.3(1 50.33%) 0.0712 (] 3.79 %)  53.5003 (] 2.42 %)
Fast3Dcache (7 = 8) 0.6426 ( ) 110.3 (] 54.83 %) 0.0703 (T 2.48 %)  53.7528 (| 1.95 %)
DSO [20] vanilla 0.3496 244.2 0.0687 54.8350
RAS [30] (sample ratio 25%) 0.4341 ( ) 125.0 (] 48.81 %) 0.0805 (T 17.18 %)  46.4990 (| 15.20 %)
RAS [30] (sample ratio 12.5%)  0.4047 ( ) 125.8(] 48.48 %) 0.0820 (] 19.36 %)  45.5584 (| 16.92 %)
Fast3Dcache (7 = 3) 0.3955 ( ) 146.5(] 40.01 %)  0.0698 (1 1.60 %)  54.0451 (| 1.44 %)
Fast3Dcache (7 = 5) 04114 ( ) 126.0 (] 48.40 %) 0.0711 (] 3.49 %)  53.5506 (| 2.34 %)
Fast3Dcache (7 = 8) 0.4071 ( ) 115.4 (] 52.74 %)  0.0704 (T 2.47 %)  53.5487 (| 2.35 %)

Table 2. Results of Fast3Dcache combined with a modality-
agnostic SOTA method. Integrating our method with the
modality-agnostic acceleration framework TeaCache yields further
speedup while also improving reconstruction quality.

Acceleration Methods Throughput (iters/s) T CD|  F-Score?
Vanilla 0.51( ) 0.0686  54.8244
TeaCache [25] 1.45 ( ) 0.0705  53.5567
TeaCache + ours 1.74 ( ) 0.0701  53.9420

Complementarity with Modality-agnostic Accelerators.
We further examine whether Fast3Dcache can serve
as a complementary module to existing state-of-the-art,
modality-agnostic acceleration methods. To this end, we in-
tegrate Fast3Dcache with TeaCache [25], a leading training-
free accelerator originally developed for video diffusion.
Since TeaCache is not tailored for 3D geometry, we first
adaptits timestep-based caching mechanism to the 3D sparse
transformer architecture. As shown in Table 2, the 3D-
adapted TeaCache alone achieves a 2.84x speedup. When
combined with our geometry-aware Fast3Dcache, the ac-
celeration further improves to 3.41x throughput, demon-
strating that the two methods provide complementary gains.
Remarkably, the combined approach also yields improved
geometric fidelity, achieving better CD and F-Score scores
than TeaCache [25] alone, indicating that Fast3Dcache con-
tributes not only additional efficiency but also stabilizes geo-
metric updates during sampling. These results confirm that
Fast3Dcache is highly compatible with existing accelerators
and can be seamlessly integrated to produce compounding
improvements in both speed and quality.

Visualization Results. We present some 3D generation
results in Fig. 4. Our results demonstrate that Fast3Dcache
preserves structural fidelity better than the existing approach
RAS [30].

Table 3. Ablation study of the PCSC module. We evaluate
the effectiveness of our adaptive scheduler compared to fixed-rate
sampling methods. Additionally, we analyze the sensitivity of
the decay slope u, demonstrating that optimal slope calibration is
essential for preserving generation quality.

Schedule CD|  F-Score?l
w.0. PCSC (fixed 25%) 0.0956  34.5122
w.0. PCSC (fixed 12.5%) 0.0899  39.0563
PCSC (u=-0.7) 0.0707  53.4978
PCSC (u =-0.07) 0.0697  54.0900
PCSC (u =-0.007) 0.0701  53.7803

Ablation Study. Impact of PCSC Scheduler. Table 3
presents ablation analysis for the PCSC module. To validate
the necessity of our adaptive approach, we compare PCSC
against static, non-adaptive strategies with fixed sampling
rates. The results demonstrate that PCSC significantly out-
performs fixed-rate methods by dynamically tailoring the
cache budget to the specific geometric complexity of each
input prompt. Furthermore, we investigate the sensitivity
of the slope parameter y. Since the cache quota c; is dis-
cretized, minor fluctuations (e.g., £10%) have a negligible
effect on the final budget. Consequently, we vary the slope
by an order of magnitude (factor of 10) to clearly delineate
the impact of the decay rate on generation quality.

Effectiveness of SSC Components. Table 4 details abla-
tion analysis of SSC module. In Eq. 6, the caching score
is a weighted fusion of velocity (V;) and acceleration (A;).
We evaluate the contribution of each component against the
RAS method (Row 1), which utilizes standard deviation for
screening. We further test single-component settings where
only V; or A; is active. The results confirm that neither com-
ponent alone is sufficient. The best performance is achieved
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Figure 4. Visualization comparison of 3D geometry synthesis. The leftmost column presents the input image. Subsequent columns
display 3D meshes generated by TRELLIS, RAS method (at varying sampling ratios). Observe that while RAS introduces noticeable
geometric artifacts and surface noise, Fast3Dcache preserves structural fidelity comparable to the original TRELLIS framework, achieving

acceleration without compromising quality.

Table 4. Ablation study of the SSC module. We evaluate the
individual contributions of the velocity (V;) and acceleration (A;)
components. The results demonstrate that relying on a single
metric is insufficient, while the joint consideration of both fields
yields better geometric fidelity.

w. Vi(t) w A1) w CD|  F-Scorel
X X - 0.0743  50.9974
v X - 0.0836  44.9630
X v - 0.0709 53.5394
v v 03 0.0703 53.9156
v v 0.4 0.0706 53.5711
v v 0.5 0.0703 53.7132
v v 0.6 0.0705 53.8326
v v 0.7 0.0697 54.0900

by jointly considering both metrics, validating their comple-
mentary role in assessing geometric stability.

Effectiveness of Elimination Step. Finally, we validate
the critical role of the elimination step 7 (Table 1). The re-
sults demonstrate that this constraint is indispensable for
maintaining stability. Completely disabling the correc-
tion mechanism leads to significant geometric degradation,

with CD deteriorating to 0.0724 and F-Score dropping to
51.8157. This confirms that periodic full-sampling updates
are essential to rectify accumulated approximation errors
and preserve high-fidelity generation. These experiments
all demonstrate the effectiveness of each of our modules.

6. Conclusion

We present Fast3Dcache, a training-free acceleration frame-
work tailored for the TRELLIS series to expedite 3D ge-
ometry synthesis. Fast3Dcache is explicitly designed for
spatially explicit representations (sparse voxels) by lever-
aging their inherent spatial redundancy and stabilization
patterns. Our approach exploits intrinsic stabilization pat-
terns within the generation process through two synergistic
modules: Predictive Caching Scheduler Constraint (PCSC),
which dynamically allocates the computational budget based
on voxel decay trends, and Spatiotemporal Stability Cri-
terion (SSC), which precisely identifies the minimal sub-
set of active tokens requiring updates. Extensive experi-
ments demonstrate that Fast3Dcache significantly reduces
the FLOPs while strictly preserving geometric fidelity, of-
fering a robust solution for high-quality 3D generation.
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