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Abstract

Learning accurate scene reconstruction without pose pri-
ors in neural radiance fields is challenging due to inher-
ent geometric ambiguity. Recent development either relies
on correspondence priors for regularization or uses off-
the-shelf flow estimators to derive analytical poses. How-
ever, the potential for jointly learning scene geometry, cam-
era poses, and dense flow within a unified neural repre-
sentation remains largely unexplored. In this paper, we
present Flow-NeRF, a unified framework that simultane-
ously optimizes scene geometry, camera poses, and dense
optical flow all on-the-fly. To enable the learning of dense
flow within the neural radiance field, we design and build
a bijective mapping for flow estimation, conditioned on
pose. To make the scene reconstruction benefit from the
flow estimation, we develop an effective feature enhance-
ment mechanism to pass canonical space features to world
space representations, significantly enhancing scene geom-
etry. We validate our model across four important tasks,
i.e., novel view synthesis, depth estimation, camera pose
prediction, and dense optical flow estimation, using several
datasets. Our approach surpasses previous methods in al-
most all metrics for novel-view view synthesis and depth
estimation and yields both qualitatively sound and quan-
titatively accurate novel-view flow. Our project page is
https://zhengxunzhi.github.io/flownerf/.

1. Introduction

Neural Radiance Fields (NeRF) [2, 3, 26, 27, 49] enable
photo-realistic novel view synthesis and scene reconstruc-
tion; however, most methods require camera poses obtained
from traditional Structure-from-Motion (SfM) pipelines,
such as COLMAP [31], as input for training. Nevertheless,
the pose initialization can fail in various cases, e.g., in tex-
tureless scenes. Recent studies on pose-free NeRF [4, 24]
and NeRF-based SLAM [23, 53, 54] have shown that poses
can be optimized in conjunction with scene geometry. How-
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Figure 1. Our Flow-NeRF model can simultaneously infer novel-
view image, novel-view depth, and long-range novel-view flow
without requiring pose prior. While we train the model solely on
consecutive forward pseudo flow, it is capable of inferring both
forward and backward long-range novel-view flows that are plau-
sible (as illustrated in the two bottom images). In this figure, t+8
and t-8 denote novel-view forward and backward flow, respec-
tively, with a frame interval of 8.

ever, optimizing all these objectives can be challenging
due to the lack of long-range cross-frame consistency con-
straints, thus leading to poor reconstruction quality.

Recently, several NeRF methods [25, 32, 33, 54] have
utilized flow supervision to constrain the learning of ge-
ometry and cross-view consistency, demonstrating the clear
benefits that optical flow can provide for NeRF optimiza-
tion. However, these methods treat flow solely as a regu-
larizer for camera pose optimization, leaving its potential to
enhance novel-view synthesis and scene geometry largely
unexplored. We demonstrate for the first time that dense
flow can serve as a simultaneous optimization goal within
an unposed NeRF framework. This joint optimization can
enhance both novel-view synthesis and scene geometry by
leveraging the inherent dense cross-view correspondences
constrained by flow during optimization. This is accom-
plished through the joint optimization of appearance, ge-
ometry, camera poses, and dense flow by enforcing the dif-
ferent objectives to learn unified underlying implicit scene
representations that couple all the optimization objectives.
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On the other hand, many downstream applications (e.g.,
localization) require accurate long-range correspondences
as input. However, these correspondences cannot be in-
ferred from the vanilla NeRF. We argue that for more
comprehensive scene modeling, the model should be capa-
ble of inferring correspondences between different frames.
We therefore target a new objective, i.e., novel-view flow,
to model the dense correspondences between novel views
within the NeRF framework. We enable our model to in-
fer accurate long-range flow (see Fig. 1) between arbitrary
novel views through a novel pose-conditioned input design.

To address the previously discussed problems, we pro-
pose Flow-NeRF, a unified framework that jointly learns
the flow and the geometry fields from two branches. It
leverages one key observation: both fields should share un-
derlying scene representations as they inherently model the
same physical 3D scene. Firstly, we propose a shared point
sampling mechanism to forward the same points with alter-
native representations to these two branches. Secondly, we
propose to use the learned camera pose as a frame identi-
fier to condition the bijective mapping network of the flow
branch. This interesting design enables pose-conditioned
novel-view flow estimation (see Fig. 1). Thirdly, we pro-
pose an effective feature message-passing strategy to en-
hance the feature representation of the geometry branch by
incorporating feature messages from the flow branch. This
unique design largely improves the results of novel view
synthesis and depth prediction. We verify our model on
3 datasets: Tanks and Temple [20], ScanNet [8], and Sin-
tel [5]. We demonstrate an average PSNR improvement of
over 2 points for the Tanks and Temples dataset and 0.8
points for the ScanNet dataset. Additionally, we achieve
significant performance gains across all depth metrics for
the ScanNet dataset, indicating that our model effectively
enhances geometry. We also conduct a quantitative evalua-
tion of novel-view flow prediction on the Sintel dataset. Our
method largely outperforms one of the state-of-the-art flow
predictors, i.e., RAFT [29], on long-range novel-view flow
prediction. We obtain an average endpoint error (EPE) of
1.683 compared to RAFT’s 2.089 when the frame interval is
increased to 16, despite RAFT being pre-trained on a large
dataset and fine-tuned for the target dataset. In summary,
our contributions are as follows:

• We propose a novel neural scene representation frame-
work to simultaneously learn novel-view synthesis, cam-
era poses, scene geometry, and dense optical flow.

• As far as we know, we are the first work that defines and
infers novel-view flows. The inference of novel-view flow
can provide effective cross-view correspondences from
unseen views, which helps achieve holistic scene mod-
eling under a unified NeRF framework.

• We improve the modeling of scene appearance and ge-
ometry by a large margin through the designed implicit

distillation from the flow estimation branch.

2. Related works
NeRF with Unknown Poses. Recent methods on pose-
unknown NeRF [4, 6, 7, 13, 16, 19, 24, 25, 28, 32, 38,
45, 48, 54] preforms the optimization on either an incre-
mental or global manner. Incremental methods such as Lo-
calRF [25] and NICER-SLAM [54] achieve tracking of ar-
bitrarily long sequences and handle large camera motions.
However, these methods suffer from severe forgetting is-
sues when using a single MLP [35], or face difficulties in
assigning multiple models [6, 25, 44]. In contrast, globally
solving for poses in the NeRF optimization process can eas-
ily lead to local minima. Earlier works have addressed this
issue through coarse-to-fine positional encoding [24], sinu-
soidal activation for radiance mapping [45], or by restrict-
ing camera motions to forward-facing scenes [43]. Gen-
eralizable unposed NeRF [6, 30, 34] methods enable the
transferring of knowledge between different scenes even
with no pose priors, however, they require learning much
heavier networks such as a Vision Transformer [12]. Re-
cently, geometric priors such as monocular depth [4], op-
tical flow [32, 33] are widely used to regularize poses be-
tween adjacent frames. While these geometric priors can
be effective in certain scenarios, they heavily depend on the
quality of pre-trained geometric models, which can impose
an upper-bound effect. In contrast, we learn camera poses,
scene geometry, and dense optical flow all on the fly, unify-
ing all the geometry-related tasks under the same proposed
NeRF scene representation framework.
Learning Dense Optical Flow. Traditional methods typi-
cally solve dense optical flow estimation as an optimization
problem. Learning-based flow estimation network such as
FlowNet [11] [17], PWC-Net [36], GMFlow [46] and GM-
Flow++ [47] have enhanced the quality and efficiency of
the optical flow estimation. However, all of these methods
are suitable for learning flow between consecutive frames,
when querying flow between long-range pixels, their perfor-
mance drops significantly as temporal inconsistency occurs.
A benchmarking and leading method for flow estimation is
RAFT [37], which learns flow through an iterative 4D cor-
relation module. We use RAFT between adjacent frames as
our pseudo-flow supervisory goal and outperforms RAFT
on long-range dense flows with the proposed novel-view
flow estimation in our framework.

Recently, a few methods [10, 15, 18, 21, 40, 51] emerged
to solve the tracking problem in video sequence. For ex-
ample, ParticleSfM [51] optimizes long-range video corre-
spondence as dense point trajectories. Different from the
above methods, Omnimotion [41] proposes a novel perspec-
tive that treats tracking of any points as the learning of a
corresponding field based on neural representations. How-
ever, their method can only be used to query correspond-
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Figure 2. Overview of the proposed Flow-NeRF: Our method takes a sequence of images as input and jointly learns camera poses, scene
geometry, and dense optical flow with a unified neural representation framework. We propose a shared points sampling mechanism to
ensure the feature consistency between the geometry and flow branches (Sec. 3.2). We build a bijective mapping to query per-pixel motion
given sampled points as input, conditioned on pose (Sec. 3.3). Leveraging the complementary nature of features between the world space
and the 3D canonical volume, we enhance the feature representation of the geometry branch by message passing (Sec. 3.4). We also develop
effective loss functions to simultaneously learn flow and scene reconstruction, while imposing constraints on relative poses (Sec. 3.5).

ing points on training views, which is not suitable for novel
view synthesis. RUST [30] introduces a pose-free approach
to novel view synthesis, with the key insight of training a
pose encoder that analyzes the target image to learn a latent
pose embedding. This embedding can then be utilized by
the decoder for effective view synthesis. Inspired by Om-
nimotion and RUST, our work integrates, for the first time,
a neural representation-based module that learns dense flow
fields into a pose-free NeRF model. This integration al-
lows for the joint learning of poses, scene geometry, and
dense flow within a unified neural framework, enabling
pose-conditioned novel-view flow estimation.

3. The Proposed Flow-NeRF Method
Given a sequence of unposed images {I1, I2, ..., Ik−1, Ik},
our goal is to simultaneously recover camera poses, scene
geometry, and dense flow between consecutive or longer-
range frames, all under a unified neural representation
framework. Fig. 2 overviews how the proposed Flow-NeRF
framework works for the goal. It mainly consists of the ge-
ometry branch and the flow branch. During each iteration
of training, we pick two frames Ii and Ij , where i < j,
and τ = j − i defines the interval between the selected two
frames, which is set to 1 in most cases. We sample points on
frame i and use frame j as the reference frame to query cor-
responding points and construct inter-frame losses. Specif-
ically, we develop a shared points sampling strategy (see
Fig. 3(a) and Sec. 3.2) to ensure that every perspective 3D
point in the world space for the geometry branch contains

information of the same scene area encoded by the cam-
era space 3D point for the flow branch. Since we tackle
static scenes, we assume that all the scene flow is induced
by camera pose changes, and thus develop two latent space
embeddings ψi and ψj , which take poses of the two frames
as input to condition on the flow prediction based on the bi-
jective mapping Ti and Tj (see Sec. 3.3). After mapping a
camera space 3D point Oi to the canonical 3D space G, we
obtain a 3D point r in the canonical space. Our key insight
is that, although point r is not in the world space, it must
share a similar underlying representation as it represents the
same physical scene. Therefore, we develop a feature mes-
sage passing strategy (see Sec. 3.4 and Fig. 3(b)) to enhance
the point feature in the world space from the extracted fea-
ture from the canonical point r. The point features in the
different spaces are learned based on different optimization
losses and thus they are essentially complementary. More
details about the losses are illustrated in Sec. 3.5.

3.1. Preliminary: Pose-Free NeRF

Neural Radiance Field (NeRF) [26] represents a scene as an
implicit mapping function Fθ : (x,d) → (c, σ) that maps
a 3D point x and a viewing direction d to a radiance color
c and a density value σ. The mapping function Fθ is pa-
rameterized as an MLP network with θ as the learnable pa-
rameters. Given a sequence of images {I1, I2, ..., Ik−1, Ik},
pose-free NeRF learns the transformation from camera to
world of every image {T1, T2, ..., Tk−1, Tk} together with
the MLP parameters θ to minimize the photometric loss be-
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Figure 3. Illustration of the details of the proposed shared points sampling mechanism (a) for both the geometry and flow branches
and the feature message passing module (b) to couple them for learning a unified scene neural representation.

tween the rendered image and the ground truth image. The
learnable transformation matrix (i.e, the camera pose) can
be parameterized as a vector v = [r1, r2, r3, t1, t2, t3] of 6-
degree of freedom using the axis-angle representation, and
can be transformed to a pose matrix T = [R, t] using Ro-
drigues’ formula on the rotational part.

Given the camera pose T and a pixel coordinate [u, v],
NeRF back-projects a normalized viewing directing d and
transforms it into world coordinate r = TK−1[u, v], where
K is the known camera intrinsic matrix. Then it samples
points along the ray with the corresponding depth values
{z1, z2, ..., zm−1, zm} between near and far bound zn and
zf , as pi = zir. Both the color value Î and the depth value
D̂ of p can then be rendered out with the volumetric ren-
dering function:

Î(p) =

∫ zf

zn

T (z)σ(p(z))c(p(z),d)dz (1)

D̂(p) =

∫ zf

zn

T (z)σ(p(z))dz, (2)

where T (z) = exp(−
∫ z

zn
σ(p(s))ds) is the accumulated

transmittance along a ray.

3.2. Shared Points Sampling for Geometry and Flow

To enable points sampled for the flow and the geometry
branches in our framework to represent the same physical
scene points, we design a shared points sampling mecha-
nism, which ensures that we sample not only the same pixel
points on the pixel plane but also the most relevant points in
3D for both branches. Specifically, we randomly sample N
2D pixels, i.e., {p1(u1, v1), p2(u2, v2), ..., pN (uN , vN )},
during each training iteration on frame i. These sampled 2D
pixels are shared for both branches, and then back-projected

to the 3D space, using the pixel-to-world projection for the
geometry branch, and the pixel-to-camera projection for the
flow branch. In all our experiments, we sample N = 1024
pixels (i.e., rays) for each frame.

Take a sampled 2D pixel coordinate (u, v) as an exam-
ple. As shown in Fig. 3(a), for the geometry branch, we
follow the original NeRF to back-project the 2D pixel to
the 3D world space using the known camera intrinsic ma-
trix K, the learnable camera poses T , and several distance
values {z1, z2, ..., zm−1, zm} along the normalized ray di-
rection r, where r = TK−1[u, v]. Hence, the world space
3D points can be expressed as pi = zir, where zi belongs
to {z1, z2, ..., zm−1, zm} that is between zn and zf .

For the flow branch, since only 2D-2D correspondences
are learned, it is natural to follow the work of [41] to sim-
ply use an orthogonal projection to back-project the 2D
pixels. However, this simplest orthogonal projection will
lose the perspective relations of the scene, and thus signifi-
cantly downgrade the depth estimation performance when
doing feature message passing (see sec 3.4). We alter-
natively, propose to back-project the 2D pixels to camera
space with the known intrinsic K. We experimentally find
it can produce a much better depth map, while not sacri-
ficing the accuracy of flow. Specifically, given the same
set of 2D pixels {p1(u1, v1), p2(u2, v2), ..., pN (uN , vN )}
sampled for the geometry branch, we back-project a 2D
pixel (u, v) to the camera space, i.e, K−1[u, v]di, where di
belongs to the set of depth values {d1, d2, ..., dm−1, dm}.
Note that we expect the 3D points for both branches to rep-
resent the same physical scene points. To enable this, we
fix the ratio of the distance value zi of the geometry branch
and the depth value di of the flow branch as follows:

zi = αdi, di ∈ {d1, d2, ..., dm−1, dm}, (3)
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(a) BARF (b) Nope-NeRF (c) Ours (d) Ground truth

Figure 5. Qualitative comparison with BARF [24] and Nope-NeRF [4] on novel view synthesis on the Tanks and Temples dataset.
Our method achieves superior novel-view rendering quality with enhanced details.

scenes Ours Nope-NeRF [4] BARF [24] NeRFmm [43] SC-NeRF [34]
PSNR↑ SSIM↑ LPIPS↓ PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

Sc
an

N
et

0079 00 34.02 0.87 0.34 32.47 0.84 0.41 32.31 0.83 0.43 30.59 0.81 0.49 31.33 0.82 0.46
0418 00 31.36 0.79 0.35 31.33 0.79 0.34 31.24 0.79 0.35 30.00 0.77 0.40 29.05 0.75 0.43
0301 00 30.22 0.79 0.34 29.83 0.77 0.36 29.31 0.76 0.38 27.84 0.72 0.45 29.45 0.77 0.35
0431 00 34.60 0.93 0.32 33.83 0.91 0.39 32.77 0.90 0.41 31.44 0.88 0.45 32.57 0.90 0.40

mean 32.55 0.85 0.34 31.86 0.83 0.38 31.41 0.82 0.39 29.97 0.80 0.45 30.60 0.81 0.41

Ta
nk

s
an

d
Te

m
pl

e

Church 28.27 0.83 0.28 25.17 0.73 0.39 23.17 0.62 0.52 21.64 0.58 0.54 21.96 0.60 0.53
Barn 28.53 0.78 0.35 26.35 0.69 0.44 25.28 0.64 0.48 23.21 0.61 0.53 23.26 0.62 0.51

Museum 29.43 0.85 0.27 26.77 0.76 0.35 23.58 0.61 0.55 22.37 0.61 0.53 24.94 0.69 0.45
Family 29.40 0.85 0.29 26.01 0.74 0.41 23.04 0.61 0.56 23.04 0.58 0.56 22.60 0.63 0.51
Horse 28.57 0.86 0.23 27.64 0.84 0.26 24.09 0.72 0.41 23.12 0.70 0.43 25.23 0.76 0.37

Ballroom 28.83 0.86 0.24 25.33 0.72 0.38 20.66 0.50 0.60 20.03 0.48 0.57 22.64 0.61 0.48
Francis 30.63 0.83 0.33 29.48 0.80 0.38 25.85 0.69 0.57 25.40 0.69 0.52 26.46 0.73 0.49
Ignatius 26.25 0.73 0.35 23.96 0.61 0.47 21.78 0.47 0.60 21.16 0.45 0.60 23.00 0.55 0.53

mean 28.73 0.82 0.29 26.34 0.74 0.39 23.42 0.61 0.54 22.50 0.59 0.54 23.76 0.65 0.48

Table 1. Quantitative comparison results of Novel view synthesis on the Tanks and Temples and ScanNet datasets. Our method
outperforms other state-of-the-art methods by a large margin.

vided by the pseudo flow computed from RAFT [37]. These
two loss functions are detailed as follows:

Lrgb =
1

N

∑
p∈ΩN

||Ĉ(p)−C(p)||1 (5)

Lflow =
1

N

∑
pj∈ΩN

||p̂j − pj ||1, (6)

where Ĉ and C denote the rendered and the ground truth
RGB image, respectively. We also consider 3D point cloud
and 2D photometric warping losses. Please refer to the sup-
plement for details. The geometry and flow branches of
Flow-NeRF are jointly optimized with these losses.

4. Experiments
4.1. Experimental Setup

Datasets: We conduct experiments on three datasets: Tanks
and Temples [20], ScanNet [8], and Sintel [14]. Please see
the appendix for more details on the benchmarks.
Metrics: For novel view synthesis, we evaluate on standard
metrics, i.e., PSNR, SSIM [42], and LPIPS [50]. For cam-
era pose, we evaluate the absolute tracking error (ATE) on
the sequence of all estimated poses, the relative rotation er-
ror (RPEr) and translation error (RPEt) between consecu-
tive image pairs. The estimated camera poses are aligned
with the ground truth poses using Umeyama alignment [39]
before evaluation. For novel-view depth, we use standard
depth metrics (i.e., Abs Rel, Sq Rel, RMSE, RMSE log,

δ1, δ2, and δ3). We follow [52] to recover the metric depth
values based on matching the median values between the
predicted and ground truth depth. For novel-view flow, we
use average end-point error (EPE) to evaluate the predicted
flow against the ground truth flow. Details of the evaluation
protocols can be found in the appendix.

4.2. State-of-the-art Comparison

We compare our approach with previous state-of-the-art
pose-unknown methods on the sub-tasks we modeled.
Novel-view synthesis: Following the practice of Nope-
NeRF [4], we initialize the novel-view poses from adja-
cent training-view poses and then optimize these poses by
minimizing the photometric loss between the rendered im-
age and the test-view image. The quantitative and qualita-
tive comparison results are presented in Tab. 1 and Fig. 5.
Our method outperforms all other state-of-the-art methods
on both the ScanNet and Tanks and Temples datasets. The
qualitative results demonstrate that our method can render
more photo-realistic novel scenes while preserving more
fine-grained details in the images.
Depth prediction: Tab. 3 summarizes the quantitative re-
sults for novel-view depth on the ScanNet dataset. Our
method demonstrates significant performance improve-
ments across all depth metrics compared to other compet-
itive methods. The qualitative depth comparisons and per-
scene results are available in the supplementary material.
Pose estimation: Our method demonstrates significantly
better pose prediction than BARF [24], NeRFmm [43], and
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Frame t t and t+2 t and t+8 t and t+16

Figure 8. Novel-view flow comparison at different frame intervals against the ground-truth flow on the Sintel dataset. As the frame
interval increases, the rendered novel-view flow (the first row) appears in deeper shades of red, which is consistent with the behavior of the
ground truth flow (the second row). These results suggest that our method can effectively infer plausible long-range novel-view flow.

Method PSNR↑ SSIM↑ LPIPS↓

Nope-NeRF [4] 25.33 0.72 0.38
Ours w/o Flow Enhancement 24.85 0.71 0.38
Ours w/ Flow Enhancement 28.83 0.86 0.24

Table 4. Flow-enhanced novel-view synthesis on the Ballroom
scene. The feature distillation from the flow branch largely boosts
the performance of novel-view synthesis.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓

Ours w/o Flow Enhancement 0.200 0.206 0.809 0.221
Ours w/ Flow Enhancement (Orthogonal) 0.047 0.011 0.147 0.075
Ours w/ Flow Enhancement (Perspective) 0.034 0.010 0.118 0.070

Table 5. Geometry enhancement through the flow branch on
the 0418 00 scene of ScanNet. Our method with flow enhance-
ment and perspective projection produces the best depth accuracy.

introduces geometry ambiguities. In contrast, our pose-
conditioned design for the flow branch can be extended to
novel views under the unified optimization framework of
both the geometry branch and flow branches. We define
novel-view flow analogously to novel-view images in the
context of NeRF. During the inference, given novel poses
from two arbitrary views as conditions for the model, it can
render the flow for these two views. We provide several vi-
sualizations of the novel-view flow predictions for both for-
ward and backward long-range frames (see Fig. 6). These
results demonstrate that our method can produce qualita-
tively sound novel view flows. In our visualization of the
long-range backward flow, although these frames are not
used for supervision during training, we can still render
plausible novel-view flow. This capability is attributed to
the pose-conditioned input design that successfully embeds
all the pose-induced 2D displacements into the unified field
representation. More visualization results on novel-view
flow predictions can be found in the supplement.
Accurate long-range novel-view flow inference To quan-
titatively evaluate the quality of the predicted novel-view
flows, we perform evaluations against the ground truth flow
on the Sintel dataset. We compare our novel-view flow and
RAFT flow prediction on average end-point error (EPE) at
non-occluded pixels at different time intervals, as shown in
Fig. 9. While RAFT performs well between closer frames,

Figure 9. Average end-point error (EPE) comparison on dif-
ferent frame intervals on the scene mountain1 of Sintel: As the
frame interval increases to 16, our method demonstrates the ability
to infer more accurate flow than RAFT.

its performance degrades a lot when the frame interval in-
creases. Our method can infer more accurate longer-range
flows on novel views. It should be noted that, although our
method relies on RAFT for supervision, the RAFT prior is
not an upper bound of our method. This results suggest
that learning dense flow within a unified neural field can
indeed enhance long-range flow performance. We also pro-
vide qualitative results of the predicted novel-view flows in
Fig. 8. We can observe that the predicted novel-view flows
contain sharp details. As the frame interval increases, the
flow values become larger, indicated by deeper red regions
in the visualized flow image, suggesting that we have suc-
cessfully predicted plausible longer-distance flows.

5. Conclusion

We have presented Flow-NeRF, a unified neural representa-
tion framework to simultaneously learn camera poses, scene
geometry, and dense optical flow. We propose two branches
for the framework, incorporating a shared point sampling
strategy that ensures sampled points accurately represent
the same physical scene point. As a result, we can pass fea-
ture messages from the flow branch to the geometry branch
to enhance geometry feature learning. Our novel design on
pose-conditioned flow enables quantitatively accurate long-
range flow estimation and qualitatively sound flow render-
ing from novel views. Experiments on various datasets have
shown that our method significantly improves the scene ge-
ometry, and yields plausible novel-view flow predictions.
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