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Abstract— Robotic manipulation pipelines increasingly rely
on single-image 3D reconstruction, but no single reconstruction
method is reliable across the diverse inputs a robot encounters.
Image-to-3D models depend heavily on the input viewpoint
and inherit architectural and training biases, while multi-view
reconstruction methods (which we term view-invariant) avoid
hallucination but require additional sensing time. Fixing a
single method therefore exposes the downstream pipeline to that
method’s failure modes, and querying all methods is computa-
tionally prohibitive. We present SCOUT, a routing framework
that selects a reconstruction model per input under user-
specified cost constraints. SCOUT decouples reconstruction
scores into the relative performance of viewpoint-dependent
models and the overall difficulty of the input image, which
stabilizes training and lets view-invariant pipelines be added
or reconfigured without retraining. We evaluate on the Google
Scanned Objects, BigBIRD, and YCB datasets, demonstrat-
ing consistent improvements over routing baselines adapted
from the LLM literature, and further validate the framework
through simulated and real-world manipulation experiments.
We release the code and additional results on our website.

I. INTRODUCTION

Robotic manipulation increasingly relies on single-image
3D reconstruction because a robot often has only a single
initial view and acquiring additional viewpoints is time-
consuming or infeasible [1]. Recent Image-to-3D models [2],
[3], [4], [5] produce meshes from a single image in seconds,
and several recent manipulation pipelines [6] adopt them
for perception. These models have complementary strengths:
their relative performance varies across object categories and
input viewpoints; thus, no single model is reliable across
the diverse inputs encountered in real-world deployment.
Fixing a single choice therefore exposes the downstream
manipulation pipeline to that model’s failure modes.

Reconstruction quality requirements also vary by task:
dexterous manipulation demands fine-grained surface detail,
whereas collision-free motion planning tolerates coarser rep-
resentations. Beyond Image-to-3D models, multi-view re-
construction methods provide reconstructions whose quality
depends on the object texture rather than on the robot’s initial
viewpoint, given sufficient additional views; however, they
require additional sensing time. We refer to such methods as
view-invariant, in contrast to the viewpoint-dependent Image-
to-3D models mentioned above. The choice of reconstruction
method, therefore, depends on the input viewpoint, task
requirements, and available budget.

We address this problem via model routing: selecting a
reconstruction model for each input prior to inference. Model
routing has been studied extensively for LLMs [7], [8],
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[9], [10], [11], but the 3D reconstruction setting differs in
important ways: robotics applications call for cost vectors
over multiple dimensions (latency, memory, etc.) rather than
just API price, and the model pool includes both viewpoint-
dependent methods (e.g., Image-to-3D models) and view-
invariant methods that are reconfigurable post-deployment
(e.g., by changing the number of views captured).

We propose SCOUT (Score-Conditioned Optimal
Utility Targeting), a routing framework that decouples
reconstruction scores into the relative performance of
viewpoint-dependent models, captured by a learned prob-
ability distribution, and the overall difficulty of the input
image, captured by a scalar partition function. The learned
network predicts only over the viewpoint-dependent models,
so view-invariant pipelines can be added or reconfigured
without retraining, and arbitrary cost vectors are supported at
inference time. Because routing selects per input, the failure
modes of any single model no longer dominate the pipeline,
improving robustness for integrated robot systems.

We evaluate SCOUT on the Google Scanned Objects [12],
BigBIRD [13], and YCB [14] datasets under multiple mesh
quality metrics, including Density-aware Chamfer Distance
(DCD), IoU, and geometric metrics from Eval3D [15].
SCOUT consistently outperforms routing baselines adapted
from the LLM literature, and we validate its practical utility
through robotic manipulation tasks, including collision-free
grasp proposal evaluation, dexterous manipulation in simula-
tion, and real-world pick-and-place on a Franka Panda robot.

The main contributions are: (1) the first model-routing for-
mulation for 3D reconstruction, accommodating viewpoint-
dependent and view-invariant methods under arbitrary cost
vectors; (2) a partition function proxy that recovers absolute
scores from the learned relative distribution with provably
optimal weighting; and (3) a procedure that decouples image
difficulty from relative model performance, enabling view-
invariant methods to be added without retraining.

II. METHODS
A. Problem formulation

Let M = {m1, · · · ,mk} denote a set of k candidate
3D reconstruction models, each producing a mesh from an
input image of the robot viewpoint, x. We seek a router that
selects the optimal model for input x, determined by a score
function s(x,m) that measures reconstruction quality (higher
is better), and an image-independent cost function c(m)
that captures user-specified model costs. Given a training
dataset of input–score pairs

(
x(i), s(i)

)
, with s(i) ∈ Rk,

we learn a router h that takes an input x and cost vector
c = [c(m1), · · · , c(mk)] ∈ Rk, and outputs model selection
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Fig. 1: Overview of SCOUT. Given an input image, (a) SCOUT routes to the best reconstruction model among candidates.
(b) Grasp proposals on the reconstruction, evaluated against the ground-truth mesh (colliding grasps in red). (c) Utility of
SCOUT’s reconstruction-aware routing in downstream robust robot grasping and dexterous manipulation.

m̂ maximizing s(x, m̂)−c(m̂). We evaluate h by its expected
regret relative to the oracle on a held-out set of n examples:

R(h) =
1

n

n∑
i=1

[
max
m∈M

(
s(x(i),m)− c(m)

)
−

(
s(x(i), m̂(i))− c(m̂(i))

)]
.

B. SCOUT

SCOUT is designed for two properties: (1) scalability -
view-invariant methods can be added or reconfigured without
retraining; and (2) flexibility - routing under arbitrary c ∈ Rk.

Preprocessing. We partition the score vector s(i) =[
s
(i)
dep, s

(i)
inv

]
into k1 viewpoint-dependent scores and the k2

view-invariant scores. Motivated by score variance across
object categories, we apply tag-based smoothing to s

(i)
dep

following ZOOTER [7]. We group objects into semantic
categories and blend each per-image score with its category
mean, s̃(i)dep = βs

(i)
dep+(1−β)sT (x(i)), where sT (x(i)) averages

s
(i)
dep over training examples sharing the tag of x(i).

Score decoupling. We train a neural network to predict
p̂ ∈ Rk1 from x under a KL divergence loss, with the target
distribution given by the softmax of smoothed scores at tem-
perature T : p(i)j = exp(s̃

(i)
dep,j/T )/

∑k1
m=1 exp(s̃

(i)
dep,m/T ). We use

KL because it isolates the relative performance of viewpoint-
dependent models by normalizing out the image-difficulty
offset shared by all of them, which MSE would absorb
into its regression target. This shared-offset property holds
only among the viewpoint-dependent models, motivating
our decoupling from the view-invariant ones. View-invariant
methods capture their own viewpoints through additional
sensing, so their scores do not depend on the notion of hard
(e.g., top-down) versus easy (e.g., corner) initial robot views.

Recovering the original scores from p̂ requires estimating
the partition function z(i) =

∑k1

m=1 exp(s
(i)
dep,m/T ), so that

T · ln(p̂(i)j · z(i)) ≈ s
(i)
dep,j . Because z(i) is a noisy per-

example target, we instead train a second supervised network
to predict ẑ from x using a denoised regression target, z̃(i),
obtained as an optimal weighted average of k1 per-model
proxies z̃

(i)
j = exp(s

(i)
dep,j/T )/p̂(i)

j :

z̃(i) =

k1∑
j=1

wj z̃
(i)
j , wj ∝

(
Var[p̂j ](1−R2

j )Ei

[
z4

exp(2sdep,j/T )

])−1

Fig. 2: Effect of the number of view-invariant methods on
routing performance when evaluated on viewpoint-dependent
methods. With decoupling, regret remains constant; without,
regret grows with k2.

where R2
j is the coefficient of determination of p̂j against pj .

(Appendix has derivation and t-tests against ground-truth z.)
Utility optimization. Given p̂ and ẑ, SCOUT selects m̂ =

argmaxmj∈M ŝ(x,mj)− c[j], where:

ŝ(x,mj) =

{
T · ln (p̂j · ẑ) , if j ≤ k1,

sinv(mj), if k1 < j ≤ k.

For view-invariant methods, sinv(mj) may depend on
object-level properties (e.g., texture or reflectance) rather
than the initial robot viewpoint. Because p̂ is predicted only
over the k1 viewpoint-dependent models, new view-invariant
configurations can be added or reconfigured at inference time
without retraining. Without decoupling, applying the softmax
over the full score vector s(i) couples the learned distribution
to k2 and degrades performance as the number of view-
invariant methods increases, as demonstrated in Fig. 2.

III. EXPERIMENTS

A. Experimental setup

Mesh reconstruction models. We evaluate SCOUT with
four Image-to-3D models selected for architectural diver-
sity: Hunyuan3D [5], InstantMesh [3], TripoSR [2], and
TRELLIS [4]. The model pool also includes four view-
invariant options covering Gaussian (2DGS [16]), NeRF
(Nerf2Mesh [17]), and SDF (NeuS2 [18]) representations,
plus a skip option that bypasses reconstruction with a fixed
default score for time-sensitive settings.

Datasets. We evaluate on the Google Scanned Objects
(GSO) [12] with 15,450 renders from 1,030 objects at non-

https://scout-model-routing.github.io/static/scout-appendix.pdf


degenerate viewpoints (avoiding face-on views), and 2,106
images from 54 YCB [14] objects across viewpoints (often
deliberately face-on) and image styles (real BigBIRD [13]
photos, flash-lighting renders, surround-lighting renders).
Each reconstructed mesh is registered and scored against
the ground-truth mesh using standard reconstruction quality
metrics (negated where needed so that higher is better).

Baselines. To the best of our knowledge, no prior rout-
ing methods exist for 3D reconstruction. We therefore im-
plemented baselines based on LLM routing approaches:
ZOOTER [7], RouterDC [8], an MLP from RouterBench [9],
matrix factorization (MF) from RouteLLM [10], and kNN
and linear regression (LR) which have been shown to outper-
form more complex neural architectures in LLM routing [11].
All baselines and SCOUT share the same pretrained image
features. Among these, ZOOTER is closest to SCOUT. The
key difference is SCOUT’s decoupling, which enables arbi-
trary cost vectors and post-hoc view-invariant reconfiguration
at inference time. Results are given relative to an input-
agnostic baseline that selects argmaxmj

s̄(mj)− c[j] using
each model’s training-set mean score s̄(mj).

Evaluations. Since reconstruction quality is continuous,
we report average utility or regret over cost subspaces rather
than accuracy. Similar to splitting s(i) (Section II-B), we split
the cost vector as c = [cdep, cinv]. We analyze two zero-cost
subspaces, {c=0} (all models) and {cdep=0 ∩ cinv=∞}
(viewpoint-dependent models only), enabling comparison
with ZOOTER and RouterDC, which do not support varying
costs at inference time. The full cost subspace C keeps all
models in comparable utility ranges, ensuring non-trivial
routing decisions. For each mj , the cost range for cj is
[P75,j −minj(IQRj), P75,j ], where P75,j and IQRj are the
75th percentile and interquartile range of mj’s scores.

B. Full dataset results

Table I reports regret on novel objects on GSO across
cost subspaces (using DCD), and on BigBIRD + YCB
across seven quality metrics. Different metrics induce dif-
ferent optimal routing policies—IoU is volume-based and
penalizes hollow geometry, whereas DCD measures surface
correspondences—and different manipulation tasks demand
different criteria, so a router must generalize across metrics.
View-invariant scores are predicted via one of two strategies:
regressing on image embeddings, or the VLM-tagged cate-
gory mean from Sec. II-B. The better-performing strategy is
chosen per metric based on validation performance.

Comparison to baselines. On GSO, SCOUT achieves
statistically significant lower regret than all baselines in three
of four cost subspaces, and is within the kNN’s error bar in
the fourth. On YCB, SCOUT achieves the lowest regret on all
metrics except CD, where view-invariant methods produce
meshes with interior artifacts and irregular surfaces that yield
noisy CD scores affecting all learned routers. kNN and LR
are SCOUT’s closest baselines, but SCOUT outperforms
both, achieving under half their regret in some experiments.
SCOUT is also more efficient: end-to-end training and eval-
uation on GSO are 8.84× faster than kNN (minutes vs.

seconds) and 1.18× faster than LR. This advantage increases
as new Image-to-3D models emerge since SCOUT’s runtime
is independent of k1, while kNN and LR scale linearly.

C. Robotics results

We evaluate SCOUT’s downstream impact on robotic
manipulation across three tasks following [6]. Grasp pro-
posal evaluation: we generate two-fingered grasp proposals
on each reconstructed mesh and report grasp collision rate
and mesh-IoU against the ground truth across 10 YCB
objects (Table II). SCOUT achieves the lowest mean collision
rate and highest mean mesh-IoU, confirming that no single
reconstruction model dominates across objects, and that
per-input model selection translates to measurable gains in
downstream grasp quality. Dexterous manipulation: since
contact placement and force closure depend on local surface
geometry, differences between reconstruction models are
amplified relative to two-fingered grasping (Table III). Real-
world pick-and-place: to test the full pipeline end-to-end,
we reconstruct meshes from a single input image using each
Image-to-3D method, generate antipodal grasp proposals,
and execute 5 sampled grasps per object on a Franka Panda
robot performing tabletop pick-and-place; success rates are
in Table IV. The router’s selections reflect input viewpoint
difficulty: Hunyuan3D on challenging viewpoints (objects 1,
3, 4), where it produces the highest-fidelity reconstructions,
and TRELLIS on easier viewpoints (objects 2, 5), which
suffices and has lower latency. Real-world execution videos
and reconstructed meshes are available on our website.

IV. CONCLUSION

We presented SCOUT, a routing framework that selects
among 3D reconstruction models for a given input image
under user-specified cost constraints, improving robustness
to the diverse inputs a robot encounters. The key idea is
to decouple reconstruction scores into relative model perfor-
mance and image difficulty, which keeps the learned network
independent of the view-invariant pool and supports arbitrary
cost vectors without retraining. SCOUT consistently outper-
forms routing baselines adapted from the LLM literature
across three datasets, multiple quality metrics, and diverse
cost coefficient vector subspaces. Robotic manipulation ex-
periments in simulation and the real world confirm routing
improvements translate to downstream robotic performance.

Limitations & Future Work: We evaluate over eight mod-
els; scaling SCOUT to more models and classes of models
(e.g., point-cloud-based)—while pruning redundant models
and accounting for switching overhead—is a natural next
step. Closed-loop integration, where task feedback informs
future routing decisions, is another promising direction.
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