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Abstract

View-conditioned 3D generators such as SAM 3D, TRELLIS and Hunyuan3D1

produce high-quality object reconstructions from a single view, but real-world2

capture often arrives as long monocular streams. Naively applying above genera-3

tors to streaming inputs will lead to severely inconsistent generation. To address4

this problem, we propose Streaming3D, the first training-free streaming mecha-5

nism that turns a frozen view-conditioned 3D generator into a streaming generator6

with constant cross-chunk memory. Specifically, Streaming3D achieves this by7

maintaining a compact evidential memory, which selectively caches the most infor-8

mative historical frames based on their confidence scores. As the stream progresses,9

the memory dynamically updates to retain a fixed number of informative frames,10

preventing the memory footprint from growing linearly with sequence length. This11

also prevents degradation over long sequences, and keeps the underlying gener-12

ator completely unchanged—without retraining, architectural modifications, or13

auxiliary losses. Evaluated on long realistic and synthetic streams, Streaming3D14

outperforms latent-transport baselines, including KV-cache reuse and flow-based15

feature editing, across both photometric and geometric metrics. It maintains a16

constant memory footprint and stable reconstruction quality as sequence length17

increases. More details could be found at the project page: Link.18

1 Introduction19

Object-centric 3D generation is becoming a practical building block for vision and robotics [28, 23,20

40]. Recent systems such as SAM 3D Objects [5] and TRELLIS.2 [50] can take an image, isolate an21

object, and reconstruct a Gaussian splat [13] or mesh within seconds. Yet their input model remains22

fundamentally non-streaming. They are designed for a single view, or a small set of views, while23

real capture devices produce long monocular streams: a phone circling an object, a robot observing24

while moving, or a wearable camera recording continuously. Naively applying a single-view 3D25

generator frame by frame yields temporally inconsistent reconstructions; feeding all frames via26

multi-diffusion method [3] or multiview fusion [21] is computationally expensive or even infeasible;27

and processing fixed-size chunks via flow matching-based method [17] loses the history needed for28

global consistency.29

An alternative approach is to adapt techniques from streaming video generation or 3D reconstruc-30

tion [18, 57]. For instance, state-transport mechanisms like KV banks [18] or FlowEdit-style velocity31

edits [17] could be introduced to propagate information across chunks. However, transporting latent32

states in this manner is fundamentally problematic. As the orientation, shape, and scale of these33

states are deeply entangled within the generator, they are difficult to align across frames, leading to34

severe error accumulation during the streaming process. Furthermore, as these methods transport and35

accumulate state over time, their memory footprint naturally grows with sequence length. Ultimately,36
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the transported state itself can become a source of error: over long streams, the very mechanism37

intended to preserve consistency may paradoxically degrade it.38

To solve this problem, we propose a novel training-free method: Streaming3D. Instead of transporting39

latent states, Streaming3D incrementally retains the observed frames that provide the most reliable40

conditioning evidence for 3D generation as new streaming inputs arrive. Our key observation is41

that a frozen view-conditioned generator already exposes such conditioning evidence through its42

cross-attention maps. During a cheap one-step warmup pass, if a query token in a 3D volume attends43

to a frame both strongly and selectively, that frame provides confident evidence for the corresponding44

part of the 3D volume. We count this signal as an accumulative evidence score for this view with45

respect to the query token. The stream history is then treated as a pool of candidate views: for each46

query token, we maintain the historical frames with the highest evidence observed so far. At each47

chunk, we aggregate these token-level preferences, select a small bundle of frames that collectively48

cover the most query tokens, and run the original generator on this bounded view set.49

Specifically, we instantiate this idea as Token-Vote View Memory, a compact streaming memory that50

retains, for each query token, the highest-evidence frames observed so far. At each chunk, token-51

level evidence is aggregated into frame-level ownership scores; the top-K frames are selected as a52

conditioning bundle and passed to the pre-trained 3D generator via Evidence-Based Multi-Generation.53

Because the memory stores only a fixed number of evidential frame indices per token, its footprint54

remains constant with stream length. The generator itself is left completely unchanged: no retraining,55

architectural modification, or auxiliary loss is required, since the memory module only controls which56

observed frames the generator sees.57

Notably, Streaming3D provides two properties that latent transport does not offer. First, the memory58

will not linearly scale with the stream length. Second, evidence accumulation is monotonic: for59

each query token, the retained evidence score can only remain unchanged or improve as new frames60

arrive. Consequently, in terms of the evidence score, the selected conditioning bundle is never worse61

than one selected earlier. As a comparison, the latent-transport schemes cannot provide such a62

non-degradation guarantee as they require hand-engineered rules to align streaming frames in latent63

space, thus accumulating inconsistencies over time. In a nutshell, view memory transports evidential64

frames rather than latent, thereby sidestepping the latent-alignment problem entirely.65

We evaluate Streaming3D as a lightweight streaming wrapper around pre-trained SAM 3D and66

TRELLIS.2 on long monocular streams. Across photometric and geometric metrics, Streaming3D67

improves over latent-transport baselines while maintaining a constant memory footprint and avoiding68

the long-horizon degradation observed in KV-bank and FlowEdit-style alternatives. In summary, our69

contributions are threefold:70

• Streaming 3D generation. We pioneer the task of extending frozen view-conditioned 3D71

generators to long monocular streams, producing temporally consistent 3D generations72

while keeping memory bounded and avoiding retraining.73

• Token-Vote View Memory. We introduce a compact view-memory mechanism that trans-74

ports evidence rather than latent states. The memory is interpretable, coordinate-free, and75

training-free; its footprint is constant in stream length.76

• Superior Streaming Performance. We show that the proposed mechanism matches or77

improves latent-transport baselines while avoiding their long-horizon degradation.78

2 Related Work79

2.1 3D Generation80

Recent object-centric 3D generators can be understood along three main design axes: output rep-81

resentation, learning regime, and input format. Along the first axis, different methods adopt dif-82

ferent 3D representations, including triplane- and Neural Radiance Field (NeRF)-based backbones83

[11, 41], surface meshes [53, 47, 52], 3D Gaussian splats [12], and native structured latent volumes84

[55, 48, 25, 24, 5, 51]. Along the second axis, existing approaches cover closed-form regressors85

[11, 41, 53, 47, 12, 51], 3D latent diffusion models [55, 48, 25, 24, 5], and SDS-based optimization86

methods [37, 26, 46, 43]. Some layout-aware variants [5, 22, 1] further model the spatial arrangement87

of multiple objects within a scene. The third axis, input format, is the one most relevant to our88
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work. Despite their differences in representation and learning paradigm, most existing methods89

assume a fixed and limited input interface: they take either a single image or a small, predefined set90

of images as input. Multi-view diffusion methods [29, 8, 31, 32, 39, 15] relax this setting by first91

hallucinating additional views before reconstructing 3D geometry. Video-conditioned reconstruction92

models [45, 20, 54, 56] and 4D-aware generators [2, 6, 38] extend the input format further to short93

temporal clips. More recently, MV-SAM3D [21] enables multi-view fusion directly in the latent94

space of a 3D generator. Nevertheless, these methods still operate on a fixed input bundle determined95

in advance, rather than supporting truly open-ended streaming inputs. None of these methods natively96

supports unbounded online streams. In practice, long-stream processing is typically handled through97

ad hoc latent-transport schemes, which propagate intermediate states across chunks. However, such98

designs usually incur memory growth with sequence length and lead to performance degradation99

over long horizons. In this work, we adapt a frozen view-conditioned generator [5] into a streaming100

generator that maintains constant cross-chunk memory, independent of stream length, and agnostic to101

the model backbone.102

2.2 Reconstruction from Streaming Inputs103

Reconstructing 3D geometry from streaming inputs has traditionally been studied in monocular104

SLAM [9, 19, 7, 14, 36, 10, 34, 35], which incrementally estimates camera motion and scene105

structure from video. Recent methods have extended modern feed-forward reconstruction models106

to online settings. Notably, Spann3R [42] augments a DUSt3R-style encoder [45] with a token-107

addressable spatial memory, enabling online pointmap fusion over long image streams. Similarly,108

SLAM3R [30], also built upon DUSt3R, introduces a real-time end-to-end dense reconstruction109

system that directly predicts 3D pointmaps from RGB videos. Point3R [49] further incorporates110

an explicit geometry-aligned spatial pointer memory, together with 3D hierarchical RoPE and an111

adaptive fusion mechanism. However, DUSt3R itself remains inherently two-view, restricting each112

inference step to a fixed image pair and making large-scale fusion dependent on iterative matching113

and optimization. VGGT-SLAM [33] addresses this limitation by adopting the more powerful VGGT114

transformer, which supports image sets of arbitrary length. CUT3R [44] instead adopts an RNN-style115

formulation for causal pointmap prediction from unstructured image streams. However, it compresses116

all past observations into a limited recurrent state, which can hinder long-range memorization and117

fine-grained multi-view fusion. Following the design philosophy of modern large language models,118

StreamVGGT [57] and Stream3R [18] employ causal transformers to implicitly cache historical119

visual tokens. In addition, because CUT3R suffers from severe drift on long streaming inputs,120

TTT3R [4] proposes a simple empirical state-update rule to improve sequence-length generalization.121

Streaming3D departs from these reconstruction-centered approaches: while online reconstruction122

focuses on aggregating geometry already observed in the input stream, streaming 3D generation must123

also infer and synthesize unseen structure under temporal and geometric consistency constraints.124

3 Method125

We extend view-conditioned 3D generators — SAM 3D Objects [5] and TRELLIS.2 [50] — to handel126

long streaming inputs without retraining, architectural change, or auxiliary loss. The Token-Vote View127

Memory (Sec. 3.2) enables efficient long-range memory by retaining compact, token-level evidence128

from past views, while Evidence-Based Multi-Generation (Sec. 3.3) leverages this memory to produce129

temporally consistent and geometrically coherent 3D generations throughout the streaming process.130

3.1 Problem Setup131

3D Generation Preliminary. Let fθ denote a frozen view-conditioned 3D generator that, given132

a single input frame v and an initial noise prior z0 ∼ N (0, I), produces a 3D sample (Gaussian133

splat [13], mesh, or latent volume) ŷ = fθ(v; z0). Recent 3D generation models, i.e., SAM 3D [5],134

TRELLIS [52], TRELLIS.2 [51], Hunyuan3D 2.0 [55] and CraftsMan3D [24], instantiate fθ as a135

two-stage pipeline — a structure stage (SS) producing a coarse occupancy / latent grid, followed by a136

texture or appearance stage — with at least one cross-attention layer of the form:137

Av = softmax

(
QK⊤
√
d

)
∈ [0, 1]Q×P , (1)
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Figure 1: Framework of Streaming3D. During training, a video DiT predicts the velocity of the
noised video latent, while its intermediate features guide a geometry DiT to predict geometry velocity.
This coupled training enforces geometry-consistent generation. During inference, only the video
branch is used for efficient generation.

where Q is the number of query tokens in the generator’s voxel grid (e.g., 163 = 4096 in SAM 3D’s138

structure stage), P is the number of key tokens in the input frame v, and d is the feature dimension139

of each query/key token. In its native form, 3D generator fθ accepts a single frame and produces a140

single reconstruction; it has no mechanism for incorporating multi-view evidence.141

Streaming 3D Generation. Our method extends 3D generator fθ to accept a stream of condition142

views V = {v1, . . . , vT } by fusing the per-view forward passes through a confidence-weighted143

Multi-Diffusion-style aggregation in 3D latent space. The stream is partitioned into overlapping144

chunks Ck of size C. At chunk k, we wish to produce a 3D sample ŷk that is consistent with all145

preceding chunks, while maintaining a memory footprint that does not scale linearly with stream146

length T .147

3.2 Token-Vote View Memory148

To maintain an efficient memory footprint that does not scale linearly with the total sequence length149

T , we introduce a Token-Vote View Memory mechanism. Rather than blindly retaining all historical150

frames, this approach dynamically filters and preserves only the most informative views by evaluating151

their relevance at a per-token level. Our mechanism operates in three distinct stages. (1) First, we152

compute an Evidence Score via a lightweight attention probe to measure the significance of each153

incoming view. (2) Second, we update a fixed-capacity global Memory that persistently tracks154

the highest-scoring frames for each individual query token. (3) Finally, we perform Conditioning-155

view selection by allowing the tokens to "vote" for their preferred frames, aggregating these local156

preferences to select an optimal, bounded-size condition set for the full generation pass.157

Evidence Score. At a certain chunk, we run a single denoising step of the structure-stage generator158

on the chunk’s condition set, with a frozen prior z0 that is sampled once on chunk 0 and reused159

thereafter. We extract the cross-attention map equation 1 at one fixed layer L, for a query token q that160

excludes special tokens (CLS, register, etc.), and compute the per-token cross-attention induced by161

view v (with P patch tokens) as below:162

Hv[q] = − 1

log(P )

P∑
i=1

Ãv[q, i] log Ãv[q, i], Ãv[q, i] =
Av[q, i]∑P
j=1 Av[q, j]

, (2)

163

Mv[q] =

(
P∑
i=1

Av[q, i]

)
·
(
1−Hv(Ãv[q])

)
, (3)
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Algorithm 1 Streaming inference with the Token-Vote View Memory.
Require: generator fθ, chunk C, chunk frame v, chunk frame index k, layer L, token range [a, b],

memory depth D, bundle size K.
1: Sample z0 ∼ N (0, I) ▷ frozen prior
2: M← 0Q×D, F← 0Q×D ▷ evidence and frame-index memory
3: for k = 0, 1, 2, . . . do
4: Run one warmup denoising step of fθ on C with prior z0
5: Extract Av at layer L via Eq. 1 for each v ∈ C
6: Compute per-view evidence score Mv ∈ [0, 1]Q on token range [a, b]
7: Update memory: row-wise top-D merge for each query token q
8: Compute ownership counts {nfr} via Eq. 4
9: Select bundle V⋆ via selecting the top-K frames

10: Fuse per-view scores via Eq. 5 during the full forward
11: output ŷ ← fθ(V⋆; zk) with fresh zk
12: end for

which yields a per-view evidence score Mv[q] ∈ [0, 1] for query token q. Notably, there are three164

intentional designs in this probe as explained below: Frozen prior: reusing z0 across chunks makes165

evidence score Mv[q] comparable across chunks; any difference between two chunks’ entropy maps166

is attributable to the views, not to a fresh draw of noise. Single denoising step: the first step’s167

attention is dominated by the input views’ content; later steps are progressively shaped by the model’s168

own prediction, which would be circular for a view-selection objective.169

Memory. The cross-chunk memory is represented by two matrices M,F ∈ Q×D, where Q is the170

number of query tokens, and D is the number of frames to retain, i.e., memory depth. M ∈ RQ×D171

is the evidence memory, which stores the K highest evidence scores over all observed views;172

F ∈ RQ×D is the frame-index memory, which stores their corresponding global frame indices.173

During the streaming process, each token’s top-D list is updated by merging in the new candidates174

from newly arriving frames. Frames that never enter any token’s list are discarded immediately.175

The total footprint is 2×Q×D scalars, constant in stream length T — about 50KB for SAM 3D176

(Q=4096, D=4).177

Conditioning-view Selection. At a certain chunk, the runtime view set V⋆ selected for the full178

forward pass is obtained by aggregating the per-token top-D lists into a per-frame token-ownership179

count, then taking the top-K frames by that count. Concretely, we define the ownership count of180

frame fr as the number of (token, rank) slots it occupies anywhere in F:181

nfr =
∣∣{(q, j) : F[q, j] = fr, 1 ≤ q ≤ Q, 1 ≤ j ≤M}

∣∣, (4)

and select the K frames with the largest counts for V . Notably, there are two distinct ranks D and182

K. D is the memory depth: how many candidate frames each token retains in its sorted list; K is183

the bundle size: how many frames the downstream generator consumes per forward pass. Here, D184

controls how robust the evidence score computation is.185

3.3 Evidence-Based Multi-Generation186

Generation via multi-view flow-matching fusion. The selected views V⋆ are passed to the generator187

fθ, which performs multi-view-conditioned diffusion: at each step t, the generator computes a188

velocity Vθ(zt, v) for each v ∈ V⋆ and fuses the per-view scores into a single update on the shared189

latent zt. Following the standard multi-diffusion fusion rule, the fused velocity at each query token q190

is a view-weighted average:191

V̄θ(zt)[q] =
∑
v∈V⋆

Mv[q]Vθ(zt, v)[q],
∑
v∈V⋆

Mv[q] = 1, (5)

where Mv[q] is the normalized per-token, per-view evidence score. The full forward pass is ŷ =192

fθ(V⋆; zk) with zk drawn freely per chunk.193

Algorithm and properties. Algorithm 1 summarizes the per-chunk procedure. The method involves194

three integer hyperparameters (L, D, K), a fixed prior z0, and no learned parameters. Processing195

5



Table 1: Quantitative comparison on appearance and geometry metrics.

Data Method Appearance Geometry

PSNR↑ SSIM↑ LPIPS↓ Depth MAE↓ Depth RMSE↓ Acc@5cm↑ RelAcc@5↑

Data1

Zero123 – – – – – – –
SAM3D – – – – – – –
TRELLIS.2 – – – – – – –
EscherNet [16] – – – – – – –
TRELLIS+M.D. – – – – – – –
Ours – – – – – – –

Data2

Zero123 – – – – – – –
SAM3D – – – – – – –
TRELLIS.2 – – – – – – –
EscherNet [16] – – – – – – –
TRELLIS+M.D. – – – – – – –
Ours – – – – – – –

each chunk requires a single warmup forward pass to extract cross-attention at layer L, followed by196

memory updates, and a full forward pass of fθ using the selected conditioning frame bundle.197

Summary. The Token-Vote View Memory admits two structural properties that distinguish it from198

any latent-transport scheme. First, the cross-chunk footprint is at most 2 × Q × D scalars and is199

therefore bounded independently of stream length T . Second, for every query token q and rank j,200

the cached evidence values M(k)[q, j] are non-decreasing in k: only retains the M largest entries201

of the union of the previous row and the new candidates, so the j-th largest can only increase. The202

conditioning bundle supplied to fθ at chunk k is therefore never worse, in evidence-score terms,203

at chunk k − 1, while the footprint stays constant in T . KV banks, prev-chunk query banks, and204

FlowEdit-style velocity edits admit no analogous non-degradation guarantee, and their state grows205

linearly in k. The mechanism is not a new generative model, not a fine-tuning or distillation scheme,206

and not a view-acquisition policy: it selects among views already captured, leaves fθ’s weights and207

architecture untouched, and involves no learning.208

4 Experiment209

We evaluate Streaming3D on long-stream 3D generation, where the model receives a sequence of210

continuously arriving posed images and must maintain a coherent 3D representation over time. Unlike211

standard multi-view reconstruction, this setting stresses two properties simultaneously: the method212

must exploit newly observed views to improve geometry and appearance, while preserving long-range213

consistency without reprocessing the entire stream. Our experiments are designed to answer three214

questions: (i) whether Streaming3D improves streaming 3D generation quality over single-view215

and multi-view baselines, (ii) whether token-wise evidential memory provides better long-range216

consistency than existing streaming alternatives, and (iii) how memory size and view-selection217

strategy affect performance.218

4.1 Experimental Setup219

Implementation: Our experiments are run on NVIDIA xxx GPU. We use SAM3D with its standard220

settings as the underlying generation backbone. We adopt Depth Anything 3 [27] to estimate the221

camera pose and depth of input frames to get point map, which are fed into SAM 3D for 3D222

generation.223

and all default hyperparameters, memory depth, bundle size, attention layer, stream length, ...224

Dataset: We evaluate on two complementary benchmarks. The first is the GSO benchmark, which225

contains high-quality scanned objects with ground-truth 3D assets. Following prior multi-view226

generation and reconstruction protocols, we render posed image streams from each object and227

evaluate both novel-view appearance and geometry accuracy. This controlled setting allows us to228

measure whether the generated 3D content remains faithful to the underlying object as the stream229

length increases. The second benchmark is DL3DV, which contains realistic scene-level captures with230

complex geometry, natural textures, and diverse camera trajectories. Compared with GSO, DL3DV231
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Table 2: Ablation studies with different streaming method

Data Method Appearance Geometry

PSNR↑ SSIM↑ LPIPS↓ Depth MAE↓ Depth RMSE↓ Acc@5cm↑ RelAcc@5↑

Data1

MD with K random views – – – – – – –
MD with K farthest-point-sampled views – – – – – – –
KV-Cache. – – – – – – –
Flowedit. – – – – – – –
MV-SAM3D – – – – – – –
Ours – – – – – – –

introduces more challenging long-range consistency requirements because the stream may contain232

repeated structures, large viewpoint changes, partial observations, and accumulated occlusions.233

Baseline: We compare Streaming3D with representative single-view, multi-view, and streaming234

baselines. Single-view baselines, including Zero123, SAM3D, and TRELLIS, generate 3D content235

from individual observations and therefore provide a lower bound on streaming consistency. Es-236

cherNet serves as a strong multi-view baseline that benefits from multiple posed observations but237

is not designed for unbounded streaming inputs. We also compare against TRELLIS+M.D. [52]238

and TRELLIS.2+M.D. [51] which aggregates multiple views through full-context or multi-window239

diffusion but becomes expensive as the number of frames grows.240

Metrics. We report appearance and geometry metrics. For appearance, we use PSNR, SSIM, and241

LPIPS on held-out novel views. These metrics evaluate whether the generated representation renders242

images that are both photometrically accurate and perceptually faithful. For geometry, we report243

Depth MAE, Depth RMSE, Acc@5cm, and RelAcc@5%. These metrics measure absolute depth244

quality, relative geometric consistency, and fine-grained 3D accuracy.245

4.2 Main Results246

Table 1 reports quantitative results on both GSO and DL3DV. Across the two datasets, Streaming3D247

achieves the strongest overall performance on both appearance and geometry metrics. The gains248

are consistent across all metrics, indicating that the improvement is not limited to image-level249

rendering quality but also reflects better 3D structure. We could conclude: (1) Compared with single-250

view baselines such as Zero123, SAM3D, TRELLIS, and TRELLIS.2, Streaming3D substantially251

improves both appearance and geometry. This confirms that streaming observations provide important252

information that cannot be recovered from a single image alone. Single-view methods often generate253

plausible observed geometry but hallucinate unobserved regions inconsistently across time. (2)254

Compared with multi-view baselines such as EscherNet, TRELLIS+M.D. and TRELLIS.2+M.D.,255

Streaming3D shows stronger long-stream behavior. EscherNet benefits from multiple posed views, but256

it is designed for bounded multi-view input rather than continuously arriving streams. TRELLIS+M.D.257

can improve consistency by fusing multiple views, but full-context diffusion becomes computationally258

expensive as the stream grows and does not provide an explicit mechanism for compact long-range259

memory. Streaming3D addresses this limitation by retaining token-level evidence rather than storing260

or reprocessing all frames. As a result, it maintains high reconstruction quality while keeping memory261

usage constant.262

4.3 Streaming Baseline Comparison263

Table 2 further compares Streaming3D with several streaming alternatives. (1) The SAM3D with264

multi-diffusion variants evaluate whether selecting a small set of representative views can approximate265

streaming memory. Random sampling is unstable because it may discard geometrically important266

observations. Farthest-point sampling improves geometric diversity by selecting views that are267

well separated in pose space. These results highlight the limitation of frame-level view selection.268

Streaming generation requires a more fine-grained memory mechanism: different spatial tokens269

may require evidence from different historical views. A single selected frame can be useful for one270

surface region but uninformative or even misleading for another. Streaming3D allows the generator271

to combine the most reliable historical evidence for each spatial region, improving both appearance272

fidelity and geometric consistency. (2) We also compare against cache- and transport-based streaming273

baselines. KV-cache reuse provides an efficient mechanism for carrying historical information274

forward, but cached tokens are not explicitly filtered according to geometric reliability. As a result,275
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Table 3: Ablation with different module: mainly ablate hyperparameter selction.

Data Method Appearance Geometry

PSNR↑ SSIM↑ LPIPS↓ Depth MAE↓ Depth RMSE↓ Acc@5cm↑ RelAcc@5↑

Data1

K = 4 – – – – – – –
K = 8 – – – – – – –
K = 10 – – – – – – –
K = 12 – – – – – – –
K = 12/(m=80) – – – – – – –
K = 12/(m=100) – – – – – – –
K = 12/(m=120) – – – – – – –

the memory can accumulate stale or ambiguous evidence, especially under long camera motion.276

FlowEdit performs local flow-based latent editing and improves short-range consistency, but it277

operates on fixed-size chunks and therefore loses long-range history. This limitation becomes visible278

in long streams, where global consistency depends on observations that may fall outside the current279

editing window. In contrast, Streaming3D maintains a compact but persistent evidence memory. The280

memory does not simply reuse all past latent states; it selects and aggregates historical information281

according to token-level evidence. textbf(3) We also compare Streaming3D with MV-SAM3D [21],282

which selects a compact set of informative input views using visibility-aware weighting. Although283

MV-SAM3D is effective in bounded multi-view settings, it is not designed for streaming generation:284

once the input stream grows, selecting a small global view subset can discard historical observations285

that are locally important for specific surfaces or tokens. In contrast, Streaming3D maintains a286

token-wise evidential memory, allowing different spatial regions to retrieve different historical views287

according to their accumulated evidence. This provides a more flexible and scalable mechanism288

for long-stream generation, preserving global consistency without requiring all past frames to be289

regenerated or jointly fused.290

4.4 Ablation Studies291

5 Conclusion292

We introduced Streaming3D, a training-free framework for extending frozen view-conditioned 3D293

generators to long monocular streams. Instead of transporting latent states across chunks, which can294

accumulate alignment errors and grow with sequence length, Streaming3D transports evidence: it295

uses cross-attention from the frozen generator to identify which historical views provide reliable296

conditioning signals for each 3D query token. This leads to a compact Token-Vote View Memory that297

maintains constant cross-chunk memory while preserving the most informative observations for future298

generation. Combined with Evidence-Based Multi-Generation, the selected evidential views enable299

the original generator to produce temporally consistent and geometrically coherent 3D outputs without300

retraining, architectural modification, or auxiliary losses. Our experiments on long synthetic and301

realistic streams show that Streaming3D improves both appearance and geometry over single-view302

generators, bounded multi-view baselines, and streaming alternatives such as KV-cache reuse and flow-303

based feature editing. The results highlight a key distinction between streaming reconstruction and304

streaming generation: while reconstruction primarily aggregates observed geometry, streaming 3D305

generation must also synthesize unobserved structure while remaining consistent with an expanding306

visual history. By retaining token-level evidence rather than all frames or unstable latent states,307

Streaming3D provides a scalable mechanism for long-horizon 3D generation with bounded memory.308

More broadly, Streaming3D reframes streaming 3D generation as an evidence selection problem309

rather than a latent transport problem. This perspective suggests a practical path for turning powerful310

fixed-input 3D generators into online systems: keep the generator frozen, expose the reliability signals311

already present in its attention maps, and use them to decide what the model should remember. We312

believe this provides a simple and general foundation for future streaming 3D and 4D generation313

systems that must operate over long, redundant, and continuously arriving visual observations.314
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