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Abstract

The advent of 3D Gaussian Splatting (3DGS) has ad-
vanced 3D scene reconstruction and novel view synthe-
sis. With the growing interest of interactive applications
that need immediate feedback, online 3DGS reconstruction
in real-time is in high demand. However, none of exist-
ing methods yet meet the demand due to three main chal-
lenges: the absence of predetermined camera parameters,
the need for generalizable 3DGS optimization, and the ne-
cessity of reducing redundancy. We propose StreamGS, an
online generalizable 3DGS reconstruction method for un-
posed image streams, which progressively transform image
streams to 3D Gaussian streams by predicting and aggre-
gating per-frame Gaussians. Our method overcomes the
limitation of the initial point reconstruction [27] in tackling
out-of-domain (OOD) issues by introducing a content adap-
tive refinement. The refinement enhances cross-frame con-
sistency by establishing reliable pixel correspondences be-
tween adjacent frames. Such correspondences further aid in
merging redundant Gaussians through cross-frame feature
aggregation. The density of Gaussians is thereby reduced,
empowering online reconstruction by significantly lowering
computational and memory costs. Extensive experiments on
diverse datasets have demonstrated that StreamGS achieves
quality on par with optimization-based approaches but does
so 150 times faster, and exhibits superior generalizability in
handling OOD scenes.

1. Introduction

The field of 3D Scene reconstruction [ 10, 30] for novel view
synthesis from image streams has gained increasing atten-
tion, due to its significance in enabling interactive applica-
tions that offer users instant feedback. In this context, the
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Figure 1. The proposed StreamGS efficiently transforms image
streams into Gaussian streams by progressively reconstructing and
aggregating per-frame 3D Gaussians. We show our reconstructed
3DGS (visualized as points) alongside estimated camera poses (in
blue), and synthesized novel views.

advent of 3D Gaussian Splatting (3DGS) [12] marks a ma-
jor advancement in high-quality, real-time rendering. This
progress highlights the urgency for efficient, on-the-fly gen-
eration of 3DGS from image streams.

Nonetheless, online 3DGS reconstruction faces unique
challenges. (1) Unknown camera. The conventional pre-
processing using Structure from Motion (SftM) [21] for
camera estimation is impractical for real-time streaming.

25841



This is due to the absence of the full image set and the
time-consuming computation. Thus, there is a need for
methods that can operate without pre-determined cameras.
(2) Generalizability. 3DGS reconstruction requires multi-
iteration optimization, impractical for online applications
due to the need for all images in advance. This restricts
the development of a generalizable method that can process
image streams in a feed-forward manner. (3) Redundancy.
The significant overlap between frames leads to high redun-
dancy when reconstructing Gaussians individually for each
frame, increasing the streaming process’s resource intensity.

Scene reconstruction without known cameras has been
explored in SLAM-based [30, 34, 35, 40, 41] and NeRF-
based [, 23] methods. Only a few 3DGS-based methods
are discussed [9, 20]. These methods primarily consider
camera poses as learnable parameters and optimized along-
side Gaussians through the iterative optimization. Yet, this
optimization-driven approach for aligning each frame con-
siderably increases the reconstruction time, rendering it im-
practical in the online scenario.

Recently, generalizable 3DGS reconstruction has been
investigated for sparse views [2, 3, 24]. These approaches
transform pixels into Gaussians, whose parameters are de-
coded from images via 2D encoder-decoder networks. They
achieve the 3DGS reconstruction for each image in a sin-
gle feed-forward pass. However, these generalizable ap-
proaches are primarily designed for monocular or binoc-
ular settings, suited to sparse-view inputs. In addition,
multi-view methods [2, 3] typically infer Gaussian cen-
ters through stereo matching, highly dependent on known
cameras, limiting their applicability for online scenarios
with numerous unposed images. Furthermore, they com-
bine multi-view 3DGS sets by simply uniting them, which
overlooks cross-view alignment and overlaps, leading to
misalignment and redundancy issues within image streams.
The recent method [7] performs Gaussian downsampling in
3D space to reduce redundancy, but it necessitates travers-
ing and processing Gaussians in 3D grids, which is also
time-consuming and is highly dependent on the grid reso-
lution.

Emerging models like DUSt3R [27] and MASt3R [15]
enable sparse-view geometry reconstruction by simultane-
ously predicting 3D points and estimating camera parame-
ters. These advances pave the way for more efficient, feed-
forward, pose-free 3D reconstruction methods. A straight-
forward approach to generalize 3DGS reconstruction is to
add a Gaussian predictor to the DUSt3R-like framework.
However, this introduces several challenges. These mod-
els usually require datasets with ground truth 3D geometry,
which may not always be available. Additionally, apply-
ing pretrained models to out-of-domain (OOD) data can re-
sult in inaccurate pose and 3D point estimations. Moreover,
generating 3D points for each frame individually causes re-

dundancy due to overlapping adjacent frames, potentially

leading to ghosting artifacts from pose estimation errors.

In this paper, we introduce StreamGS, a novel pipeline
for online, generalizable 3DGS reconstruction from un-
posed image streams. StreamGS aims to progressively con-
struct and update the 3DGS representation of the scene
frame-by-frame, in a feed-forward manner, as illustrated
in Fig. 1. We leverage the pretrained DUSt3R to initially
predict 3D point for the current frame using the previous
frame as a reference. However, this initialization may en-
counter inaccuracies due to OOD issues. To mitigate this,
we capitalize the insight that adjacent frames offer suffi-
cient correspondences to refine the reconstruction. Unlike
DUSt3R using predicted 3D points to establish correspon-
dences, we adopt content-adaptive descriptors for more reli-
able matching, allowing for the adaptive refinement of the
reconstruction by enhancing consistency between adjacent
views. Furthermore, such correspondences help to prune
redundant pixel-aligned Gaussians. Correlated pixel-wise
features across frames are effectively aggregated, remov-
ing duplicates and achieving adaptive density control. Fi-
nally, we decode Gaussians from such aggregated features.
StreamGS is adept at predicting and integrating Gaussians
for the current frame into the existing Gaussian set seam-
lessly with a feed-forward pass. In summary, our contribu-
tion is three-fold.

e We introduce a novel pipeline for the online, generaliz-
able reconstruction of image streams without requiring
camera parameters, marking a first in this field.

* The proposed adaptive refinement enhance cross-frame
consistency of 3DGS reconstruction, and the adaptive
density control mechanism minimizes adjacent-view re-
dundancy, thereby highly reducing computational costs
in online reconstruction.

* Upon evaluation across diverse datasets, our method
achieves high novel view synthesis quality comparable to
the optimization-based method [9] but with 150x faster
reconstruction speed. Additionally, our method out-
performs existing pose-dependent generalizable 3DGS
methods in handling OOD scenes, showing superior gen-
eralizability.

2. Related Works

Generalizable 3D Gaussian Splatting. Many recent
studies aim to propose generalizable 3D-GS methods ca-
pable of predicting Gaussians within a single feed-forward
pass. These works can be classified into two main cate-
gories: single-view reconstruction and multi-view recon-
struction. Single-view reconstruction does not involve pose
estimation as there are no multi-view constraints. Inspired
by the insight from LRM [11] that large transformer-based
[26] backbone networks can learn 3D priors from large-
scale 3D data, the potential of predicting Gaussians from a
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single image in a single feed-forward pass has been compre-
hensively explored. Numerous feed-forward models have
been proposed, such as GRM [29], TriplaneGS [42], and
GMamba [22]. However, these methods are primarily not
applicable to multi-view scenarios as they always assume
canonical poses.

Concurrently, many works focusing on multi-view inputs
follow a similar paradigm, such as GS-LRM [36], LGM
[25], and MVGMamba [31]. They concatenate the input
images with camera embeddings like Pliicker rays to facili-
tate the network in learning the proper fusion of Gaussians
from multi-view inputs. However, these large 3D back-
bone networks mostly perform well only on synthetic ob-
jects due to the shortage of large-scale scene-level 3D data
in the real world. Referring to generalizable NeRF meth-
ods like pixelNeRF [32], other research turns to multi-view
stereo (MVS) matching to locate or initialize the centers of
Gaussians, with other attributes decoded using a lightweight
2D encoder. Representative works with this design include
MVSGaussian [18], pixelSplat [2], and MV Splat [3]. How-
ever, both camera ray embedding in large transformer-based
models and stereo matching rely on known poses and intrin-
sics of each input view. Another main limitation of these
methods is that they focus on sparse-view inputs. Pixel-
Splat [2] and MV Splat [3] only support up to three views.
Therefore, existing generalizable 3D-GS models cannot ad-
dress the problem of feed-forward reconstruction from end-
less image streams.

Pose-free 3D Gaussian Splatting. Recently, many works
have aimed to eliminate the need for Structure-from-Motion
(SfM) preprocessing steps using COLMAP [21] software.
Following the design of previous pose-free NeRF methods
like NoPe-NeRF [1], Lu-NeRF [4], and localRF [19], CF-
3DGS [9] introduces depth priors into the optimization of
3D-GS and performs progressive reconstruction. As each
new image arrives, CF-3DGS optimizes both the pose and
3D Gaussians of the input image based on its depths, aiming
to align the 3DGS from the new image with the preceding
reconstruction. However, it still relies on known camera in-
trinsics. CF-3DGS is also not robust, as the accuracy of
depth priors significantly impacts its reconstruction quality,
limiting its application to common scenes. Moreover, it de-
pends on thousands of optimization steps for each view, sig-
nificantly extending the reconstruction time for each scene.
Compared to generalizable 3D-GS models, current pose-
free methods are so inefficient that they cannot be applied
to image streams with a large number of frames.

Online 3D reconstruction of image streams. Online 3D
reconstruction has been extensively studied in the field of
SLAM [30, 34, 35, 39-41]. However, these methods typi-
cally involve additional information and most leverage SDF

and NeRF as scene representations. NICE-SLAM [39] uses
RGB-D streams as input, with the reconstructed scene rep-
resented by NeRF. NICER-SLAM [40] relies on geomet-
ric priors, including surface normals and depths. Surfel-
NeRF [10] focuses on the novel view synthesis quality of
online reconstruction with RGB streams, but it requires the
poses and intrinsics of frames. Gaussian-SLAM [34] recon-
structs the scene using 3D-GS, but it also relies on RGB-D
streams.

3. Methods

Given a sequence of unposed images over time, our objec-
tive is to progressively reconstruct the 3D Gaussian Splat-
ting (3DGS) representation in an online manner. Specifi-
cally, at each timestamp ¢, the goal is to derive the 3DGS
G, which encapsulates the 3D scene aggregated from the
images 7' = {I'}!_,.

Fig. 2 illustrates our overall framework. In order to
make reconstruction efficient with limited computational re-
sources, we employ an incremental construction strategy.
At each time step ¢, we focus on generating the 3DGS G!
of the current frame and merge it with the previous accu-
mulated reconstruction Gt—! to obtain the full reconstruc-
tion G? of the current time step. Specifically, with current
frame I?, we use I ! as reference frame and estimate the
point maps and cameras of each using an initial reconstruc-
tion module. With newly established matches between cur-
rent and reference views, we further refine the quality of
the points and the cameras in the adaptive refinement mod-
ule. Finally, we generate G using the refined points and
features of I?, and merge it with previous reconstructions
according to the established matches, achieving the feed-
forward adaptive density control (ADC).

3.1. Preliminaries

Gaussian splatting. Previous work [12] represents a
scene or object using a set of Gaussian distributions.
Specifically each gaussian primitive could be denoted as
G(z;p,2) = e=2(@=m" 27 (==1) and the covariance ¥ is
decomposed into the rotation matrix R and scaling matrix
S to ensure the positive semi-definiteness during optimiza-
tion, that is ¥ = RSST RT. The view-dependent color of
the appearance is represented by a set of spherical harmon-
ics (SH) coeffients and oppacity value a.

3.2. Initial Two-view Reconstruction

Given the current frame I* and a reference frame It', we use
a coarse predictor ¢3p and estimate the point map Xt of
the current frame under the local coordinate system of the
reference frame together with its corresponding confidence
map C!*', where the superscript -|¢' indicates that the lo-
cal coordinate system adapts to that of | L Intuitively, the
predicted point map stores the 3D point coordinate that the
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Figure 2. Method overview. Our StreamGS progressively reconstruct and aggregate 3D Gaussians from the unposed image stream. Given
the adjacent image pair (I'~*,I"), we first perform the initial reconstruction that predicts pixel-wise 3D points with their features and
coarse camera poses, using a pretrained coarse predictor. Since the coarse predictions may suffer from OOD issues, we refine both the
camera poses and 3D positions by establishing new point-wise correspondences. We aggregate cross-frame image and 3D features by
warping and merging to reduce redundancy. Finally we decode the aggregated features to Gaussian primitives.

pixel unprojected to in, and the confidence maps measure
the certainty of point maps at each pixel, reflecting a prior-
based estimation of reconstruction accuracy and difficulty.
Formally, we define

(X XUt Iy = gap (T, TY). Q)

In order to help align the current local-coordinate
pointmap with the global coordinate, we also get the out-
put in the local coordinate system of I' by computing
¢sp (I, I). With these predicted point maps, we could
further estimate the camera matrix P = K[R|t], composed
of its intrinsic parameters K, and its extrinsic parameters,
the rotation matrix R and the translation vector t. Specifi-
cally we assume that the principle points c are centered and
pixels are squares and have
(sz7 yp) ||7 (2)

ft = argminYpert | p—c— f
f P

where (Xp,¥p,2p) € X! is the 3D point coordinate that
the pixel p unprojected to. Moreover, we approximate rel-
ative pose P! = [R, t] of I' to I'' by solving the following
points registration problem:

R[] = argmin Y~ C'(p) | s(RX""(p) +t) - X"(p) |I*
SR per 3)
Ct — ct’\t’ o) Ct’\t7

where © is the Hadamard product and s is the scale factor.

In our implementation, we leverage DUSt3R [27] as the
coarse predictor due to its effective pretraining on dedi-
cated 3D scene datasets and its efficiency in reconstruct-
ing 3D points. For each time step ¢, we process the pair

(I*~1,T*) to derive the 3D points (X*/*~1 X*~1It=1) corre-
sponding to both frames referenced in the coordinate frame
t — 1, the reversed pair (I*,I'~1) to obtain the same points
(X1t X**) but in the coordinate frame of ¢, which will
be reused at the next timestamp to boost efficiency. For
simplicity, and without loss of generality, the following dis-
cussion will focus on the reconstruction of the image pair
(I'~1,T'). Note that training ¢3p requires 3D geometric
supervision, which may not be available in our monocular
video input scenario. Thus, we leverage the pretrained ¢sp
from [27].

3.3. Adaptive Refinement

We note that the initial reconstruction quality is compro-
mised due to the OOD challenge as the coarse predictor is
frozen. This observation motivates us to enhance recon-
struction through content adaptation, with the goal of adap-
tively refining both poses and 3D reconstructions.

We perform the adaptive refinement based on establish-
ing new robust matches between adjacent frames. We em-
ploy a matching head, @,qtch, to extract local 3D features,
denoted as (F5 . FL ) € RITXWXd from the consecutive
image pair (I*~!, I). The matches between the two images
can be established through nearest reciprocal (NN) search-
ing, satisfying the following condition:

MITEE = Lig 45 jilir = NN(jg) and j, = NN (i) by,
s.t. NN(i,) = argmin |1 —cos < F?Dl’ik_?FgD,jk >/, )
0<jk<HxW
where iy, jj are pixel index in image I*~!, I? respectively,
and the measurement of feature distance is cosine similar-
ity. With the correspondences found, a residual transform
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A = [AR, At] can be re-estimated following Eq. (3) by
only taking matched points into account. Then we apply the
residual transform to the pointmap X%?~! to retain refined
Xt*=1 and the pose of I* is updated to P* by performing
PnP-RANSAC [8, 14] on 3D-2D correspondences derived
from matches.

Gaussian decoding. We directly predict the other param-
eters of 3D Gaussians at each pixel with a light-weight de-
coder ¢gg as:

G' = [ql7slvazacl] = ¢GS(ng)a (5)

lGS:FéD @XZ@FéD7 F2D:¢2D(Il)a
where i = {t — 1,¢}, @ denotes the channel-wise con-
catenation, ¢op denotes the 2D image feature extractor,
q’ € RHXWx4 and st € RHXWX3 represent rotation
quaternions and scales of pixel-aligned Gaussians at image
I'. We incorporate an additional image feature extractor be-
cause the coarse predictor is frozen and cannot be trained by
our monocular video setting. Extracting new image features
is essential for decoding Gaussians, especially for texture-
related properties. Experiments show the importance of the
image feature extractor. Then covariance matrix is built
with 3 = R(q")ss"R(q’)". Note that G is not the fi-
nal Gaussians since it needs to be merged into the previous
Gaussian set following Sec. 3.4.

3.4. Feed-Forward ADC

With pixel-aligned Gaussian parameters G* of T images,
previous methods [2, 3, 24, 25] always naively take the
union of Gaussians in all images as the final prediction, i.e.,
G = U/, G and |G| = T x H x W. However, this
approach is both memory-intensive and inefficient in ren-
dering, particularly when dealing with the continuous in-
put of video frames during online reconstruction. Our key
observation is that the matched Gaussian pairs in neighbor-
ing frames are excessive and prunable since they consis-
tently share similar attributes in shape and color, and are
closely distributed, which is validated in Tab. 1. It is noted
that we have already acquired dense pixel-wise matches be-
tween neighboring frames from Eq. (4). Therefore, we pro-
pose a novel feed-forward Adaptive Density Control strat-
egy based on revisiting these dense correspondences.

Feature aggregation. The primary advantage of pixel-
based correspondences is that they are able to convert the
computationally intensive 3D Gaussian aggregation process
into a more efficient 2D pixel-wise one. This significantly
enhances computational efficiency. Initially, the feature of
Gaussian parameters FZS of the frame I? can be aligned to

the previous frame I' ~! using the following wrapping:
—t—1,t

. o
Fili-1 sy — Fos(k) if (5, k) e M (6)
cs (7) {Ftc_sl (j) else,

tlt—1 . C
where FG‘ g denotes the feature of Gaussian primitives in

the frame I’ aligned to I*~!. Instead of using the raw cor-
respondences set M*~1* in Eq. (4), we use the extended

set M’ ", which includes matches of neighboring pixels
such as (i+ 1, j+1) in addition to the initial (¢, 7). It serves
as a type of anti-aliasing technique to reduce void pixels
within the wrapped feature map. As for the unmatched pix-
els, we simply replicate the corresponding feature vector
within Fg;l. With the aligned feature, the Gaussian feature
of two frames can be merged by modifying Eq. (5), taking
the form:

G = (g8 a8 = dua(FUS @ FLY), ()

where ¢/ denotes the MergeNet that simply consists of
two convolutional layers, which merges features and de-
codes them to Gaussian primitives. In this way, every
matched pair of Gaussians between I¢ and I'~! is aggre-
gated into a single one, highly reducing the number of
Gaussians. The final aggregated Gaussian set is G! =
Gt—1 U Gtlt-1,

Without gradient back-propagation of rendering loss in
the original 3DGS paper [12], our ADC process runs excep-
tional fast. In terms of the input group, the final prediction
of Gaussian primitives G¢ consists of the merged Gaussians
and the unmatched Gaussians at each frame.

3.5. Loss Functions

The optimization of the 2D feature extractor ¢ p, the Gaus-
sian decoder network, ¢¢gg involves both a rendering loss
function and a reconstruction loss function:

£(Ii7 iiv i?u) = ['render(Ii: i7) + ﬁrecon(iiv i?\{)
=T =T o+ | T = T [|Lprps + || By — T [l2,

®)

where T? is the ground truth frame, 1 is the rendered im-
age with full Gaussian primitives before the merge process,
and i{'v[ is the rendered image with merged Gaussians. Due
to the lightweight nature of the two networks, the algo-
rithm converges quickly within thousands of steps. The
reconstruction loss term facilitates the merge network in
fusing the pixel-aligned Gaussian parameters from differ-
ent frames, aiming to render the same frame as before the
merge process but with significantly fewer Gaussian primi-
tives.

4. Experiments

StreamGS operates on an image stream of a scene, jointly
predicting the corresponding poses and Gaussians in a feed-
forward manner. To assess its performance, we evaluate our
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mean) Opa.| Rot.] Scale] SH/

Random Pick 0.41 0.10 3.31 2.47 0.27
Matched Pairs  0.18 0.04 3.06 1.28 0.04

Table 1. Similarities of attributes between matched GS across ad-
jacent frames on RE10K. Random Pick refers to randomly pick-
ing two GS from two frames separately, while Matched Pairs refers
to our matched GS defined in Eq. (4).

method on the task of novel view synthesis from monocular
videos, as detailed in Sec. 4.1. Additionally, we validate
the effectiveness of the proposed alignment module and the
efficiency of the Gaussians merge process, as described in
Sec. 4.2.

Baselines and datasets. To the best of our knowledge,
StreamGS is the first method to reconstruct unposed videos
in a feed-forward manner. Consequently, we compare our
method separately with pose-free 3DGS works and general-
izable splatting methods, including pixelSplat [2], MV Splat
[3], and CF-3DGS [9]. PixelSplat and MVSplat are repre-
sentative methods of generalizable Gaussian Splatting, but
they both rely on known camera poses and intrinsics. In
contrast, CF-3DGS is a pose-free method but requires op-
timization loops to align poses and Gaussians. For a com-
prehensive comparison, we evaluate the methods on large-
scale datasets with diverse scenes, including RE10K [38],
ACID [17], ScanNet [5], DL3DV [16], and MVImgNet
[33]. Each dataset comprises monocular video sequences
with per-frame camera pose annotations.

Implementation details. Both the 2D image feature ex-
tractor ¢op and the MergeNet ¢ s are double-layer convo-
lutional networks. For fairness, StreamGS and other gener-
alizable methods are trained on the identical training split of
the RE10K dataset using the Adam [13] optimizer with the
same learning rate of 2 x 10~ and a cosine scheduler. The
parameter A in Eq. 8 is set to 0.05. All methods are trained
for 30K iterations and tested on a single NVIDIA Tesla
A100 80GB GPU. The images are resized to 224 x 224 and
the batch size is set to 14. For the non-generalizable method
CF-3DGS, we follow its original setting [9]. Note that CF-
3DGS is evaluated only on a subset of the full test set due
to its low reconstruction efficiency, as shown in Fig. 5. Un-
like pose-dependent methods, CF-3DGS and our method re-
quire poses of novel views for rendering. CF-3DGS freezes
the trained Gaussian model and performs additional opti-
mization steps to learn the poses. Our method, as described
in Sec. 3.3, carries out pose alignment and refinement pro-
cesses to estimate the poses. More details can be referred to
supplementary materials.

4.1. Novel View Synthesis
4.1.1. Reconstruction Quality

Quantitative comparison. We compare StreamGS with
baseline methods on the quality and efficiency of novel view

synthesis. Following previous 3D-GS research [12], we re-
port PSNR, SSIM [28], and LPIPS [37] as metrics of re-
construction quality. The quantitative results are shown in
Tab. 2. On the source domain REI0OK [38], existing state-
of-the-art generalizable methods demonstrate competitive
scores, with MV Splat even outperforming the optimization-
based CF-3DGS. However, their performance degrades sig-
nificantly on out-of-domain datasets such as DL3DV [16]
and MVImgNet [33], as these datasets contain various scene
types, including outdoor environments and more complex
indoor scenes with different objects and illumination con-
ditions compared to RE10K. Naturally, CF-3DGS, which is
based on thousands of optimization steps, performs well on
the aforementioned datasets. However, its PSNR slightly
decreases on ScanNet due to more irregular camera move-
ments and increased motion blur in the frames, posing a
challenge for CF-3DGS in recovering camera poses. Pixel-
Splat performs well on ScanNet, thanks to its robust fea-
ture extraction backbone trained on ImageNet [6], while
MV Splat achieves the lowest score. According to the ta-
ble, StreamGS consistently achieves scores comparable to
all other methods. Its PSNR on MVImgNet and DL3DV
is significantly higher than that of PixelSplat and MV Splat,
even without given poses and intrinsics, demonstrating our
method’s superior generalizability on unseen datasets with
significant domain gaps.

Qualitative comparison. A qualitative comparison with
state-of-the-art methods is also presented in Fig. 3 and
Fig. 4. While all methods demonstrate high-quality novel
view rendering on RE10K [38], our method exhibits su-
perior robustness on out-of-domain datasets. Due to the
significant domain gap including texture, illumination and
camera motion, both MVSplat and pixelSplat fail to pre-
dict accurate depths for the printer shown in the second
row, resulting in severe floating artifacts in the rendered im-
age. The third row shows the reconstruction of a plaza from
DL3DV [16]. Similarly, since outdoor scenes are much less
represented in RE10K [38], MVSplat struggles to extract
stereo cues from text-less skies and objects with disparate
illumination, deteriorating the rendering quality. The final
row shows a bench scene in MVImgNet, on which baseline
generalizable methods also fails due to the similar domain
gap issues. These cases also demonstrate that the gener-
alizability of pixelSplat surpasses that of MVSplat. As the
figure shows, CF-3DGS also does not perform well on some
outdoor scenes. In contrast, the visual quality of our method
on out-of-domain datasets remains high.

4.1.2. Reconstruction Efficiency

In addition to rendering quality, we also compare the re-
construction efficiency of our method with baseline mod-
els. Fig. 5 illustrates a plot of reconstruction quality, mea-
sured by the average PSNR reported in Tab. 2, versus ef-
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REI10K [38] (Source Domain) DL3DV [16] MVImgNet [33] ScanNet [5] ACID [17]

PF G psNR+ LPIPS| SSIM4 PSNRT LPIPS | SSIM {1 PSNR T LPIPS | SSIM+ PSNR 1 LPIPS | SSIM{ PSNR 1 LPIPS | SSIM 1
pixelSplat[2] X ¢ 2264 021 0.75 1943 039 050 1922 049 060 2756 019 082 2993 014  0.84
MVSplat[3] X ¢ 2354 013 0.90 17.84 036 045 1629 050 053 2625 019 082 2883 0.4 086
CF-GS[9] ¢ X 2346 024 0.75 1993 031 062 2633 033 088 2288 042 076 2816 0.19 0.8l

StreamGS vV v 2242 0.17 0.83 20.54 0.24 0.64  25.05 0.31 0.79  28.43 0.16 0.86  28.50 0.15 0.84

Table 2. Quantitative comparison with existing state-of-art methods on Novel View Synthesis of monocular videos. PF indicates whether
the method is pose-free. G indicates whether the methods is generalizable. Our method consistently achieves scores comparable to state-
of-the-art methods that are either not pose-free or lack generalizability. In the table, the best result is highlighted in bold.

ScanNet Rel0K
(Source Domain)

DL3DV

MVImgNet

Ground Truth StreamGS (Ours) MVSplat pixelSplat CF-3DGS

Figure 3. Qualitative comparison on novel view synthesis. We show the results on both source domain, RE10K [38], and other domains,
ScanNet [5], DL3DV [16] and MVImgNet [33]. All generalizable methods are trained only on RE10K and tested on the other datasets.
StreamGS outperforms other methods in several challenging scenarios, especially for the out-of-domain data.

Coarse Pred (Sec. 3.2) Ada. Refine (Sec. 3.3) ADC (Sec. 3.4) Total ADC module (ln Sec 34) More ablation studies on frame-
time/s  param/M  time/s  param/M  time/s param/M time/s param/M work deSIgn can be found in Supplementary materials.
StreamGS  0.02 656.74 0.08 1.83 0.01 0.04 0.11  658.61

Table 3. Efficiency metrics of each component. 4.2.1. Effectiveness of Joint Refinement
ficiency, measured by the processing time per frame (FPS).
The figure shows that StreamGS achieves second place with REIOK [38] ACID [17]
a PSNR of 23.1, only 0.05 lower than CF-3DGS [9]. This
indicates that our method achieves nearly the same ren-
dering quality as the best model. However, thanks to the
feed-forward design, StreamGS is 150 times faster than CF-
3DGS, predicting Gaussian primitives for up to 9 frames Table 4. Evaluation of effectiveness of joint refinement.
within one second. Without known camera information,
our method involves additional alignment and pose esti-
mation processes across frames, which limits the inference
speed, making it slower than MVSplat [3] and pixelSplat
[2]. However, according to the scores reported in Tab. 2 and
Fig. 5, our method is more generalizable and achieves bet-
ter rendering quality than these methods. Tab. 3 shows the
efficiency of each component of our method.

PSNR 1 LPIPS | SSIM 1 PSNR 1 LPIPS | SSIM

w/o refine.  17.25 0.32 0.58 17.23 0.39 0.48
w/ refine  22.42 0.17 083  28.50 0.15 0.84

Joint refinement of cameras and centers of Gaussians
plays a crucial role in the success of our method. To val-
idate the effectiveness of joint refinement, we conduct an
ablation study by skipping the refinement process during
inference. In other words, the poses and intrinsics are di-
rectly estimated by Eq. 2 and 3. Tab. 4 shows the quantita-
tive comparison between the two settings. Without joint re-
finement, Gaussian primitives are cast from shifted origins

. of the camera with erroneous orientations, and the poses

4.2. Ablation Study . . . P
of novel views are also inaccurate, causing the rendered
In this section, we discuss the effectiveness of our main de- images to be shifted and distorted. This severely deterio-
sign about joint refinement (in Sec. 3.3) and feed-forward rates the rendering quality, as shown in Tab. 4. The PSNR
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Novel View Gaussian Reconstruction

StreamGS (Ours) MVSplat

StreamGS (Ours)

MV Splat

Figure 4. Visual comparison of Gaussian reconstruction and novel view synthesis from image streams with ScanNet [5] dataset. Unlike
MVSplat [3], which struggles with view aggregation, our results show significantly better visual quality on OOD data. Note that Our
StreamGS and MVSplat are both trained with RE10K [38] data, and MV Splat needs predetermined cameras.

CF-GS StreamGS (Ours)
23.150
23.100 ?’ _______________________ ! .
B 21625 f=bmm ] I ———— pixelSplat
© 1 1 1
~ 1 1 1
o ! [ | =MVSplat
- T H
a 1 1 11
I 1 1
1 1 11
1 1 11
1 1 11
1 1 11
1 1 11
r . e
0.06 9.09 27.78 38.46

Frame per Second (FPS)
Figure 5. Reconstruction speed measured by frames processed per
second (FPS). The x-axis is log-scaled for the better visualization.
of the images rendered with direct estimation decreases by
23.06% and 38.62% on the RE10K [38] and ACID [17]
datasets, respectively.

4.2.2. Effectiveness of Gaussian Merging Process

MVImgNet [33] ACID [17]

Compress. Ratio 7 PSNR 1 Compress. Ratio T PSNR 1

w/o merge. 1.00 25.70 1.00 29.21
merge all 1.58 25.05 1.68 28.07

Table 5. Evaluation of the efficiency improvements of the Gaus-
sian merging process and its impact on rendering quality.

During the feed-forward ADC, StreamGS prunes pixel-
aligned Gaussians through a merging process. To evaluate
the memory efficiency improvement and its impact on ren-
dering quality, we compare the average number of Gaus-
sians per frame and PSNR before and after the merging pro-
cess. We define the compression ratio of Gaussians during
the merging process as the ratio of the average number of

Gaussians per frame, i.e., H x W, to that after the merg-
ing process. The metrics are reported in Tab. 5. The results
demonstrate that the merging process can prune Gaussians
per frame by 36.71% and 40.48% on MVImgNet [33] and
ACID [17], respectively. Meanwhile, the PSNR scores af-
ter the merging process only slightly decrease by 2.53% and
3.90%, respectively. This ablation study demonstrates that
the designed Gaussian merging process efficiently reduces
memory usage during reconstruction and rendering, with a
negligible impact on reconstruction quality.

5. Conclusion

We propose a novel and holistic generalizable pose-free re-
construction pipeline named StreamGS, dedicated to the on-
line reconstruction of endless unposed image streams, such
as monocular videos. To the best of our knowledge, our
method is the first generalizable model capable of predict-
ing Gaussians corresponding to the input stream in a feed-
forward manner, without relying on known poses and intrin-
sics. Compared to pose-free but optimization-based meth-
ods, our method achieves comparable reconstruction quality
while reducing the learning time to within several millisec-
onds, avoiding optimization steps. Compared to other gen-
eralizable methods, StreamGS eliminates the dependence
on poses and intrinsics and manages to reconstruct more
accurate scenes on out-of-domain datasets, demonstrating
better domain generalizability.

Limitations. Although our method runs fast, joint refine-
ment process still includes additional time costs, making it
slower than MVSplat [3]. Moreover, our approach encoun-
ters common reconstruction challenges, including texture-
less regions and long sequences.
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