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ABSTRACT

Robotic manipulation tasks impose varying quality requirements on 3D reconstruction:
dexterous manipulation demands fine-grained surface detail, while collision-free planning
tolerates coarser representations. Multiple reconstruction methods offer different cost-quality
tradeoffs, from Image-to-3D models — whose output quality depends heavily on the input
viewpoint — to view-invariant methods that aggregate information across multiple views rather
than relying on the initial robot viewpoint. Querying all models is computationally prohibitive,
which motivates per-input model selection. We propose SCOUT, a novel routing framework
that decouples reconstruction scores into two components: (1) the relative performance of
viewpoint-dependent models, represented by a learned probability distribution, and (2) the
overall image difficulty, estimated by a scalar partition function. SCOUT supports arbitrary
cost functions at inference time, accommodating the multi-dimensional cost constraints that
are common in robotics. We evaluate SCOUT on the Google Scanned Objects, BigBIRD, and
YCB datasets under multiple mesh quality metrics, demonstrating consistent improvements
over routing baselines adapted from the LLM literature across various cost regimes. We further
validate the framework through robotic grasping and dexterous manipulation experiments.
We release the code and additional results on our website.
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Chapter 1

Introduction

Figure 1.1: Overview of SCOUT. Given an input image, (a) SCOUT routes to the most suitable
reconstruction model and generates the selected 3D reconstruction (compared against other
candidate models). (b) Grasp proposals generated on the reconstructed mesh, evaluated on the
ground-truth mesh; colliding grasps are shown in red. (c) Utility of SCOUT’s reconstruction-
aware routing in downstream robust robot grasping and dexterous manipulation.

Single-image 3D reconstruction has advanced rapidly in recent years. Early optimization-
based approaches demonstrated that strong generative priors [1,2] could lift a single image
into a 3D representation, but required computationally expensive per-object optimization
procedures [3–6] that often take minutes to hours to complete, limiting their applicability in
real-time robotics applications. Recent Image-to-3D models have largely removed this bottle-
neck, producing mesh reconstructions within seconds and without per-object optimization.
These models span a diverse range of architectures, including feed-forward prediction [7,8],
multi-view diffusion followed by reconstruction [9,10], and iterative generation within learned
3D latent spaces [11,12], exhibiting complementary strengths. Some models prioritize in-
ference speed, while others emphasize geometric fidelity or texture quality. Their relative
performance varies across object categories and input viewpoints. As a result, no single
approach dominates across all settings.

These advances are particularly significant for robotic manipulation, where a robot
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often has access to only a single initial view of an object [13,14], and acquiring additional
viewpoints may be time-consuming, operationally constrained, or altogether infeasible [15,16].
Several recent manipulation pipelines [13,17–20] have incorporated Image-to-3D models as
perception modules, treating reconstruction as a building block for downstream planning and
control. However, these systems typically commit to a fixed reconstruction model chosen a
priori, which exposes the downstream pipeline to that model’s specific failure modes and
forgoes the performance gains that may be obtained by choosing an Image-to-3D model
per input. Furthermore, reconstruction quality requirements tend to vary substantially by
task. Dexterous manipulation demands fine-grained surface detail, whereas collision-free
motion planning can tolerate coarser representations. The choice of reconstruction method
therefore affects both robustness and efficiency. Robustness captures how reliably the pipeline
handles diverse inputs, while efficiency captures whether reconstruction meets the latency
and resource budgets required for real-time deployment.

Beyond Image-to-3D methods, approaches such as Nerf2Mesh [21], NeuS2 [22], and
2DGS [23] take multiple images as input and produce reconstructions whose quality depends
less strongly on the robot’s initial viewpoint and more heavily on factors such as object
texture. We refer to these methods as view-invariant, in contrast to the viewpoint-dependent
Image-to-3D models described above. While view-invariant methods can typically produce
higher-quality reconstructions, they also require additional sensing time due to multi-capture
requirements and longer optimization procedures.

A robotic system operating under tight latency or view-acquisition constraints may
prefer a fast Image-to-3D model while accepting lower fidelity, whereas a system with an
increased time budget and multi-view-friendly hardware — such as a wrist-mounted sensor
that can capture many views [24,25] — may benefit from the superior quality provided by
view-invariant reconstruction methods. The choice between these regimes — and among
models within them — depends on the input viewpoint, task requirements, and available
computational budget.

We propose a framework that learns to route each input to the most appropriate recon-
struction model prior to inference. The routing decision balances reconstruction accuracy
against user-specified costs such as latency, memory consumption, and monetary expenses.
Although model routing has emerged as an active area of research in the context of Large
Language Models (LLMs) [26–30], it has not previously been explored for 3D reconstruction.
The reconstruction setting introduces several challenges that are not present in the LLM
setting. First, the costs of reconstruction models are largely input-independent. Second,
robotics applications must balance multiple cost dimensions, such as latency, memory, and
energy, rather than optimizing against a single cost dimension such as API pricing used
in LLM routing. Third, the model pool is structurally heterogeneous, encompassing both
viewpoint-dependent methods (e.g ., Image-to-3D models) and view-invariant methods (e.g .
multi-view mesh reconstruction models that aggregate information across multiple views
rather than relying on the initial robot viewpoint).

To address these challenges, we propose SCOUT (Score-Conditioned Optimal Utility
Targeting), an input-aware routing framework that decouples reconstruction scores into two
components: (1) the relative performance of viewpoint-dependent models, represented by a
learned probability distribution, and (2) the overall difficulty of the input image, estimated
by a scalar partition function (overview of architecture shown in Figure 1.2). This decoupling

14



Figure 1.2: Architecture of SCOUT. SCOUT takes as input the current input image and
user-specified costs per model, decouples viewpoint-dependent and view-invariant scores, and
selects a reconstruction pipeline to build the output mesh.

stabilizes training and provides a key scalability advantage: the learned network predicts only
over the viewpoint-dependent models, resulting in its size and training procedure being entirely
independent of the view-invariant model pool. SCOUT supports arbitrary cost functions at
inference time, giving a single trained router the ability to accommodate various deployment
scenarios in which latency is paramount, memory is constrained, or both objectives are jointly
optimized, all without retraining. Figure 1.1 illustrates the framework: given an input image,
SCOUT selects the optimal reconstruction model under the user-specified cost function and
then passes the resulting reconstruction output to downstream manipulation tasks such as
grasping and dexterous manipulation.

We evaluate SCOUT on the Google Scanned Objects [31], BigBIRD [32], and YCB [33]
datasets under multiple mesh quality metrics, including Density-aware Chamfer Distance
(DCD) [34], IoU, and geometric metrics from Eval3D [35]. Across diverse cost-function regimes,
SCOUT consistently outperforms routing baselines adapted from the LLM literature, achieving
less than half the regret of the strongest competitors in some experimental settings. Beyond
benchmark evaluation, we validate SCOUT’s practical utility through robotic manipulation
experiments including collision-free grasp proposal evaluation, dexterous manipulation in
simulation, and real-world pick-and-place on a Franka Panda robot. SCOUT routes to
different reconstruction models depending on the input, empirically confirming that no single
model dominates across the inputs encountered in deployment, and that per-input routing
yields measurable improvements in downstream manipulation performance.

The contributions of this work are threefold. First, it introduces the first formulation of
model routing for 3D reconstruction, accommodating both viewpoint-dependent and view-
invariant methods under arbitrary cost functions. Second, it develops a theoretically-justified
partition function proxy that recovers absolute scores from a learned relative distribution.
Third, it proposes a decoupling procedure that separates image difficulty from relative model
performance, which maintains independence between the learned router and the view-invariant
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pool.
The remainder of this thesis is organized as follows. Chapter 2 reviews related work in

Image-to-3D models, view-invariant reconstruction, model routing for LLMs, and reconstruction-
based manipulation pipelines. Chapter 3 formalizes the model routing problem for 3D
reconstruction and contrasts it with the LLM routing setting. Chapter 4 presents SCOUT,
including the decoupling procedure and the partition function proxy, along with its deriva-
tion. Chapter 5 evaluates the proposed approach across benchmark datasets and robotic
manipulation tasks. Chapter 6 concludes and outlines potential directions for future work.
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Chapter 2

Related Work

2.1 Image-to-3D Reconstruction
Early single image 3D reconstruction methods relied on per-object optimization, adapting
score distillation sampling [3,4] and image-conditioned novel view synthesis models [1] to
iteratively lift a single image into a 3D representation [5,6]. Although these methods produced
high-quality reconstructions, the optimization process frequently required minutes to hours
per object, limiting their utility in real-time applications such as robotic manipulation.
Subsequent work, which we collectively refer to as Image-to-3D models, eliminated per-
object optimization [8,10,36], enabling the production of meshes from a single image in
seconds. Among Image-to-3D models, four widely used pipelines exemplify the diversity
of architectural design. TripoSR [7] prioritizes low-latency inference via a feed-forward
transformer that produces a triplane-NeRF in under 0.5 seconds. InstantMesh [9] focuses on
geometrically faithful reconstructions by pairing a multi-view diffusion model with sparse-view
mesh reconstruction supervised by depth and normal losses. Hunyuan3D [12] emphasizes
high-quality texture generation through a two-stage pipeline that decouples shape generation
from texture synthesis. TRELLIS [11] employs a unified structured latent representation
that decodes into multiple 3D formats, including radiance fields, Gaussians, and meshes.
Collectively, these models cover a spectrum of design priorities: inference speed, geometric
fidelity, texture quality, and representation flexibility. However, this leads to each model
inheriting distinct biases from its training data and architecture. As a consequence, no single
model dominates across all inputs encountered in deployment, with relative performance
varying across object categories and viewpoints, as seen in Figure 2.1. This diversity creates
a strong motivation for principled per-input model selection. Given a specific input and
user-defined cost constraints, the ability to select the most appropriate reconstruction model
allows for the exploitation of complementary model strengths while avoiding the limitations
of fixed-model deployment.

2.2 Multi-view Reconstruction
A complementary line of work produces 3D reconstructions from multiple views rather
than from a single image. These multi-view reconstruction methods often produce higher-
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Figure 2.1: Example of different biases of Image-to-3D models. TRELLIS adds long artifacts
on a top-down view of an apple but produces an accurate mesh on the real image. Hunyuan3D
adds artifacts due to the imperfect background removal of real images but produces an accurate
mesh on the top-down view.

quality outputs but incur additional sensing and computational costs due to multiple capture
requirements, longer optimization, or both. They span several representational paradigms.
NeRF [37] represents a scene as a continuous neural radiance field optimized from multi-view
images, rather than producing meshes directly. NeRF2Mesh [21] extends this line by
extracting meshes from a NeRF through iterative surface refinement. NeuS [38] represents
the surface as the zero-level-set of a signed-distance field with a volume-rendering-compatible
formulation, and NeuS2 [22] accelerates this approach via multi-resolution hash encoding. 3D
Gaussian Splatting [39] represents the scene as a set of anisotropic 3D Gaussians fit to multi-
view images and rasterized through differentiable splatting. 2DGS [23] adapts this to 2D
Gaussian primitives that better approximate surfaces for mesh extraction. For the remainder
of this thesis, we refer to these methods collectively as view-invariant reconstruction methods.
Notably, these methods are not view-invariant in the strict sense, as they fundamentally
depend on having access to multiple views, and the choice and number of views affect the
output. However, the property we aim to focus on is invariance to the robot’s initial view. A
robot starting from a face-on view and a robot starting from a corner view of the same object
will obtain essentially the same reconstruction. This is because the reconstruction process
moves beyond the initial viewpoint and captures additional views of the object. Given views
of the object from various directions, the significance of the initial viewpoint with regard to
the total information used in the reconstruction decreases significantly. This leads to outputs
that are effectively independent of the robot’s initial viewpoint, at the cost of acquiring those
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additional views. The cost of view acquisition varies considerably across deployments—a
wrist-mounted depth sensor may capture additional views with minimal overhead, while a
heavily occluded scene or kinematically constrained workspace may make additional captures
expensive or infeasible. We do not explicitly model acquisition costs arising from occlusion
or kinematic constraints in this work, and instead assume the user specifies a per-model
cost that captures their deployment’s effective acquisition burden, potentially an infinite cost
indicating that we cannot use multi-view reconstruction methods for a given problem. Further,
we observe that both single-image [17,19] and multi-image [40,41] pipelines exist for mesh
reconstruction in robotic manipulation and focus on the routing problem assuming that the
user-defined costs abstract away the operational difficulties of obtaining additional views when
a multi-view reconstruction model is chosen. The appropriate choice between Image-to-3D
and view-invariant reconstruction therefore depends on this deployment context: a pipeline
running on multi-view-friendly hardware may default to view-invariant reconstruction, a
pipeline with limited view-acquisition capability may rely primarily on Image-to-3D models,
and many systems benefit from per-input selection across both regimes.

2.3 Model Routing for Large Language Models
Exhaustively querying every reconstruction model for each input is computationally in-
tractable, inspiring a routing function that selects a single model per input. To the best of
our knowledge, routing has not been explored for 3D reconstruction; however, it has emerged
as an active research area for Large Language Models (LLMs), where LLMs with complemen-
tary strengths motivate per-query selection. Early routing approaches focused on learning
fixed mappings from queries to models. ZOOTER [26] trains a lightweight router through
knowledge distillation from a reward model. To mitigate noise in per-query reward estimates,
ZOOTER introduces a tag-based label enhancement procedure that smooths each per-query
score towards the average score within its category (e.g . math problems, creative writing),
under the assumption that model rankings are influenced by both the stable prompt category
and noisy individual query features. RouterDC [27] learns per-model embeddings using dual
contrastive losses: a sample-LLM loss that aligns queries with high-performing models while
repelling them from poor-performing ones, and a sample-sample loss that clusters similar
queries with the purpose of improving training stability. Both methods achieve strong routing
performance, yet they train under a fixed cost function, preventing a user from weighting cost
versus accuracy differently at inference time without retraining. Subsequent work addressed
this limitation through the development of routers capable of operating across arbitrary
cost functions at inference time. RouterBench [28] introduces standardized baselines and
evaluation metrics — including Average Improvement in Quality (AIQ) and deferral curves
— for routers that are able to adjust their behavior based on user-specified cost constraints.
RouteLLM [29] learns binary routers using matrix factorization over query embeddings
and learnable per-model embeddings, supporting different cost-performance preferences via a
tunable threshold. Li [30] systematically compares non-parametric and parametric routing
approaches, finding that a well-tuned k-Nearest Neighbors approach matches or outperforms
more complex learned methods, attributing the improved performance to locality properties
in embedding spaces. These findings inform our choice of baselines in Chapter 5. While the
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LLM routing literature provides useful conceptual scaffolding, it does not directly transfer to
3D reconstruction due to important structural differences between the two. We discuss these
distinctions formally in Chapter 3.

2.4 Reconstruction-Based Manipulation Pipelines
A large number of manipulation pipelines treat 3D reconstruction as a core perception module,
using the reconstructed mesh to plan grasps, simulate contact, or condition downstream
policies. SceneComplete [17] reconstructs complete, segmented 3D models of cluttered
scenes from a single RGB-D view, producing meshes that support downstream grasp planning.
ZeroGrasp [19] jointly predicts 3D reconstructions and 6-DoF grasp poses from a single
RGB-D image, using the reconstructed shape to refine grasp poses. RoboTwin [42] generates
simulation-ready object meshes from single 2D images via 3D generative foundation models,
which are then used to pre-train dual-arm manipulation policies. ManiTwin [43] produces
3D assets annotated for manipulation from single images, supporting large-scale policy
learning across diverse object categories. SuperQ-GRASP [40] builds object meshes from
a multi-view RGB scan via a NeRF-based reconstruction step and decomposes the mesh
into superquadric primitives, which are then used for grasp pose estimation. YOSO [41]
introduces a pipeline in which a robotic arm scans the workspace from multiple viewpoints,
reconstructs per-object meshes from the captured RGB-D images, and merges these meshes
with the initial partial point cloud of the scene to ultimately predict grasps. Each of these
systems commits to a single reconstruction approach upfront. Further, recent empirical
evaluation by Nolte et al. [13] examines whether current single-view reconstruction methods
are suitable for robotic manipulation, concluding that current Image-to-3D models fail to
meet robotics-specific requirements in their evaluation.

Choosing a single reconstruction approach exposes the downstream pipeline to two related
vulnerabilities. The first is a robustness concern: when the chosen reconstruction approach
fails on a particular input—producing an inaccurate mesh due to viewpoint, texture, or
category bias—the downstream task inherits that failure. The second is an efficiency concern:
Image-to-3D models impose latency and memory costs that may exceed the budget of a
real-time deployment, and multi-view methods impose view-acquisition costs. Per-input
model routing addresses both concerns simultaneously: by selecting models per-input under
user-specified cost constraints, the manipulation pipeline can avoid systematic exposure to any
single model’s failure modes while allocating computational and view-acquisition resources
only when input difficulty warrants it. To the best of our knowledge, this combination of
input-aware routing for robustness and efficiency in reconstruction-based manipulation has
not previously been pursued. The remainder of this thesis develops a framework designed to
realize this capability.
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Chapter 3

Problem Formulation

This chapter formalizes the model routing problem for 3D reconstruction. We define the
routing objective, specify the structure of scores and costs, and outline how a router is
evaluated. We then contrast our model routing setting for reconstruction methods with a
setting for routing LLMs, which differs in important structural ways.

3.1 Setup
Let M = {m1, . . . ,mk} denote a set of k candidate 3D reconstruction models, each producing
a mesh from an input image x ∈ X taken from the current robot viewpoint. Given x, we seek
to select a model m̂ ∈ M whose reconstruction is most useful for the downstream task under
user-specified resource constraints. The routing problem is characterized by two functions:

• A score function s : X×M → R that measures the quality of model m’s reconstruction
on input x, where higher values indicate better quality. The score function is metric-
specific: for any choice of mesh-quality metric or intrinsic mesh property (e.g ., IoU,
Chamfer distance, DCD, or Eval3D structural soundness), s is the negated or normalized
form of that metric so that higher values consistently indicate better quality. The
specific metrics evaluated in this thesis are described in Section 5.1.3.

• An image-independent cost function c : M → R≥0 that captures a user-specified
penalty for each model. The cost function is expressed in the same units as the score,
so that the utility u = s− c is dimensionally consistent. In practice, the user specifies
c by translating raw operational costs (e.g ., latency, memory, energy) into a single
per-model penalty that reflects their deployment priorities.

A router h is a function that takes an input image x and a cost function c, and outputs
a selected model m̂ = h(x, c). The router’s goal is to maximize the utility of its selection,
defined as the cost-adjusted score of the chosen model:

u(x, m̂; c) = s(x, m̂)− c(m̂).

We assume access to a training dataset Dtrain = {(x(i), s(i))}ni=1 of input-score pairs, where
s(i) ∈ Rk denotes the vector of reconstruction scores s(x(i),mj) for j ∈ [k]. The router h is
learned from Dtrain and evaluated on a held-out set of inputs at inference time.
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3.2 Score and Cost functions
Score function. The score function s(x,m) measures reconstruction quality with respect
to a single chosen mesh-quality metric. In practice, the score is either computed against
a ground-truth mesh using one of several mesh-quality metrics, such as Chamfer distance
variants or IoU, or is computed solely from properties of the generated mesh using metrics from
Eval3D [35]. Different metrics lead to different optimal routing decisions: IoU is volume-based
and strongly penalizes hollow geometry, whereas Chamfer-based metrics measure surface
correspondences, and different downstream manipulation tasks may favor distinct quality
criteria. For instance, a renderer may prefer structurally sound meshes as measured by
Eval3D-struct, while a contact-rich dexterous task may prefer fine surface detail as measured
by Density-aware Chamfer Distance (DCD) [34]. We therefore do not commit the framework
to a single metric. A separate routing model is trained for each metric, and the user selects
the metric at training time based on the downstream task. The framework’s contribution is
learning an effective router for any chosen metric, not learning to predict multiple metrics
jointly.

Cost function. The cost function c(m) encodes user preferences over per-model costs.
Examples of relevant cost dimensions include inference latency, peak memory usage, monetary
expense (for paid APIs), and energy consumption. Robotics deployments often face multiple
simultaneous resource constraints — a robot operating on edge hardware may need to penalize
both latency and memory, while a cloud-deployed pipeline may primarily care about monetary
cost.

The cost function c is specified at inference time and is not needed during training,
ensuring that the routing framework supports arbitrary user-specified cost penalizations
without requiring retraining. This allows a single trained router to serve a robot prioritizing
latency, a robot prioritizing memory, or any weighted combination of the two. Such flexibility
is essential for deployment scenarios where cost preferences vary across robots, tasks, or
even temporally within a single deployment (e.g ., switching between high-throughput and
low-power modes).

Beyond representing soft preferences, costs can also encode hard feasibility constraints.
Setting c(mj) = ∞ effectively excludes model mj from consideration, which is useful when a
model’s resource demands exceed the robot’s available budget (e.g ., a model that requires
more GPU memory than the robot has) or when kinematic limitations make view-invariant
methods infeasible. The router’s behavior under such constraints should degrade gracefully:
when a preferred model is infeasible, the router should select the next-best feasible alternative
rather than fail.

3.3 Routing objective
The router’s selection on input x under the cost function c is h(x, c). We define the oracle as
the router that has access to the ground-truth scores s(i) and selects

m∗(x, c) = arg max
m∈M

(
s(x,m)− c(m)

)
.
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The oracle represents an upper bound on what any router can achieve. Following standard
practice in utility evaluation [28,30], we evaluate a router by its expected regret relative to
the oracle on a held-out set of n examples:

R(h; c) =
1

n

n∑
i=1

[
max
m∈M

(
s(x(i),m)− c(m)

)
−
(
s(x(i), h(x(i), c))− c(h(x(i), c))

)]
. (3.1)

Lower regret indicates a better router. Reporting regret rather than absolute utility serves
two purposes. First, it normalizes performance to the oracle, allowing comparison across
different cost functions, datasets, and quality metrics. Second, it weighs routing mistakes by
their severity. To illustrate, choosing a slightly suboptimal model when two models perform
nearly identically incurs small regret, whereas choosing a substantially worse model incurs
large regret. This makes regret a more informative signal than selection accuracy, which
would treat both cases as equivalent errors.

3.4 Comparison with LLM Routing
Model routing has been studied extensively for Large Language Models (LLMs), with several
methods proposed to select among the many frontier LLMs based on input properties [26–30].
Prior work [30] formalizes the most general LLM routing problem as maximizing the following
objective for a user-defined scalar λ and specific cost function cAPI that represents API costs:

m∗ = arg max
m∈M

s(x,m)− λ · cAPI(x,m).

Our formulation differs in three ways: the dependence of c on just m rather than on both
x and m, the need to be robust to arbitrary cost functions c rather than just the single
API-pricing-based cost function, and the composition of the model pool M. We discuss each
in turn.

Input-independent costs. In the LLM setting, inference cost is a function of the
number of input and output tokens [44], both of which depend on the input prompt. The cost
function therefore depends on both the input prompt and the queried model. In contrast, 3D
reconstruction models typically employ architectures with fixed computational graphs (e.g .,
pure feed-forward [7] or fixed-step diffusion pipelines [9]), resulting in a constant inference
cost regardless of the input. Even when this does not hold exactly, the approximation
c(x,m) ≈ c(m) remains valid in practice and is adopted in several LLM routing works as
well [28,30]. This simplification allows the cost function to be specified without requiring
online per-input cost estimation.

Multi-dimensional cost structures. The LLM routing problem originated from
selecting between paid API endpoints, where costs are naturally expressed in dollars per API
call. Routing between 3D reconstruction models in robotics requires a more task-specific and
often multi-dimensional cost structure. A robot may simultaneously care about inference
latency and peak memory usage, and depending on the constraints of the robot task, one
of these factors may carry more weight in some runs and less weight in others. Further,
the cost structure can be considerably more complex in practice: in some applications, a
robot may assign a cost of ∞ to models exceeding its memory budget, resulting in a binary
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feasibility constraint. We therefore argue that a routing framework for 3D reconstruction
must be robust to any cost function c, whereas a routing framework for LLMs only needs to
be robust to the cost function representing API pricing.

Heterogeneous model pool. LLM routing considers only generative language models,
which form a relatively homogeneous pool: each model takes a text prompt and produces a
text response. The 3D reconstruction model pool is structurally more diverse. Viewpoint-
dependent models, such as Image-to-3D models, produce scores that depend on both the
model itself and the input image representing the initial robot view as a frontal view can yield
far worse reconstructions than a corner view of the same object. View-invariant methods
aggregate information across multiple captured viewpoints, so their reconstruction quality
depends on object-level properties rather than on the robot’s initial view. This heterogeneity
in the model pool motivates SCOUT’s architectural design, which we describe in Chapter 4.
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Chapter 4

SCOUT

This chapter develops SCOUT (Score-Conditioned Optimal Utility Targeting), our
routing framework for 3D reconstruction. SCOUT is designed for two properties: (1)
scalability : the learned network’s (Section 4.2) training and performance remain independent
of the view-invariant pool; and (2) flexibility : routing under arbitrary cost functions. The
framework consists of three stages: preprocessing, score decoupling, and utility optimization.

4.1 Preprocessing

Let s(i) = (s
(i)
1 , . . . , s

(i)
k ) denote the vector of reconstruction scores for all k models on input

x(i). We partition this vector into scores for the k1 viewpoint-dependent models and scores
for the k2 view-invariant models, such that

s(i) ≡
[
s
(i)
dep, s

(i)
inv

]
with s

(i)
dep ∈ Rk1 , s(i)inv ∈ Rk2 , and k1 + k2 = k. This partition reflects the structural distinction

discussed in Chapter 3: viewpoint-dependent scores depend on the input image, while
view-invariant scores depend on object-level properties rather than the robot’s initial view.

Following ZOOTER [26] and motivated by the variance in reconstruction quality across
different object categories, we apply tag-based score smoothing to s

(i)
dep. We group objects into

semantic categories using a tagger T : X → tag and define the tag-averaged scores sT (x(i)) as
the mean of s(i)dep over all training examples assigned to the same tag as x(i). The tag set is
constructed once per dataset by hierarchically prompting a vision-language model to propose
a small set of semantically meaningful object categories from the training images, after which
the same model assigns each input to one of these categories (or to “other” if none apply).
The smoothed scores are

s̃
(i)
dep = βs

(i)
dep + (1− β)sT (x(i)),

where β ∈ [0, 1] is a hyperparameter that controls the degree of smoothing. Smoothing is
applied only when learning relative model performance, as described in Section 4.2. The final
recovered scores aim to estimate the original unsmoothed values s

(i)
dep, which are needed for

comparison with s
(i)
inv.
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4.2 Score Decoupling

Given the smoothed scores s̃
(i)
dep, we now define the main technical contribution of SCOUT:

decoupling the predicted scores into two interpretable components: (1) the relative perfor-
mance of the viewpoint-dependent models, represented by a learned probability distribution
p̂, and (2) the difficulty of the input image, estimated by a scalar partition function ẑ. This
decoupling preserves the relative utilities among viewpoint-dependent models while enabling
direct comparison with view-invariant scores sinv.

The smoothed scores s̃
(i)
dep can be predicted using several possible training objectives,

including MSE directly with the smoothed scores or KL divergence on the softmax distribution
of the smoothed scores. We use the KL divergence formulation given that an easy input image
(e.g ., a corner view) tends to yield high scores across all viewpoint-dependent models, while
a hard image (e.g ., a frontal view) tends to yield low scores. A direct regression objective
such as MSE treats these absolute score values as the learning target, whereas KL divergence
operates on the relative performance of viewpoint-dependent models by normalizing out the
image difficulty. This is precisely why decoupling is necessary: KL divergence factors out
image difficulty only when all models in the softmax share the same difficulty-induced offset,
which holds for viewpoint-dependent models, but not for view-invariant methods as seen in
Figure 4.1.

For each input image, we convert the smoothed scores into a probability distribution via
the softmax with temperature T :

p
(i)
j =

es̃
(i)
dep,j/T∑k1

m=1 e
s̃
(i)
dep,m/T

,

and train a neural network to map images x into predictions p̂ ∈ Rk1 by minimizing the KL
divergence.

Recovering the unsmoothed scores from p̂ requires estimation of a partition function. We
define

z(i) =

k1∑
m=1

es
(i)
dep,m/T

over the original unsmoothed scores, giving us T · ln(p̂(i)j · z(i)) as an approximation for s(i)dep,j.
If only viewpoint-dependent models were present, T · ln(p̂) could be used directly for utility
optimization, as all scores across each model for input x(i) would be offset by the same
constant T · ln(z(i)). However, given that viewpoint-dependent scores must be compared
against the view-invariant scores sinv as well, an estimate of ẑ (as defined above) is required
to recover absolute score values.

We learn ẑ via a second supervised model that takes x as input. Since the scores are
noisy, we use per-model proxies

z̃
(i)
j =

es
(i)
dep,j/T

p̂
(i)
j

rather than using z(i) directly. Although p̂ is trained on the softmax of smoothed scores, the
recovered scores ŝ(x(i),mj) = T ·ln(p̂(i)j · ẑ(i)) are intended to approximate the true unsmoothed
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Figure 4.1: InstantMesh and TripoSR (viewpoint-dependent) produce high-quality reconstruc-
tions on the easy input (top) and degraded reconstructions on the hard input (bottom)—their
scores share a common difficulty-induced offset. NeuS2 (view-invariant) captures its own
views during reconstruction, so the quality of its produced mesh is uncorrelated with the
input image’s difficulty. A single softmax over all three models would conflate these two
regimes; decoupling separates them.

scores s
(i)
dep,j. The proxy construction above ensures this targeting by design as

T · ln
(
p̂
(i)
j · z̃(i)j

)
= T · ln

(
p̂
(i)
j · e

s
(i)
dep,j/T

p̂
(i)
j

)
= s

(i)
dep,j.

The intent of smoothing is to minimize noise in the training targets for p̂ in order to
produce more accurate predictions of relative model performance. However, the smoothed
scores s̃

(i)
dep themselves are not the quantities that we aim to actually recover. Smoothing is

not applied during the construction of the proxy targets for ẑ as ẑ must capture the absolute
difficulty of each individual input image, and smoothing suppresses this per-image variation
through the blending of scores towards the category averages. This setup ensures that each
proxy recovers exactly the true score for model j, regardless of what p̂

(i)
j was trained on, as

the proxy is derived directly from the true scores. This yields k1 proxies for z(i), which will
then be combined into a single estimate, since all viewpoint-dependent scores are offset by
the same constant T · ln(z).
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The optimal combination for a target representation of z is a weighted average:

z̃(i) =

k1∑
j=1

wj z̃
(i)
j , wj ∝

1

S2
j (1−R2

j )Ei

[
z4

e2sdep,j/T

] (4.1)

where R2
j is the coefficient of determination of the predicted probabilities p̂j relative to the

true values pj for model mj , and S2
j = Var[p̂j ]. The complete derivation, based on minimizing

the variance of the combined estimator under a noise model on p̂, is presented in Section 4.4
at the end of this chapter. The resulting z̃(i) values serve as regression targets for the second
supervised model that produces ẑ.

The derived equation weights model j according to two main features. It downweights
model j when (i) its predicted probabilities p̂j are noisy (large S2

j (1 − R2
j )), or (ii) its

true probability is frequently low, making the proxy z̃
(i)
j a higher-variance estimate of z(i).

We compare this weighting against three natural alternatives: the ground-truth z(i), equal
weighting, and one-hot weighting (z̃(i) = z̃

(i)
j∗ where j∗ = argmaxj wj), and find that the

derived weights improve upon all alternatives across the majority of evaluation metrics
(Section 5.4.2).

4.3 Utility Optimization
Given the predicted probability distribution p̂ and the estimated partition function ẑ, the
optimal reconstruction model is defined as m̂ = argmaxmj∈M ŝ(x,mj) − c(mj), where the
estimated score is defined as

ŝ(x,mj) =

T · ln (p̂j · ẑ) , if j ≤ k1,

ŝinv(mj), if k1 < j ≤ k.

To learn ŝinv(mj), we use simple input features such as the mean score within each input’s
tag-based category, capturing object-level priors, or linear regression on a feature embedding
of the input image, capturing image-level properties such as texture and reflectance (further
elaborated in Section 5.1.4).

Further, in contrast to the decoupling, applying the softmax over the full score vector
s(i), including view-invariant scores, would couple the learned distribution to k2, resulting in
degraded performance as the number of view-invariant methods increases, as demonstrated
in Figure 4.2.

4.4 Derivation of Optimal Weights
This section derives the optimal weights used in Equation (4.1). For brevity, we refer to
sdep,j as just sj for the remainder of this section. The goal is to derive global inverse-variance
weights for combining k1 estimators of the partition function. Each method j ∈ {1, . . . , k1}
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Figure 4.2: Effect of the number of view-invariant methods on routing performance when eval-
uated on viewpoint-dependent methods. With decoupling, regret over viewpoint-dependent
models remains constant regardless of how many view-invariant methods are included during
training. Without decoupling, regret increases as the number of view-invariant methods
grows.

produces, for data point i, the estimate

z̃
(i)
j =

es
(i)
j /T

p̂
(i)
j

, (4.2)

and we seek weights wj, independent of i, for the combined estimate

z̃(i) =

k1∑
j=1

wj z̃
(i)
j . (4.3)

4.4.1 Assumptions

A1. Error model: For each method j and data point i, p̂(i)j = p∗j
(i) + ϵ

(i)
j , where p∗j

(i) is the
true (fixed) probability and ϵ

(i)
j is random noise with Eϵ[ϵ

(i)
j ] = 0 and Varϵ[ϵ

(i)
j ] = σ2

j .
The noise variance σ2

j is a property of method j alone and does not depend on i.

A2. Small noise: |ϵ(i)j | ≪ p∗j
(i) for all j, i.

A3. Uncorrelated methods: Covϵ[ϵ
(i)
j , ϵ

(i)
k ] = 0 for j ̸= k.

A4. Consistency: All methods estimate the same true quantity: z(i) ≡ es
(i)
j /T

/
p∗j

(i) is
independent of j.
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A5. Noise-signal independence: ϵ
(i)
j is independent of p∗j (i) across data points; i.e., the

estimation error does not depend on the true probability.

Here Eϵ and Varϵ denote expectation and variance over estimation noise at fixed i; all
other quantities are deterministic for a given i.

4.4.2 Global weight optimization

Fixing a data point i and expanding Equation 4.2 to first order in ϵ
(i)
j /p∗j

(i):

z̃
(i)
j =

es
(i)
j /T

p∗j
(i) + ϵ

(i)
j

≈ z(i) − z(i)

p∗j
(i)

ϵ
(i)
j . (4.4)

Hence

Varϵ[z̃
(i)
j ] =

(
z(i)

p∗j
(i)

)2

σ2
j . (4.5)

Substituting p∗j
(i) = es

(i)
j /T/z(i) from A4:

τ
2,(i)
j ≡ Varϵ[z̃

(i)
j ] =

(z(i))4

e2s
(i)
j /T

· σ2
j . (4.6)

Inserting Equation 4.4 into Equation 4.3:

z̃(i) − z(i) ≈ −
∑
j

wj
z(i)

p∗j
(i)

ϵ
(i)
j .

Taking the variance over the joint noise {ϵ(i)j }j and using A3:

Varϵ[z̃
(i)] =

∑
j

w2
j τ

2,(i)
j . (4.7)

The quantity in Equation 4.7 depends on i through τ
2,(i)
j . Since we seek weights independent

of i, we minimize the variance averaged over data points:

J(w) = Ei

[
Varϵ[z̃

(i)]
]

= Ei

[∑
j

w2
j τ

2,(i)
j

]
=
∑
j

w2
j Ei[τ

2,(i)
j ]

≡
∑
j

w2
j τ̄

2
j .

(4.8)

Substituting Equation 4.6:

τ̄ 2
j = σ2

j Ei

[
(z(i))4

e2s
(i)
j /T

]
.
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We minimize Equation 4.8 subject to
∑

j wj = 1. The Lagrangian is

L =
∑
j

w2
j τ̄

2
j − λ

(∑
j

wj − 1

)
.

Setting ∂L/∂wj = 2wj τ̄
2
j − λ = 0 gives wj = λ/(2τ̄ 2

j ). Substituting into the constraint:

∑
j

λ

2τ̄ 2
j

= 1 =⇒ λ =
2∑

k 1/τ̄
2
k

.

The Hessian of L restricted to the constraint surface has diagonal entries 2τ̄ 2
j > 0, confirming

this is a minimum. The optimal global weights are

wj =
1/τ̄ 2

j∑
k 1/τ̄

2
k

∝ 1

τ̄ 2
j

=
1

σ2
j Ei

[
(z(i))4

e2s
(i)
j /T

] . (4.9)

4.4.3 Estimation of σ2
j

It remains to estimate the noise variance σ2
j from data. Define the following quantities

computed across data points:

S2
j ≡ Vari[p̂

(i)
j ], R2

j ≡ Corri[p
∗
j
(i), p̂

(i)
j ]2.

Using the error model p̂(i)j = p∗j
(i)+ϵ

(i)
j , the independence assumption A5 gives Covi[p∗j , ϵj ] = 0,

and since σ2
j is constant across i (A1), we have:

S2
j = Vari[p

∗
j
(i) + ϵ

(i)
j ] = Vari[p

∗
j
(i)] + σ2

j . (4.10)

Using Covi[p
∗
j , p̂j] = Covi[p

∗
j , p

∗
j + ϵj] = Vari[p

∗
j ], we find:

R2
j =

Covi[p
∗
j , p̂j]

2

Vari[p∗j ] · S2
j

=
Vari[p

∗
j ]

2

Vari[p∗j ] · S2
j

=
Vari[p

∗
j ]

S2
j

.

Substituting Vari[p
∗
j
(i)] = R2

jS
2
j into Equation 4.10:

σ2
j = S2

j (1−R2
j ). (4.11)

Substituting Equation 4.11 back into Equation 4.9 gives the form used in Equation 4.1,
completing the derivation.
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Chapter 5

Experiments

We evaluate SCOUT across two axes: routing performance against adapted baselines on
benchmark datasets (Section 5.2), and downstream impact on robotic manipulation tasks
(Section 5.3). We additionally validate the design choices in SCOUT through ablations
(Section 5.4) and analyze what the learned router has captured (Section 5.5).

5.1 Experimental Setup

5.1.1 Mesh Reconstruction Models

We evaluate SCOUT with eight reconstruction models. Four are viewpoint-dependent Image-
to-3D models selected for architectural diversity: TripoSR [7], InstantMesh [9], Hunyuan3D
2.0 [12], and TRELLIS [11]. Three are view-invariant methods covering Gaussian (2DGS [23]),
NeRF (NeRF2Mesh [21]), and SDF (NeuS2 [22]) representations. The eighth option is skip,
which bypasses reconstruction with a fixed default score for time-sensitive settings. Skip is
also considered a view-invariant method as the reconstruction score is independent of the
initial robot view. We refer to Sections 2.1 and 2.2 for detailed descriptions of each model.

5.1.2 Datasets

We evaluate on two datasets that capture complementary regimes of single-image reconstruc-
tion difficulty.

Google Scanned Objects (GSO) [31] provides ground-truth meshes for 1,030 everyday
household objects scanned at high resolution. We render 15,450 images by sampling each object
at multiple viewpoints. The viewpoints of the GSO dataset are chosen to be nondegenerate
by avoiding face-on views that show only a single planar surface. The non-degeneracy of the
images make the image-to-3D problem easier than if we were to capture face-on views.

YCB [33] provides ground-truth meshes for manipulation-relevant objects (cans, cups,
tools, food packaging). We chose 54 of these objects that have corresponding real photographs
from the BigBIRD dataset [32]. We capture each object across multiple viewpoints—often
deliberately face-on—and across three image styles for each viewpoint: real BigBIRD pho-
tographs, flash-lighting renders, and surround-lighting renders. This yields 2,106 images
that probe reconstruction under the harder conditions a robot is likely to face: degenerate
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viewpoints, real-world image artifacts, and varied lighting. We refer to this combined dataset
as BigBIRD +YCB throughout.

5.1.3 Mesh Quality Metrics

The score function s(x,m) in our problem formulation is implemented as a mesh quality metric
that is either computed against the ground-truth mesh or is a property of the reconstructed
mesh itself. Each reconstructed mesh is first registered and scaled into a canonical frame
(described in Section 5.1.8), then scored using one of seven metrics:

• Chamfer L1 and Chamfer L2: bidirectional point-to-point distance between mesh
surfaces, under L1 and L2 norms.

• Density-aware Chamfer Distance (DCD) [34]: a Chamfer variant that downweights
regions where the predicted point density mismatches the ground truth, addressing
Chamfer’s sensitivity to outliers.

• Intersection over Union (IoU): volumetric overlap between the predicted and
ground-truth meshes.

• Earth Movers Distance-Maximum Mean Discrepancy (MMD-EMD): an
approximate optimal transport distance between point sets sampled from the predicted
and ground-truth meshes [45,46].

• Eval3D-geo and Eval3D-struct [35]: geometric and structural metrics from the
Eval3D benchmark, which capture the plausibility of the reconstructed mesh.

For all metrics, we negate the values where needed so that higher is better, conforming to
the convention s(x,m) ∈ R, with higher values indicating better reconstruction.

5.1.4 Predicting Scores for View-Invariant Methods

The view-invariant scores sj for mj ∈ Minv enter the SCOUT optimization (Section 4.3) as
inputs and must be predicted for comparison with the scores estimated for the viewpoint-
dependent reconstruction methods. We considered two candidate predictors and selected
between them per metric based on validation performance:

• Linear regression on image embeddings. A ridge regression model maps the image
embedding directly to each view-invariant model’s score. This predictor is well-suited
to metrics where score variation reflects learnable texture or geometric properties of
the input.

• Category-based means. For each object category in the training set, we compute
the mean score of each view-invariant model and use this as the predicted score for
novel objects in that category. This predictor exploits object priors and assumes that
within-category score variation is small or random.
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Linear regression was selected for GSO DCD as well as for BigBIRD + YCB Chamfer L2
and MMD-EMD. Category-based means were selected for the remaining five BigBIRD + YCB
metrics. The selection pattern reflects a structural property of view-invariant reconstruction:
because these methods capture multiple views of the object during reconstruction (Section 2.2),
their output quality is largely independent of any single input view, resulting in the score
distribution often having less learnable variation than the that of the score distribution of
the viewpoint-dependent methods.

Within an object category, view-invariant scores still exhibit variance across individual
objects. This within-category variance arises from two distinct sources. The first is random
mesh-optimization artifacts — small surface noise, occasional spurious holes — which are
often unlearnable from the input image. The second is systematic image-conditional signal
arising from object properties that affect reconstruction, such as surface color, reflectance, or
texture. The relative contribution of these two sources varies by metric and dataset, and the
appropriate predictor follows accordingly. When within-category variance is dominated by
artifacts, linear regression on image features adds noise rather than signal, and the category-
based mean is the better unbiased predictor. When within-category variance contains
exploitable image-conditional signal—for example, the GSO dataset contains both untextured
black shoes and multi-colored bright shoes, whose material differences systematically affect
view-invariant reconstruction quality—linear regression on image embeddings can recover
this signal and outperform the category-based mean.

Table 5.1 quantifies this property. For each metric, we compute the within-category mean
absolute deviation (MAD) of each model’s scores, then average across models within each
viewpoint-handling group. Lower MAD indicates that scores are more concentrated within
an object category, which is the regime where category-based means succeed. Across the
seven BigBIRD + YCB metrics, view-invariant scores have lower within-category MAD on five
(DCD, Chamfer,L1, IoU, Eval3D-geo, Eval3D-struct). The two BigBIRD+ YCB exceptions
(Chamfer, L2, MMD-EMD), together with GSO DCD, coincide exactly with the three metrics
for which we selected linear regression. The MAD gap is consistent but modest because
unlearnable random noise (such as randomly produced internal artifacts) places a floor on
how concentrated scores can be within a category.

5.1.5 Cost Families for Evaluations

A central design property of SCOUT is support for arbitrary cost functions c at inference
time. Let Mdep ⊆ M denote the set of viewpoint-dependent models and Minv ⊆ M the set
of view-invariant methods, so that M = Mdep ∪Minv. We evaluate over five cost regimes
that capture distinct deployment scenarios.

Viewpoint-dependent-only zero-cost function:

cview, no-cost(m) =

{
0 m ∈ Mdep

∞ m ∈ Minv

Viewpoint-dependent models incur no cost while view-invariant methods are excluded entirely.
This regime enables direct comparison with ZOOTER and RouterDC, which do not support
varying costs at inference time.
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Dataset Metric View-dep. MAD View-inv. MAD Ratio (dep/inv)

GSO DCD 0.0622 0.0884 0.70

BigBIRD+YCB DCD 0.0850 0.0508 1.67
BigBIRD+YCB Chamfer L2 0.0461 0.0827 0.56
BigBIRD+YCB Chamfer L1 0.0526 0.0411 1.28
BigBIRD+YCB IoU 0.1837 0.1254 1.47
BigBIRD+YCB MMD-EMD 0.0255 0.0297 0.86
BigBIRD+YCB Eval3D-geo 0.0527 0.0376 1.40
BigBIRD+YCB Eval3D-struct 0.0823 0.0656 1.25

Table 5.1: Within-category mean absolute deviation (MAD) of scores for the two viewpoint-
handling groups. For each metric, we group (model, view) pairs by object category, compute
the MAD around the per-category mean within each category, weight-average across categories
by category size, and average across models in each group. A ratio > 1 (bold) indicates that
view-dependent scores are more spread within category than view-invariant scores.

Zero cost function:
cno-cost(m) = 0, ∀m ∈ M

The router selects purely on quality, with no penalization of any model. This regime tests
pure routing accuracy, independent of cost-quality tradeoffs. This regime also enables direct
comparison with ZOOTER and RouterDC.

Full cost-function family C: a family of cost functions where each model mj is assigned
a cost drawn from a model-specific interval. Define

[aj, bj] =

[
P75,j −min

j′
(IQRj′), P75,j

]
,

where P75,j and IQRj are the 75th percentile and interquartile range of model mj’s scores.
The family C is then the set of all cost functions c : M → R≥0 such that

c(mj) ∈ [aj, bj] for every mj ∈ M.

The intervals [aj, bj ] are chosen to keep all models in comparable utility ranges, ensuring that
no single model is strictly dominant under typical cost functions and forcing the router to
make non-trivial routing decisions. We exclude the skip model when computing minj′(IQRj′),
since its fixed score yields a zero interquartile range.

Viewpoint-dependent-only cost-function family Cdep: the analogous family in which
view-invariant models are excluded. Specifically,

Cdep = {c : M → R≥0 ∪ {∞} | c(mj) ∈ [aj, bj] for mj ∈ Mdep, c(mj) = ∞ for mj ∈ Minv} .

This combines the multi-dimensional structure of C with the exclusion of view-invariant
methods.

One-dimensional cost families: for comparison with the LLM routing setting, we
additionally evaluate over three families of cost functions, each defined by scaling a fixed cost
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function by a scalar λ ≥ 0. Specifically, given a fixed cost function cfixed : M → R≥0, the
corresponding one-dimensional family is

Ccfixed = {λ · cfixed | λ ∈ R≥0} .

The scalar λ parametrizes the cost-quality tradeoff: λ = 0 recovers the zero cost function (pure
quality), while increasing λ progressively penalizes expensive models. We evaluate three such
families, defined by three choices of cfixed: latency-only (clatency(m) = latency(m)), memory-
only (cmemory(m) = memory(m)), and the per-model product of latency and memory, corre-
sponding to memory-time occupancy in GB·s (clatency×memory(m) = latency(m) ·memory(m)).
The specific latency and memory values used to construct these families are given in Sec-
tion 5.1.8.

5.1.6 Baselines

To the best of our knowledge, no prior routing methods exist for 3D reconstruction. We
therefore implement baselines based on LLM routing approaches. All baselines and SCOUT
share the same pretrained image features (described in Section 5.1.8) for fair comparison.

Input-agnostic baseline. Selects argmaxmj
s̄(mj)− c(mj) using each model’s training-

set mean score s̄(mj), ignoring the input image entirely. This baseline isolates whether
per-input selection helps over a fixed model preference. We report all routing results relative
to the input-agnostic baseline’s regret, allowing comparison across cost function regimes and
quality metrics.

ZOOTER [26]. Trains a router via knowledge distillation from a reward model with
tag-based label enhancement, as discussed in Section 2.3. ZOOTER does not natively support
varying the cost function at inference time, so it can only be evaluated on the zero-cost
regimes cno-cost and cview, no-cost.

RouterDC [27]. Learns per-model embeddings using dual contrastive losses. Like
ZOOTER, RouterDC does not support varying the cost function at inference and is restricted
to the zero-cost regimes.

MLP. A multi-layer perceptron baseline from RouterBench [28] that predicts per-model
utilities directly from image features. This baseline supports arbitrary cost functions at
inference.

Matrix factorization (MF). A matrix factorization baseline based on RouteLLM [29]
that learns low-rank query-model interactions. This baseline supports arbitrary cost functions
at inference.

k-Nearest Neighbors (kNN). The non-parametric baseline shown by Li [30] to outper-
form more complex learned routers in LLM routing. Predicts model utilities by averaging
over the k nearest training queries in image-feature space. This baseline supports arbitrary
cost functions at inference.

Linear regression (LR). A linear baseline predicting model utilities from image features,
also studied by Li [30]. This baseline supports arbitrary cost functions at inference.

SCOUT without decoupling. SCOUT trained without the score decoupling procedure.
Specifically, the softmax target is over the full score vector s(i) including view-invariant
scores, rather than over s

(i)
dep alone. This baseline isolates the contribution of the decoupling

procedure as opposed to the rest of the SCOUT framework.
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Among these baselines, ZOOTER is the closest to SCOUT in design philosophy. The key
methodological difference is SCOUT’s decoupling, which better captures the heterogeneous
model pool and allows for arbitrary cost functions at inference. ZOOTER extended to
support arbitrary cost functions through utility optimization is equivalent to SCOUT without
decoupling.

5.1.7 Evaluation Metrics

Following standard practice in routing evaluation [28,30], we report regret as defined in
Equation 3.1: the expected utility gap between the router’s selection and the oracle’s
selection, averaged over a held-out evaluation set. Lower regret indicates a better router. We
report all regrets as a proportion of the input-agnostic baseline’s regret on the same cost
regime and metric, which normalizes across datasets and mesh quality metrics.

For multi-dimensional cost families, we evaluate over a large number of cost functions that
sweep over the cost family and report the average regret. For one-dimensional cost families,
we sweep λ over a range and report two summary metrics adapted from RouterBench [28]:
the deferral curve, which plots achieved utility against total cost allocation; and the Average
Improvement in Quality (AIQ). By sweeping λ, we obtain different achieved utilities at
different total cost allocations, from which we can construct a Pareto frontier (Qh(c)) as
shown in Fig. 5.3 which represents the deferral curve. The AIQ is then defined as:

AIQ(h) =
1

cmax − cmin

∫ cmax

cmin

Qh dc.

For these metrics prescribed by RouterBench, we additionally include the Zero router
baseline [28], which randomly samples routers at a given total cost allocation to trace out
the non-decreasing convex hull.

5.1.8 Implementation Details

Probability network p̂. A feedforward neural network with two hidden layers of 128
units each, ReLU activations, and dropout p = 0.2, trained with KL divergence loss using
Adam (learning rate 10−4, weight decay 10−4) with a batch size 128 for 15 epochs. The same
architecture is used for all baselines that learn an MLP, ensuring a fair comparison.

Tag-based smoothing and softmax temperature. For GSO, we use β = 0.7 and a
softmax temperature T = 1.0. For BigBIRD+YCB, the scores are noisier (smaller dataset,
real-image and rendering variation), so we decrease β to 0.5 for stronger smoothing toward
category averages. The softmax temperature T is set per metric to account for differences in
score scale; the per-metric values for BigBIRD+YCB are listed in Table 5.2.

Table 5.2: Softmax temperature T per metric for BigBIRD+YCB.
Metric DCD Chamfer L2 Chamfer L1 IoU MMD-EMD Eval3D-geo Eval3D-struct
T 0.5 0.1 0.1 5.0 0.15 0.1 1.0

Partition function network ẑ. Predicted by ridge regression with regularization
parameter α = 103. The weighting terms R2

j , S2
j , and the expectation in wj from Equation 4.1

are estimated via 5-fold cross-validation over the training set.
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Image features. For both networks (and all baselines), input images are encoded by
concatenating features from four pretrained vision encoders: CLIP ViT-B/32 (512-d) [47],
ResNet-50 (2048-d) [48], ViT-B/16 (768-d) [49], and ConvNeXt-B (1024-d) [50], yielding a
4,352-dimensional input.

Cost values. Latency costs (in seconds): 30 (Hunyuan3D), 10 (InstantMesh), 10
(TRELLIS), 0.5 (TripoSR), 654 (2DGS), 654 (NeRF2Mesh), 330 (NeuS2). Memory costs (in
GB): 6 (Hunyuan3D), 24 (InstantMesh), 16 (TRELLIS), 6 (TripoSR). We omit view-invariant
methods from the memory-based cost families because their inference-time memory usage
differs structurally from Image-to-3D methods (they operate on multi-view captures rather
than producing a single forward pass), making direct comparison less meaningful. The skip
option is also excluded from one-dimensional cost families. Importantly, the routing models
are trained on the full model pool, regardless of which subset is used for evaluation. All values
reflect mesh generation only (excluding texturing) and are based on official documentation [51–
54] when available. Otherwise, they are approximated by experiments, where we observed
similar latency between NeRF2Mesh and 2DGS so we approximated the NeRF2Mesh latency
to equal the latency reported from 2DGS.

Data collection. Ground-truth meshes are obtained from the GSO and YCB datasets.
For GSO, images are rendered at elevation angles {35◦, 45◦, 60◦, 75◦, 85◦} with three azimuth
angles {30◦, 120◦, 210◦} per elevation, producing nondegenerate views. For YCB, images are
captured at elevation angles {5◦, 22.5◦, 45◦, 67.5◦, 90◦} with azimuth angles {0◦, 45◦, 90◦} per
the first four elevations and a single top view at azimuth 45◦ for the 90◦ elevation, producing
many degenerate views. Each YCB viewpoint is captured under three conditions: flash-style
lighting, surround-style lighting, and a real photograph from the BigBIRD dataset. Examples
of degenerate versus nondegenerate views are shown in Figure 5.1 and examples of different
lighting styles are shown in Figure 5.2. Surround-style lighting is typically more challenging
for Image-to-3D models than flash-style lighting, as the lack of shadows removes geometric
cues that aid reconstruction.

(a) Degenerate view showing
only the front face.

(b) Nondegenerate view
revealing full geometry.

(c) Degenerate top-down
view.

Figure 5.1: Degenerate and nondegenerate views of a cracker box.

For Hunyuan3D, we apply a convex decomposition using CoACD [55] (concavity threshold
0.025, 50 MCTS search iterations) between the mesh and texture generation stages to prevent
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(a) Rendered image with
flash-style lighting.

(b) Rendered image with
surround-style lighting.

(c) Real image from
BigBIRD [32].

Figure 5.2: Different lighting conditions for a fixed viewpoint.

the texturing process from taking excessive time. For each of the three view-invariant models
(2DGS, NeRF2Mesh, NeuS2), we generate a single mesh per object using 120 images captured
at elevation angles {35◦, 45◦, 60◦, 75◦, 85◦} with 24 azimuth angles spanning 360◦ per elevation.
We observed minimal difference in reconstruction quality between using 120 images versus
smaller numbers such as 24. The skip option requires no reconstruction since it has a fixed
default score. We use default parameters for all reconstruction pipelines.

Mesh registration and scoring. The ground-truth and reconstructed meshes are
normalized to a common scale by fitting each to a unit sphere centered at the origin using
miniball [56]. We then register each reconstructed mesh to its ground-truth counterpart
via FoundationPose [57] for global registration, followed by DDM [58] for local refinement
(learning rate 2× 10−2, 100 iterations). The seven mesh quality metrics are then computed
on the registered meshes.

Compute and seeds. Hyperparameters were selected on seeds 0–49. All final experiments
were conducted on a single NVIDIA RTX 4090 GPU and averaged over seeds 50–199.

5.2 Routing Performance on Benchmark Datasets
We evaluate SCOUT against the baselines from Section 5.1.6 across the cost regimes and
metrics defined in Sections 5.1.5 and 5.1.3. The evaluation is structured to stress different
aspects of the routing problem: regret across cost regimes on GSO, regret across quality
metrics on BigBIRD + YCB, and routing under one-dimensional cost families that mirror the
LLM routing setting. We then summarize the comparison with the adapted LLM routing
baselines.
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5.2.1 Regret Across Cost Families on GSO

Table 5.3 reports regret on novel objects across four of the cost regimes defined in Section 5.1.5,
with reconstruction quality measured by DCD. These regimes span the full range of routing
scenarios: pure quality-based selection (cno-cost), cost-aware routing over the full model pool
(c ∈ C), and the two viewpoint-dependent-only regimes.

Table 5.3: Regret (↓) as a proportion of the input-agnostic baseline regret across different
cost regimes on the GSO dataset, evaluated by DCD. SCOUT no dc refers to SCOUT (ours)
without decoupling.

Method c ∈ C c ∈ Cdep cno-cost cview, no-cost

ZOOTER N/A N/A 0.6580± 0.0050 0.6769± 0.0039
RouterDC N/A N/A 0.8013± 0.0050 1.0200± 0.0073
MLP 0.7993± 0.0035 0.5819± 0.0025 0.6626± 0.0050 0.7319± 0.0045
MF 0.6870± 0.0055 0.5667± 0.0035 0.7356± 0.0052 0.7584± 0.0080
kNN 0.4917± 0.0021 0.4992± 0.0019 0.6261± 0.0049 0.6489± 0.0033
LR 0.4909± 0.0019 0.5046± 0.0019 0.6361± 0.0046 0.6497± 0.0033
SCOUT no dc 0.5249± 0.0021 0.5146± 0.0019 0.6580± 0.0050 0.6769± 0.0039
SCOUT (ours) 0.4734± 0.0019 0.4810± 0.0019 0.6340± 0.0046 0.6282± 0.0035
Input-agnostic 1.0000 1.0000 1.0000 1.0000

SCOUT achieves statistically significantly lower regret than all baselines in three of the
four cost regimes, and is within the kNN’s error bar on the fourth (cno-cost).

The MLP and MF baselines, both adapted from LLM routing (RouterBench and
RouteLLM respectively), perform substantially worse than the simpler kNN and LR baselines
on this task. This mirrors the finding from Li [30] in the LLM routing setting: simple
non-parametric and linear methods often outperform more elaborate learned routers. SCOUT
and ZOOTER both perform well, even though they are parameterized models. We conjecture
that this arises because the KL divergence loss is more suitable for the routing problem, as
it offsets the input-specific difficulty and instead focuses on learning the relative rankings
between models.

5.2.2 Regret Across Quality Metrics on BigBIRD +YCB

Different downstream manipulation tasks require different reconstruction quality criteria,
as discussed in Section 5.1.3. A useful router should be able to learn from a dataset based
on scores that represent any metric rather than overfitting to a single notion of quality.
Table 5.4 reports regret on BigBIRD+YCB at c ∈ C across all seven quality metrics, with
the ZOOTER and RouterDC rows omitted as they do not support this cost regime.

SCOUT achieves the lowest regret on five of the seven metrics (DCD, IoU, MMD-EMD,
Eval3D-geo, Eval3D-struct), often by substantial margins—notably halving the regret of
the closest baseline on Eval3D-geo. The two Chamfer metrics (Chamfer L1, Chamfer L2)
are the exceptions. For these metrics, all learned routers, including SCOUT, fail to beat
the input-agnostic baseline. This is a consequence of how view-invariant methods produce
reconstructions. 2DGS, NeRF2Mesh, and NeuS2 generate meshes from images that never
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Table 5.4: Regret (↓) as a proportion of the input-agnostic baseline regret for c ∈ C across
multiple quality metrics on BigBIRD + YCB. SCOUT no dc denotes SCOUT (ours) without
decoupling.

Method DCD Chamfer L2 Chamfer L1 IoU MMD-EMD Eval3D-geo Eval3D-struct
MLP 1.0303± 0.0165 15.2150± 2.7605 1.7054± 0.1702 0.7681± 0.0166 1.0942± 0.0514 0.8845± 0.0373 0.8905± 0.0132
MF 1.2078± 0.0175 13.1332± 1.6315 2.2107± 0.1355 0.9076± 0.0149 1.9530± 0.0572 2.7425± 0.1694 1.3766± 0.0319
kNN 0.9282± 0.0167 1.7599± 0.2038 1.0074± 0.0779 0.7474± 0.0143 0.9788± 0.0438 1.1768± 0.1278 0.8522± 0.0185
LR 0.8919± 0.0169 7.8104± 1.2446 1.4418± 0.1288 0.7330± 0.0142 1.0073± 0.0494 0.7511± 0.0384 0.8258± 0.0212
SCOUT no dc 0.9258± 0.0155 10.8840± 1.9624 1.3903± 0.1548 0.6837± 0.0135 0.9678± 0.0502 0.6893± 0.0572 0.8587± 0.0274
SCOUT (ours) 0.8489± 0.0164 6.6110± 0.9977 1.3258± 0.1482 0.6248± 0.0148 0.9146± 0.0358 0.3547± 0.0109 0.8243± 0.0224
Input-agnostic 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

show the bottom of the object, since the supporting surface occludes any view from below.
Consequently, these view-invariant methods produce hollow meshes that often contain interior
artifacts with irregular surfaces that yield extremely noisy Chamfer scores.

Across the remaining five metrics, SCOUT consistently achieves the lowest regret, demon-
strating that it is robust to training and evaluation across different quality metrics.

5.2.3 One-Dimensional Cost Families

The LLM routing literature evaluates routers using one-dimensional cost families via metrics
including the deferral curve and Average Improvement in Quality (AIQ), as discussed in
Section 5.1.7. We evaluate SCOUT under the same setting to enable direct comparison with
the conventions established by RouterBench [28].

We use the three cost families defined in Section 5.1.5: Cclatency , Ccmemory , and Cclatency×memory
,

penalizing inference latency, peak memory, and memory-time occupancy (GB·s) respectively,
each parameterized by a scalar λ ≥ 0 swept over a range of values. ZOOTER and RouterDC
are excluded as they do not support varying λ.

Figure 5.3 shows the deferral curves for the three cost families: Cclatency (left), Ccmemory

(middle), and Cclatency×memory
(right) and Table 5.5 reports AIQ for each method on each cost

family, evaluated on novel GSO objects. SCOUT achieves the highest AIQ across all three
cost families. The magnitude of improvement is consistent with the inter-method differences
reported by RouterBench [28] in the LLM routing setting, where gains between routing
methods are similarly modest.

Table 5.5: AIQ (↑) for one-dimensional cost families on the GSO dataset, evaluated on novel
objects.

Method Latency Memory Latency×Memory
MLP 0.5730± 0.0010 0.8158± 0.0007 0.7756± 0.0007
MF 0.5661± 0.0012 0.8138± 0.0012 0.7722± 0.0012
kNN 0.5772± 0.0010 0.8307± 0.0006 0.7847± 0.0007
LR 0.5774± 0.0010 0.8284± 0.0006 0.7832± 0.0007
SCOUT no dc 0.5763± 0.0010 0.8275± 0.0006 0.7826± 0.0007
SCOUT (ours) 0.5801± 0.0010 0.8348± 0.0006 0.7887± 0.0007
Zero router 0.5539± 0.0008 0.7126± 0.0008 0.6914± 0.0006
Oracle 0.6639± 0.0009 0.9459± 0.0003 0.8813± 0.0005
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(a) Cclatency deferral curve. (b) Ccmemory deferral curve. (c) Cclatency×memory
deferral

curve.

Figure 5.3: Deferral curves for the three cost families Cclatency (left), Ccmemory (middle), and
Cclatency×memory

(right), showing the normalized utility achieved by each routing method as a
function of the imposed cost constraint.

5.2.4 Comparison with Adapted LLM Routing Baselines

Across the three regimes evaluated above, several patterns emerge in the comparison between
SCOUT and the LLM-routing-derived baselines.

ZOOTER and RouterDC are limited to a single fixed cost function. Both methods
learn a fixed per-input model preference during training and cannot recombine that preference
under arbitrary inference-time costs.

MLP and MF underperform simpler baselines. The neural baselines from RouterBench
(MLP) and RouteLLM (MF) perform worse than kNN and LR across most cost families and
metrics. This mirrors the finding from Li [30] in LLM routing, and confirms that the same
pattern holds for 3D reconstruction routing.

kNN and LR are SCOUT’s closest competitors. Across both GSO and BigBIRD + YCB,
the strongest baselines are consistently the simple kNN and LR methods. SCOUT outperforms
both, achieving under half the regret of these baselines for some experiments. SCOUT is
also more efficient: end-to-end training and evaluation on GSO is 8.84× faster than kNN
(minutes vs. seconds) and 1.18× faster than LR. The gap grows with the number of viewpoint-
dependent models since SCOUT’s runtime is effectively independent of k1, while kNN and
LR scale linearly—an advantage that increases as new Image-to-3D models emerge.

SCOUT without decoupling consistently underperforms full SCOUT and often matches
or trails the simpler kNN and LR baselines. The decoupling procedure additionally enables
for strong performance even as more view-invariant methods are added, as seen in Figure 4.2.

5.3 Robotic Manipulation Validation
The benchmark routing results in Section 5.2 establish that SCOUT achieves lower regret than
adapted LLM routing baselines on standard mesh quality metrics. This section validates that
the routing improvements translate to measurable gains on downstream robotic manipulation
tasks, where the ultimate utility of a reconstruction is determined not by mesh-quality scores
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but by whether the robot can actually use the reconstruction to complete a task. We evaluate
across three tasks of increasing complexity: grasp proposal evaluation against ground-truth
meshes (Section 5.3.1), dexterous manipulation in simulation (Section 5.3.2), and real-world
pick-and-place on a Franka Panda robot (Section 5.3.3). Each task is conducted following
the experimental protocol of SceneComplete [17].

5.3.1 Grasp Proposal Evaluation

We first evaluate whether SCOUT’s reconstructions support reliable grasp planning. Specifi-
cally, we generate two-fingered antipodal grasp proposals [59] on each reconstructed mesh
and report two metrics against the ground-truth mesh:

• Grasp collision rate, the fraction of proposed grasps whose gripper geometry intersects
the ground-truth mesh (lower is better)

• Mesh-IoU, the volumetric overlap between the reconstructed and ground-truth meshes
(higher is better)

We evaluate on 10 YCB objects representing a diverse range of geometries.
Table 5.6 reports per-object and mean results. SCOUT is evaluated under two settings:

novel views of known objects (the object was seen from other viewpoints during training)
and novel views of novel objects (the object was not seen during training at all). The latter
is the more demanding setting and the one most representative of deployment, where a robot
must handle objects it has not been trained on.

Table 5.6: Grasp collision rate (↓) / mesh-IoU (↑) across 10 YCB objects, using a two-fingered
gripper. SCOUT is evaluated under two settings: routing over novel views of known objects,
and over novel views and novel objects.

Object Hunyuan3D InstantMesh TRELLIS TripoSR SCOUT (novel obj.) SCOUT (novel view)
Tomato Soup Can 0.7174 / 0.0685 0.0227 / 0.9164 0.3864 / 0.2071 0.6585 / 0.1807 InstantMesh InstantMesh
Cup (vC) 0.0 / 0.4019 0.2273 / 0.1381 0.0 / 0.4372 0.1500 / 0.1487 Hunyuan3D Hunyuan3D
Marble 0.0 / 0.9580 0.0 / 0.7423 0.0 / 0.1464 0.0 / 0.9537 TripoSR TripoSR
Chef Can 0.0 / 0.8543 0.0 / 0.8763 0.0250 / 0.9406 0.1190 / 0.7730 InstantMesh TRELLIS
Potted Meat 0.0 / 0.6589 0.6098 / 0.4604 0.0682 / 0.7573 0.3571 / 0.4632 InstantMesh TRELLIS
Cup (vB) 0.0 / 0.2960 0.0238 / 0.1423 0.1087 / 0.0338 0.3659 / 0.1080 Hunyuan3D Hunyuan3D
Tennis Ball 0.0 / 0.9717 0.0 / 0.9663 0.0 / 0.1525 0.0 / 0.9645 InstantMesh InstantMesh
Brick 0.0652 / 0.2421 0.0652 / 0.2547 0.6136 / 0.0949 0.0 / 0.8334 TripoSR TripoSR
Power Drill 0.0714 / 0.6230 0.0500 / 0.5662 0.2889 / 0.1399 0.3636 / 0.4793 InstantMesh InstantMesh
Spatula 0.0851 / 0.2218 0.0465 / 0.0076 0.0851 / 0.1014 0.0 / 0.0392 InstantMesh Hunyuan3D
Mean 0.0939 / 0.5296 0.1045 / 0.5071 0.1576 / 0.3011 0.2014 / 0.4944 0.0729 / 0.6278 0.0251 / 0.6854

No single model dominates across objects. Specifically, examining the per-object results,
the best-performing reconstruction model varies by object. For example, InstantMesh creates
a mesh with near-zero grasp collisions and 0.9164 mesh-IoU on the tomato soup can but
degrades to a 0.6098 fraction of collisions on the potted meat container. On the other hand,
Hunyuan3D produces a mesh with zero grasp collisions for both cups, but many collisions and
a low IoU for the tomato soup can. TRELLIS is competitive on the chef can but degrades on
the brick. This object-dependent variation in model performance is exactly what motivates
per-input routing: a fixed-model pipeline inherits the worst-case failure modes of its chosen
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model, while a router can avoid those failures by selecting alternative models for the inputs
where they would occur.

Further, SCOUT outperforms choosing any specific, single reconstruction model. On both
the novel-object and novel-view settings, SCOUT achieves the lowest mean collision rate
(0.0729 and 0.0251 respectively) and the highest mean mesh-IoU (0.6278 and 0.6854). The
gap is substantial: the best single-model baseline on grasp collision rate is Hunyuan3D at
0.0939, while the best on mesh-IoU is also Hunyuan3D at 0.5296. SCOUT improves on the
best single-model grasp collision rate by 22% on novel objects and 73% on novel views, with
corresponding gains in mesh-IoU. This confirms that per-input routing translates directly
into measurable downstream gains as the router selects the appropriate model for each object,
avoiding the failure modes that a fixed-model pipeline would inherit.

The right two columns of Table 5.6 show the model that SCOUT actually selected for
each object. The selections track the per-object best-performer pattern visible in the left
columns: SCOUT selects InstantMesh for cans, Hunyuan3D for cups, and TripoSR for the
brick. Each of these selections minimizes the grasp collision rates.

Figure 5.4 illustrates two routing decisions chosen by SCOUT. For a top-down view of
a can, only InstantMesh produces a usable reconstruction, and SCOUT selects it. For a
frontal view of a meat container, SCOUT selects TRELLIS, which reconstructs the object
accurately at a lower latency than Hunyuan3D. These examples show how per-input routing
can simultaneously improve reconstruction quality and reduce computational cost relative to
fixed-model alternatives. Figures 5.5 and 5.6 show the eight remaining objects from Table 5.6.
Across these objects, SCOUT routes to a variety of reconstruction models depending on the
input viewpoint and object, confirming that no single model dominates and that per-input
selection is beneficial.

5.3.2 Dexterous Manipulation in Simulation

While two-fingered grasping requires only that a reconstructed mesh approximate the object’s
outer surface well enough to avoid collisions, dexterous manipulation imposes substantially
stricter requirements. Multi-finger contact placement and force closure depend on local
surface geometry. Consequently, small errors in surface normal or curvature can cause the
grasp to slip or apply incorrect forces. Differences between reconstruction models are therefore
amplified relative to two-fingered grasping, providing a more sensitive test of routing.

We evaluate dexterous manipulation success rate in simulation across five YCB objects,
using a multi-finger gripper with contact-aware grasp synthesis. Table 5.7 reports the success
rate (% of attempts ending with the object grasped and lifted) for each reconstruction model
on each object, along with SCOUT’s selected model and the resulting mean success rate. By
routing per object, SCOUT achieves a mean success rate of 41.6%, outperforming the best
single-model baseline (Hunyuan3D, 35.6%).

5.3.3 Real-World Pick-and-Place on a Franka Panda

To validate the full pipeline end-to-end on a physical robot, we evaluate real-world pick-
and-place success on a Franka Panda robot. For each test object, we capture a single RGB
image, generate a reconstructed mesh using each Image-to-3D model, sample antipodal grasp
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Figure 5.4: Evaluation of grasp proposals on reconstructed meshes for two example inputs.
From left to right: (1) original input image to SCOUT, (2) 3D reconstructions from each model
with the model chosen by SCOUT boxed in green, (3) grasp proposals on the reconstructed
mesh, (4) grasp proposals evaluated on the ground-truth mesh; colliding grasps are shown
in red. SCOUT selects InstantMesh for the top-down can view (where it is the only model
producing a usable reconstruction) and TRELLIS for the frontal meat container view (where
it reconstructs accurately at lower latency than Hunyuan3D).

proposals [59] on the reconstructed mesh, and execute 5 sampled grasps per object on the
Franka Panda robot. A grasp is considered successful if the object is lifted and held without
slipping. Table 5.8 reports the per-model and SCOUT-selected results across five objects.

Real-world deployment confirms the routing benefit. SCOUT achieves a mean success rate
of 4.6/5, outperforming every single-model baseline as seen in Table 5.8. The improvement is
small in absolute terms but reflects two structural facts about the deployment setting. First,
on the inputs where Hunyuan3D succeeds, no router can do better. Rather, the gain comes
from inputs where Hunyuan3D underperforms relative to an alternative. Second, the router’s
selections reflect input difficulty. SCOUT chooses Hunyuan3D on challenging viewpoints
where it produces the highest-fidelity reconstructions and TRELLIS on easier viewpoints
where TRELLIS suffices and offers lower latency. The router thus delivers higher mean
performance and lower expected latency.
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Table 5.7: Dexterous manipulation success rate (↑) in simulation for each reconstruction model
across 5 objects (HY3D: Hunyuan3D, IM: InstantMesh, TRL: TRELLIS, TSR: TripoSR).
SCOUT (ours) reports the model selected by SCOUT for each object and the resulting
mean success rate.

Method Can Spatula Drill Brick Cup Mean
HY3D 13.6 15.2 38.1 61.8 49.4 35.6
IM 29.9 0 41.7 52.9 44.5 33.8
TRL 61.8 0 4.5 50.4 45.8 32.5
TSR 21.9 0 17.6 39.7 45.0 24.8

SCOUT (ours) TRL HY3D IM TSR HY3D 41.6

Table 5.8: Real-world pick-and-place success rate (↑) on a Franka Panda robot across 5
objects. For each reconstructed object, 5 antipodal grasps are sampled [59] and executed.
SCOUT (ours) reports the model selected by SCOUT for each object and the resulting
mean success rate.

Method Drill Ball Can Cup Mug Mean
HY3D 3/5 4/5 5/5 5/5 5/5 4.4/5
IM 1/5 5/5 1/5 2/5 4/5 2.6/5
TRL 0/5 5/5 3/5 0/5 5/5 2.6/5
TSR 1/5 0/5 2/5 0/5 0/5 0.6/5

SCOUT (ours) HY3D TRL HY3D HY3D TRL 4.6/5

5.4 Design Choice Ablations
The previous section established that SCOUT outperforms adapted LLM routing baselines
across cost function regimes, quality metrics, and one-dimensional cost families. This section
isolates the contribution of each design choice in SCOUT through controlled ablations: the
tag-based smoothing of training targets (Section 5.4.1), the weighted proxy for the partition
function (Section 5.4.2), and the sensitivity of routing performance to hyperparameter choices
(Section 5.4.3).

5.4.1 Effect of Smoothing

SCOUT applies tag-based smoothing to the training targets for p̂, blending each per-image
score with the mean score over training examples sharing the same tag. The smoothing
reduces noise in the relative-performance training signal as discussed in Chapter 4. Table 5.9
reports SCOUT’s regret with and without smoothing across the cview, no-cost regime. This
subspace was chosen for comparison as it measures accuracy of the viewpoint-dependent
methods without considering the view-invariant methods, and the main effect of smoothing
is for the viewpoint-independent methods. This ablation demonstrates a deterioration in
SCOUT’s performance when we remove the smoothing when learning the p̂ model.

Smoothing helps relative-performance prediction but hurts absolute-score prediction.
The asymmetric application of smoothing in SCOUT—applied when training p̂, but not
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Table 5.9: Regret (↓) as a proportion of the input-agnostic baseline regret across the cview, no-cost

regime on GSO, with and without tag-based smoothing. Lowest regret per method is in
bold.
Method SCOUT (ours) LR kNN
With tag-based smoothing 0.6282± 0.0035 0.6611± 0.0035 0.6513± 0.0034
Without tag-based smoothing 0.6338± 0.0034 0.6497± 0.0033 0.6489± 0.0033

applied when constructing proxy targets for ẑ—is justified by the differing roles of the two
networks. The probability network p̂ benefits from smoothed targets because it only aims to
learn the relative performance of the models, rather than absolute scores which include the
per-image difficulty. The partition function network ẑ, by contrast, must capture per-image
difficulty—which smoothing actively suppresses by blending toward category averages.

To validate this reasoning, we apply smoothing to two baselines that, like ẑ, predict absolute
scores rather than relative probabilities: kNN and LR. If smoothing genuinely interferes with
absolute-score prediction, we should observe degradation rather than improvement in these
baselines. Table 5.9 confirms this as smoothing harms both LR and kNN performance, in
contrast to the improvement observed in SCOUT.

5.4.2 Weighted Proxy Comparison

SCOUT learns the partition function ẑ by regressing on a weighted average of k1 per-model
proxies, with weights derived in Chapter 4 via inverse-variance optimization. We compare
the derived weighting against three natural alternatives:

• Ground-truth z(i). Train ẑ to regress directly on the true partition function z(i) =∑k1
m=1 e

s
(i)
dep,m/T . This is the apparent “correct” target.

• Equal weighting. Set wj = 1/k1 for all j, treating each per-model proxy as equally
informative.

• One-hot weighting. Set z̃(i) = z̃
(i)
j∗ , where j∗ = argmaxj wj is the model with the

largest derived weight.

We compare these alternatives on BigBIRD + YCB, where the smaller dataset and noisier
scores stress the partition function estimation more than on GSO. Table 5.10 reports the
regret under each of the four alternative target choices for learning the ẑ model. SCOUT’s
derived weighting achieves lower regret than each alternative, evaluated across cost functions
sampled from C.

The weighted proxy improves over all three alternatives on the majority of metrics. The
most striking result is the comparison against the ground-truth z(i) where the weighted
proxy outperforms the apparent “correct” target on all seven metrics. This is initially
counterintuitive—one might expect that regressing on the true target produces the best
estimator. The explanation lies in the variance of the partition function. The ground-truth z(i)

is computed as a sum of exponentials over noisy reconstruction scores, so models with highly
variable scores disproportionately inflate its variance. The derived weights mitigate this by
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Table 5.10: Regret (↓) as a proportion of the input-agnostic baseline regret for c ∈ C across
multiple quality metrics on BigBIRD+YCB. SCOUT uses the derived weighted average
from Equation (4.1); True z uses the exact partition function; Equiweighted uses a uniform
average across models; One-hot uses a single model. Lowest regret per metric is in bold.
Metric SCOUT True z Equiweighted One-hot
DCD 0.8489± 0.0164 0.9004± 0.0148 0.8981± 0.0150 0.9081± 0.0153
Chamfer L2 6.6110± 0.9977 7.2530± 1.0896 7.3726± 1.1114 6.5034± 0.9822
Chamfer L1 1.3258± 0.1482 1.4076± 0.1179 1.4168± 0.1202 1.3708± 0.1143
IoU 0.6248± 0.0148 0.7280± 0.0135 0.7281± 0.0135 0.7284± 0.0142
MMD-EMD 0.9146± 0.0358 0.9148± 0.0354 0.9156± 0.0358 0.9214± 0.0352
Eval3D-geo 0.3547± 0.0109 0.8636± 0.0452 1.2387± 0.0692 0.7372± 0.0395
Eval3D-struct 0.8243± 0.0224 0.8359± 0.0208 0.8363± 0.0207 0.8347± 0.0205

downweighting model j when (i) its predicted probabilities p̂j are noisier (large S2
j (1−R2

j )),
or (ii) its true probability is frequently low, making the proxy z̃

(i)
j a higher-variance estimate

of z(i) (see Equation 4.5).
The comparison against equal weighting confirms that the inverse-variance scheme captures

meaningful structure: simply averaging the proxies discards information about which models
contribute reliably and which contribute noise. The comparison against one-hot weighting
confirms that combining multiple proxies—rather than relying on the single best one—provides
variance reduction. Taken together, these comparisons validate the inverse-variance derivation
in Chapter 4 as the appropriate weighting choice for the partition function estimation problem.

5.4.3 Hyperparameter Sensitivity

An effective routing framework should have a relatively well-shaped hyperparameter landscape.
We verify this by performing one-at-a-time sweeps over each hyperparameter for SCOUT,
holding the others fixed. These experiments were conducted on seeds 0–49 and evaluated on
novel objects in the GSO dataset.

SCOUT hyperparameters. The selected hyperparameters for GSO are β = 0.7
(smoothing), learning rate 10−4, 15 training epochs, T = 1.0 (softmax temperature), and
α = 103 (ridge regression regularization parameter). β, the learning rate, and the number of
epochs only affect p̂, whereas α only affects the ẑ model. The temperature T has effects on
both, as it is used in the label distribution to learn p̂ and in the equation for weighted proxy
labels to learn ẑ. We therefore performed hyperparameter sweeps under the cost function
cview, no-cost for β, the learning rate, and the number of epochs, and under the cost-function
family C for T and α. The hyperparameter landscapes are shown in Figures 5.7 and 5.8.
Regret varies smoothly across each of the five hyperparameters, with a clear local optimum
near our selected value, and regret increases gradually as the hyperparameter moves away
from the optimum.

Baseline hyperparameters. Since Li [30] and our experiments both find that kNN and
LR are the strongest baselines, we also analyze their hyperparameter sensitivity, sweeping
k for the kNN and the regularization parameter α for the LR model. Both exhibit smooth
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landscapes (Figure 5.9), confirming that the comparison in Section 5.2 is not an artifact of
misspecified baseline hyperparameters.

5.5 What SCOUT Learns
The previous sections establish that SCOUT outperforms baselines on benchmark routing
metrics and downstream manipulation tasks. We now examine what the router has actually
learned by examining the policy mapping inputs to model selections. First, we explore
the per-category routing behavior which reveals whether SCOUT has learned that different
reconstruction models are appropriate for different object types. Second, we explore the
per-viewpoint routing behavior which reveals whether SCOUT has learned that different
reconstruction models are appropriate for different viewing angles. Both axes are evaluated on
novel objects, testing whether the learned policy generalizes beyond the training distribution
rather than memorizing per-object preferences.

5.5.1 Per-Category Routing Behavior

We compare SCOUT’s learned routing policy against the oracle policy across object categories.
The oracle policy, computed by selecting the best model for each input given access to the
ground-truth scores, captures the true category-conditional distribution of which model is
optimal. The learned policy captures what SCOUT actually selects. If the two distributions
agree, SCOUT has learned the category-dependent biases of the underlying reconstruction
models from the training data and applies them correctly to novel objects.

Figure 5.10 shows the oracle and learned distributions side by side: each row is an object
category, each column is a reconstruction model, and the cell value is the fraction of inputs
in that category for which the corresponding model is selected. The oracle (Figure 10(a))
reveals strong category-dependent preferences: certain categories are dominated by one or two
models, while others spread the selection more uniformly. The learned policy (Figure 10(b))
reproduces these preferences closely. Notably, the learned policy does bias TRELLIS in
all categories as that is the overall best model for the GSO dataset, yet SCOUT’s policy
successfully captures the trends seen in the oracle. Categories where the oracle concentrates
on a single model show a similar concentration in the learned policy whereas categories where
the oracle distributes selection across multiple models show a similar trend in the learned
policy. This agreement is achieved despite SCOUT being evaluated on objects it has not seen
during training, indicating that the category-dependent preferences are a genuine property of
the input distribution rather than a per-object memorization.

5.5.2 Per-Viewpoint Routing Behavior

The second axis along which SCOUT may learn structure is viewpoint. Figure 5.11 shows
the oracle and learned policies grouped by elevation: high elevations (75◦ and 85◦) approach
top-down views, while low elevations (35◦, 45◦, 60◦) approach more side views. The oracle
distribution (Figure 11(a)) shows viewpoint-dependent structure: TripoSR vastly underper-
forms at high elevation angles (only optimal 6.33% of the time) and is relatively better on
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the low elevation angles (optimal 18.12% of the time). The opposite bias can be observed
for InstantMesh and TRELLIS, which both perform better on the high elevation angles.
The learned policy (Figure 11(b)) reproduces this structure, with the same exception as in
Section 5.5.1 that the learned policy biases toward TRELLIS across both viewpoints, since
TRELLIS is the overall best model for the GSO dataset.

5.5.3 Implications

The agreement between oracle and learned policies on both axes confirms two properties of
SCOUT. First, the selections of the learned router reflect interpretable structure—category-
and viewpoint-dependent model preferences—that aligns with the underlying biases of the
reconstruction models. Second, this structure generalizes to novel objects, indicating that
SCOUT has learned distributional properties of the input space rather than per-instance
preferences. The robotic manipulation results in Section 5.3 are a direct consequence:
SCOUT’s per-input selections are guided by genuine, generalizable structure in the input
distribution, and that structure translates into measurable downstream gains.
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Figure 5.5: Evaluation of grasp proposals on the first half of the remaining eight YCB objects.
Layout follows Figure 5.4.
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Figure 5.6: Evaluation of grasp proposals on the second half of the remaining eight YCB
objects. Layout follows Figure 5.4.
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(a) Beta sweep. (b) Learning rate sweep. (c) Epoch sweep.

Figure 5.7: Sensitivity of SCOUT to the three hyperparameters affecting the relative-
performance model p̂, evaluated on novel GSO objects under the cost function cview, no-cost.
Each curve exhibits a clear local optimum and smooth degradation away from it.

(a) Temperature sweep. (b) Alpha sweep.

Figure 5.8: Sensitivity of SCOUT to the two hyperparameters affecting the partition function
model ẑ, evaluated on novel GSO objects under the cost-function family C. Each curve
exhibits a clear local optimum and smooth degradation away from it.

(a) kNN: number of nearest
neighbors.

(b) LR: regularization
parameter α.

Figure 5.9: Sensitivity of the two strongest baselines to their primary hyperparameters,
evaluated on novel GSO objects under the cost function family C.

54



(a) Oracle policy: how often each model is truly
optimal when evaluated on unseen objects,

grouped by object category.

(b) SCOUT’s learned policy: how often each
model is selected when evaluated on unseen

objects, grouped by object category.

Figure 5.10: Oracle and learned routing policies across object categories. The learned policy
closely tracks the oracle’s category-dependent preferences, indicating that SCOUT generalizes
the category structure to novel objects rather than memorizing per-object selections.
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(a) Oracle policy: how often each model is truly optimal when evaluated on unseen
objects, grouped by elevation.

(b) SCOUT’s learned policy: how often each model is selected when evaluated on unseen
objects, grouped by elevation.

Figure 5.11: Oracle and learned routing policies across viewpoint elevations. High: 75◦ and
85◦; low: 35◦, 45◦, and 60◦. The learned policy reproduces the oracle’s viewpoint-dependent
structure, confirming that SCOUT captures viewpoint-conditional model preferences and
applies them to novel objects.
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Chapter 6

Conclusion

6.1 Summary
This thesis introduced SCOUT, an input-aware routing framework for selection among 3D
reconstruction models on a per-input basis under user-specified cost constraints, motivated
by the resource requirements of robotic manipulation pipelines. This framework is grounded
in a key structural observation: as single-image 3D reconstruction has evolved into a diverse
ecosystem of models, no individual model consistently dominates across the range of inputs
encountered in deployment, and exhaustively querying all available models remains computa-
tionally prohibitive. In robotic manipulation settings, this challenge becomes particularly
consequential, as the selected reconstruction model directly influences both robustness (how
reliably the pipeline handles diverse inputs) and efficiency (whether it meets the latency and
resource constraints of real-time operation).

The principal technical contribution of this work is a decoupling procedure that decomposes
reconstruction scores into two interpretable components: the relative performance of viewpoint-
dependent models, represented as a learned probability distribution, and the overall difficulty
of the input image, represented by a scalar estimate of the partition function.

The empirical evaluation presented in Chapter 5 validates the effectiveness of the proposed
framework across multiple dimensions. On Google Scanned Objects, SCOUT achieved
statistically significant reductions in regret relative to adapted LLM-routing baselines across
three of the four evaluated cost regimes. On BigBIRD + YCB, it attained the lowest regret
on five of seven mesh quality metrics. Across the one-dimensional cost families evaluated
using AIQ, SCOUT achieved the highest score in all three families considered.

Ablation studies further substantiated the contribution of each architectural component.
The proposed decoupling procedure accounts for the performance gap between SCOUT
and the experiments showcasing SCOUT without decoupling. Further, tag-based smoothing
improved relative-performance prediction while degrading absolute-score prediction in baseline
methods, thereby validating its asymmetric application within the framework. In addition,
the inverse-variance weighted proxy consistently outperformed three natural alternatives on
six of seven mesh reconstruction metrics.

Beyond standard benchmark evaluation, SCOUT demonstrated strong performance on
downstream robotic manipulation tasks. On a 10-object grasp proposal benchmark, it
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achieved the lowest mean grasp collision rate and the highest mean mesh-IoU relative to all
single-model baselines. In simulation-based dexterous manipulation experiments, it attained
the highest mean task success rate relative to all single-model baselines. In real-world
pick-and-place experiments using a Franka Panda robot, SCOUT was able to improve the
mean success rates relative to all single-model baselines. These experiments demonstrate the
downstream robotic benefits that arise from routing.

Lastly, analysis of the learned routing policy indicates that SCOUT reproduces the oracle’s
preferences on previously unseen objects. This suggests that the observed performance gains
arise from SCOUT’s ability to capture interpretable and generalizable structure within the
input distribution, rather than from per-instance memorization.

6.2 Future Work
The framework developed in this thesis admits several natural extensions. Three particularly
promising directions are discussed below.

One avenue for future work includes closed-loop active perception. SCOUT performs
routing at a single decision point: given an input image, it selects a reconstruction model
and commits to the resulting output. A natural extension is to formulate routing as a
sequential decision-making process. Upon observing a low-score prediction for all models, a
robotic system could acquire additional viewpoints, re-evaluate the routing decision using the
augmented input, and determine whether to commit or continue gathering information. This
reframes routing as an active perception policy that explicitly trades sensing cost against
expected reconstruction quality. The view-invariant methods included in SCOUT’s model
pool already represent extreme points of this trade-off, incurring substantial sensing cost in
exchange for high quality mesh reconstruction. However, the intermediate regime — in which
one or two strategically selected additional views are acquired before re-routing — remains
unexplored. Such a formulation would naturally draw upon techniques from active learning
and partially observable decision processes.

Moreover, routing across the full perception pipeline enables dynamic routing selection at
each stage, which would improve overall end-to-end task performance. The central motivation
for reconstruction routing — that diverse models exhibit complementary strengths and no
single model uniformly dominates — extends naturally to other components of modern
robotic perception pipelines such as segmentation, pose estimation, and grasp proposal
generation. Extending input-aware routing to these settings would introduce new technical
challenges, including the need to model interactions between routing decisions across modules.
For example, the optimal routing decision for reconstruction may depend critically on the
preceding segmentation choice. Efficiently coordinating such interdependent decisions while
sharing computation across the perception stack presents a substantial research challenge.
Nonetheless, joint routing across multiple perception modules represents a promising direction
with potentially significant practical benefits as the number and diversity of available robotic
perception models continue to increase.

Finally, online adjustment of routing decisions during deployment would enable SCOUT
to improve continuously from operational experience. SCOUT is currently trained on a fixed
dataset and applies the resulting policy without modification at deployment. In practice,
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robotic systems accumulate substantial information during operation, such as which models
succeed on which inputs, which tasks fail, and how cost preferences should change in response.
Two directions for online adjustment merit investigation. The first is online adaptation of
the router itself. The routing model can be continually updated using observed deployment
outcomes, effectively treating routing as a continual learning problem. The second is adaptive
cost adjustment based on observed task outcomes. For example, the routing model may
increase the cost budget to allow for more expensive models when downstream tasks fail, and
reduce the cost budget when tasks succeed consistently.

6.3 Impact
The diversity of available 3D reconstruction models should be regarded as a source of
opportunity rather than a limitation. The complementary strengths exhibited by different
models create meaningful opportunities for per-input selection, enabling performance gains
that cannot be achieved by any single-model pipeline. SCOUT operationalizes this insight
within the context of robotic manipulation.

More broadly, this thesis points towards a future in which robotic perception pipelines
are no longer conceived as monolithic stacks composed of fixed model choices, but rather as
adaptive systems capable of selecting among diverse computational capabilities in response to
input characteristics, task requirements, and resource constraints. Per-input model routing is
a small but meaningful step in that direction, and we hope this work makes it practical and
accessible for the reconstruction component of robotic manipulation pipelines.
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