Input-Aware Routing of Image-to-3D Models for Robotic Manipulation

Supplementary Material

I. DERIVATION OF OPTIMAL WEIGHTS

We derive global inverse-variance weights for combining
k1 estimators of the partition function. Each method j €

{1,...,k1} produces, for data point i, the estimate
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and we seek weights w;, independent of ¢, for the combined
estimate
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Assumptions.

Al. (Error model). For each method j and data point 1,
f)gl) = p;-‘(i) + e‘gl), where p;f(i) is the true (fixed)
probability and egl) is random noise with ]Ee[egl)] =0
and Var, [55‘1)] = 07. The noise variance o7 is a
property of method j alone and does not depend on <.

A2. (Small noise). |e§l)\ < p;® for all j, 1.

A3. (Uncorrelated methods). Cov, [651)7 e](;)] =0forj #
k.

Ad. (Consistency). All methods estimate the same true

0)

quantity: z(*) = e% /T/p;(i) is independent of j.

AS. (Noise-signal independence). ey) is independent of
p;f () across data points; i.e., the estimation error does
not depend on the true probability.

Here E. and Var. denote expectation and variance over
estimation noise at fixed ¢; all other quantities are determin-
istic for a given i.

Global weight optimization. Fixing a data point ¢ and
expanding Eq. (1) to first order in eg-l) /D; OF
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Substituting p} () = % /T /2@ from Ad:
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Inserting Eq. (3) into Eq. (2):
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Taking the variance over the joint noise { 65@) }, and using A3:

Var [20] =3 " w? 0, (7)
j

The quantity Eq. depends on i through Tf"(i). Since we
seek weights independent of i, we minimize the variance
averaged over data points:

J(w) = Ej Var[27]]
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Substituting Eq. (5):
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We minimize Eq. subject to > jw; = 1. The Lagrangian
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Setting OL/0w; = 2w; 77 — X = 0 gives w; = A/(277).
Substituting into the constraint:
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The Hessian of L restricted to the constraint surface has

diagonal entries 27‘j2 > 0, confirming this is a minimum.
The optimal global weights are
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Estimation of JJQ». It remains to estimate the noise variance
0']2- from data. Define the following quantities computed
across data points:

SJ2 = Var; [A(i)],

* (1 A(i)12
y R? = Corri[pj(), pg )} .

Using the error model ﬁéi) = p;(i) +6§»i), the independence
assumption A5 gives Covy[p}, ¢;] = 0, and since o7 is

J
constant across ¢ (Al), we have:

Sf = Var; [p;k»(j’) + egi)] = Var; [p;f(i)] + O’JQ».

(13)
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Using Cov;[p;, p;] = Covilp}, pj + €] = Var;[pj], we
find:

,  Cov; [P, pil? Var; [Pj]z Var; [p]]
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Substituting Var; [p’;(’)] = Rjz sz into Eq. :

o7 = S7(1-R)). (16)

II. EFFECT OF SMOOTHING ON SCORE RECOVERY

We train p on the softmax of the smoothed scores é((fe)p, but

the recovered scores §(z("), m;) =T - ln(ﬁgz) - 2(9) should
approximate the true unsmoothed scores sge)p) j for compar-
ison with s;,,. Here we show that the proxy construction
targets these true scores by design. Throughout this section
we write ng) = s((;e)p) ; for brevity.

Role of smoothing. The purpose of tag-based smoothing
is to reduce noise in the training targets, producing more
accurate predictions p of relative model performance—
the smoothed scores é((fc)p are not themselves the quanti-
ties we wish to recover. The ablation in Table [ confirms
that smoothing improves routing performance, validating
this role. Smoothing is not applied when constructing the
proxy targets for Z, because Z must capture the absolute
difficulty of each individual input image, and smoothing
suppresses precisely this per-image variation by blending
scores toward category averages. This is consistent with
the baseline ablation (Table [lI): applying smoothing to LR
and kNN, which predict absolute scores rather than relative

probabilities, degrades their performance.

TABLE I: Regret (]) as a proportion of the input-agnostic
baseline regret across different cost subspaces on the GSO
dataset with and without tag-based smoothing for SCOUT.

Method {ceCot {cec} {c€CN ciny = o}
Ours W1 6386 & 0.0033 | 0.4319 & 0.0021 0.4831 % 0.0019
smoothing

Ours wlo 1 6588 1 0.0035 | 0.4371+0.0021 |  0.4878 & 0.0020
smoothing

TABLE II: Regret () as a proportion of the input-agnostic
baseline regret across different cost subspaces on the GSO
dataset with and without tag-based smoothing applied to the
kNN and LR baselines.

Method {ceCo} {ceC} {c €CN cipny = 0}
LR W/ 6 6611+ 0.0035 | 0.4710+0.0022 |  0.5178 + 0.0019
smoothing

LR WO 1 6497 +0.0033 | 0.45194+0.0021 |  0.5047 + 0.0019
smoothing

NN W/ 6515+ 0.0034 | 0.4723+£0.0022 | 0.5064 + 0.0019
smoothing

MNN'w/o 1 6189 40,0033 | 0.4630 +0.0022 |  0.4992 + 0.0019
smoothing

Proxy construction targets true scores. Given p, we
wish to find 2(*) such that T - ln(ﬁ‘g‘z) 20) = sg.l). Solving
for each model j individually gives the per-model proxy:
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which uses the true unsmoothed score s ; in the numerator.

By construction:
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(18)

Each proxy exactly recovers the true score for model j,
regardless of what ﬁy) was trained on, because the proxy
is defined directly from the true scores.

III. IMPLEMENTATION DETAILS

SCOUT implementation details. The probability network
p is 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~*, weight decay 10~%) with batch size 128 for 10 epochs.
Tag smoothing uses § = 0.7 and softmax temperature
T = 1.0 for the GSO dataset. For BigBIRD + YCB, we
decrease [ to 0.5 because the scores are noisier, requiring
stronger smoothing toward category averages. The softmax
temperature 7" is set per metric to account for differences in
score scale (Table [[).

TABLE III: Softmax temperature 7" per metric for BigBIRD
+ YCB.

[ Metric [ DCD | Chamfer L2 | Chamfer L1 [ ToU [ MMD-EMD | Eval3D-geo | Eval3D-struct |
[T |05 ] o1 | 02 |20 015 | 01 | 0.2 \

The partition function Z is predicted by Ridge regression
(o = 10%), with the weighting terms R2, sz, and the
expectation in w; estimated via 5-fold cross-validation over
the training set. Image features are concatenated from CLIP
ViT-B/32 (512-d) [1], ResNet-50 (2048-d) [2], ViT-B/16
(768-d) [3], and ConvNeXt-B (1024-d) [4], yielding a 4352-
dimensional input. 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.

Data collection. Scores were collected as follows. We be-
gan with ground-truth meshes from the GSO [5] and YCB [6]
datasets, and collected images of each mesh at multiple
viewpoints. For the GSO dataset, images were rendered at el-
evation angles of 35°,45°,60°,75°, and 85°. All elevations
were captured at azimuth angles of 30°,120°, and 210°.
This combination ensures all captured views are nonde-
generate. For the YCB dataset, images were captured at
elevation angles of 5°,22.5°,45°,67.5°, and 90°. The top
view (90°) was captured at a single azimuth angle of 45°,
while all other elevations were captured at azimuth angles of
0°,45°, and 90°. Unlike GSO, this combination of elevation
and azimuth angles produces many degenerate viewpoints.
Each YCB viewpoint was captured under three conditions:
flash-style lighting, surround-style lighting, and a real image
from the BigBIRD dataset [7]. Examples of degenerate ver-
sus nondegenerate views are shown in Fig. [I] and examples
of different lighting styles are shown in Fig. 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 (b) Nondegenerate (c) Degenerate top-
showing only the view revealing full down view.
front face. geometry.

Fig. 1: Degenerate and nondegenerate views of a cracker
box.

(a) Rendered image (b) Rendered image (c) Real image from
with flash-style light- with  surround-style BigBIRD [7].
ing. lighting.

Fig. 2: Different lighting conditions for a fixed viewpoint.

Once images were collected, we generated a reconstruc-
tion with each of the four Image-to-3D models: Hun-
yuan3D [8] (version 2.0 throughout), InstantMesh [9],
TRELLIS [10], and TripoSR [11], using default parameters
for all models. For Hunyuan3D, we applied a convex de-
composition using CoACD [12] (concavity threshold 0.025,
50 MCTS search iterations, default remaining parameters)
between the mesh generation and texture generation stages
to prevent the texturing process from taking excessive time.

We also generated a mesh for three of the four
view-invariant models: 2DGS [13], Nerf2Mesh [14], and
NeuS2 [15]. We did not need to do any reconstruction for
the fourth view-invariant model, the option to skip, as this
has a fixed default score. For each of these three methods,
we used 120 images to produce a mesh. Images were
captured at elevation angles of 35°,45°,60°,75°, and 85°.
All elevations were captured at 24 azimuth angles spanning
360°. There was minimal difference in reconstruction quality
between using 120 images versus smaller numbers such as
24. We used the default parameters for each pipeline.

The ground-truth and reconstructed meshes were then
normalized to a common scale by fitting each mesh to a
unit sphere centered at the origin using miniball [16]. We
then registered each reconstructed mesh to its ground-truth
counterpart via FoundationPose [17] for global registration
(default parameters), followed by DDM [18] for local refine-
ment (learning rate 2e-2, 100 iterations).

Cost vectors. The AIQ and deferral curve metrics re-
quire latency, memory, and latency®©memory cost vectors.

Latency costs are 30s (Hunyuan3D), 10s (InstantMesh),
10s (TRELLIS), 0.5s (TripoSR), 10.9min (2DGS), 10.9min
(Nerf2Mesh), and 5.5min (NeuS2). Memory costs are
6GB (Hunyuan3D), 24GB (InstantMesh), 16GB (TREL-
LIS), and 6GB (TripoSR). We exclude view-invariant meth-
ods from the memory cost vector because those models
would dominate the Image-to-3D models under memory
and latency®memory, and we exclude the skip option from
all three 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 docu-
mentation [19], [20], [21], [22] when available, otherwise
approximated by experiments.

IV. ABLATIONS

SCOUT hyperparameters. We perform one-at-a-time
sweeps over each hyperparameter, holding the others fixed,
to verify that the loss landscape is smooth with a local
optimum near our selected values. These experiments were
conducted on seeds 0-49. The network architecture (two
hidden layers of 128 units each) was fixed to ensure fair
comparison with the baselines. For the GSO dataset, the
selected hyperparameters are 5 = 0.7, T = 1.0, learning
rate 10™%, and 10 training epochs; smooth behavior across
all four hyperparameters is shown in Fig. 3] These hyper-
parameters govern the p model. The Z model uses Ridge

regression with regularization parameter o = 102, which
similarly exhibits smooth behavior (Fig. @).
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Fig. 3: Sensitivity of hyperparameters for SCOUT evaluated
on novel objects in the GSO dataset over the cost coefficient
vector Cg.

We repeat this analysis for SCOUT without decoupling,
using 25 epochs instead of 10, and find a similarly smooth
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Fig. 4: Sensitivity of alpha for SCOUT evaluated on novel
objects in the GSO dataset over cost coefficient vectors
sampled from C.

landscape with the same remaining hyperparameters (Fig. [3)).
The increase in epochs is expected: without decoupling, the
P network must capture both relative model performance and
overall image difficulty, requiring more training to converge.

Baseline hyperparameters. Since both our work and
Li [23] find that kNN and LR models are among the strongest
baselines, we analyze their hyperparameter sweeps as well.
Both exhibit similarly smooth landscapes (kNN: Fig. [6} LR:

Fig. [7).
V. ADDITIONAL RESULTS
A. Weighted proxy results.

Our weighted proxy improves over all three alternatives—
the ground-truth 2" equal weighting, and one-hot weighting
EW = 251) where j* = argmax; w;)—on the majority of
metrics, as confirmed by one-sided t-tests (Table . Most
notably, it outperforms the ground-truth z(*) on 6 of 7 metrics
with no deteriorations. The ground-truth z(¥ 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
downweighting model 7 when (1) its predicted probabilities
p; are noisier (large S7(1 — R2)), or (2) its true probability
is frequently low, making the proxy Zj(.l)
estimate of z(¥) (see Eq. ).

B. GSO and YCB Results

Here we present more comprehensive tables of the GSO
and YCB results. Table[V]reports regret across cost subspaces
on GSO using DCD and Table [VI| reports regret on BigBIRD
+ YCB across seven quality metrics. All regrets are for novel
objects and we evaluate on DCD for the GSO dataset and
seven mesh quality metrics for the YCB dataset. Different
metrics induce different optimal routing policies: IoU is

a higher-variance
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Fig. 5: Sensitivity of hyperparameters for SCOUT without
decoupling evaluated on novel objects in the GSO dataset
over the cost coefficient vector Cy.

volume-based and penalizes hollow geometry, whereas DCD
measures surface-level correspondences. Since different ma-
nipulation tasks may require different quality criteria, a
routing framework must be robust across metrics.

For each dataset, view-invariant score predictions are
produced by one of two strategies: regressing on image
embeddings, or using the tag category mean of view-invariant
scores. The better-performing strategy is selected per metric
based on validation performance. We find that the better
choice depends on the noise characteristics of the dataset:
the regression approach wins on GSO, while the tag-based
mean wins in the majority of the BigBIRD + YCB settings
(due to the smaller dataset size and more noise).

Comparison to baselines. For the GSO objects, SCOUT
achieves statistically significant lower regret than all base-
lines in three of four cost subspaces, and is within the error
bar of the kNN in the fourth. For the YCB objects, SCOUT
achieves the lowest regret on all metrics except CD, where
the input-agnostic baseline performs the best. This is due
to the view-invariant methods often producing meshes with
interior artifacts and irregular surfaces which yield noisy CD;
all learned routers including ours are affected. Overall, we
find that the closest baselines to SCOUT are the kNN and
LR. Not only does SCOUT outperform both, achieving under
half the regret of both kNN and LR in some experiments, but
SCOUT is also more efficient and scalable than the kNN and
LR baselines. In our experiments, we found SCOUT is 8.84 x
faster than kNN (minutes vs. seconds) and 1.18x faster than
LR. The gap grows with the number of viewpoint-dependent
models: SCOUT’s runtime is effectively independent of ki,
whereas kNN and LR both scale linearly, an advantage that
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coefficient vector Cy.

increases as new Image-to-3D models emerge.

C. One dimensional cost vector families.

As the LLM routing problem originated from selecting
between paid API endpoints, cost is expressed in dollars per
API call. Therefore, Routerbench [24] introduces metrics for
evaluating a routing framework along a single cost dimension
¢(m) with scalar tradeoff \:

m* = arg max s(z,m) — X-c(m). (19)

me

They note that by sweeping A, we obtain different achieved
utilities at different total cost allocations, from which we can

TABLE IV: One-sided t-test p-values comparing our
weighted partition function proxy against three alternatives
on BigBIRD + YCB. Each cell reports the p-value for the
hypothesis that our proxy achieves lower regret, averaged
over cost coefficient vectors sampled from C. An improve-
ment indicates a metric where our proxy achieves statistically
significant (o« = 0.05) lower regret than the alternative;
a deterioration (o« = 0.05 for the reverse one-sided test)
indicates metrics where the alternative achieves statistically
significant lower regret than ours.

Metric True z Equiweighted | One-hot
DCD 3.24e-4 5.44e-1 2.38e-24
Chamfer L2 4.01e-35 5.74e-35 8.11e-1
Chamfer L1 2.03e-4 3.92e-2 7.71le-16
ToU 4.35e-1 2.31e-1 6.89e-5
MMD-EMD 5.48e-13 3.32e-6 4.10e-4
Eval3D-geo 8.24e-34 2.70e-30 9.09e-4
Eval3D-struct 7.78e-18 2.31e-18 9.95e-1
# improvements 6/7 5/7 5/7

# deteriorations 0/7 0/7 1/7

construct a Pareto frontier (R (c)) as shown in Fig. [8| They
then introduce the Zero router baseline, which randomly
samples routers at a given total cost allocation to trace
out the non-decreasing convex hull as well as the Average
Improvement in Quality (AIQ) defined as:

1 Cmax
- / Ry de
Cmaxz — Cmin Je

min

AIQ(h) =

We use these metrics for evaluating on the following cost
families: /\'Clatencw /\'Cmemory, and - (Clatency @Cmemory)7
which penalize inference latency, memory, and memory-time
occupancy (GB-s), respectively, each swept over a range of
A values.

ZOOTER and RouterDC are excluded from this evaluation
as they do not support varying A\. SCOUT achieves the
highest AIQ for all three cost families (Table [VII). The
magnitude of improvement over baselines is consistent with
the inter-method differences reported in RouterBench [24],
where gains between routing methods are similarly modest.

Latency*Memory versus Performance Latency versus Performance

Normalized Utility

0 50 100 150 200 250 100 1o’ 107

Latency*Memory (GB*s) Latency (s)

(a) Latency®Memory deferral
curve.

(b) Latency deferral curve.

Fig. 8: Deferral curves for the latency©memory (a) and
latency (b) cost coefficient vectors, showing the normalized
utility achieved by each routing method as a function of the
imposed cost constraint.



TABLE V: Regret (|) as a proportion of the input-agnostic baseline regret across
dataset. Ours (no dc) refers to SCOUT without decoupling.

different cost subspaces on the GSO

Method {ceC} {c €CN cipy = 00} {c=0} {Cdep = 0N Ciyv = 00}
ZOOTER N/A N/A N/A 0.6769 £ 0.0039
RouterDC N/A N/A N/A 0.8013 £ 0.0050
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 4+ 0.0049 0.6489 £ 0.0033
LR 0.4909 £ 0.0019 0.5046 £+ 0.0019 0.6361 £ 0.0046 0.6497 £ 0.0033

Ours (no dc)

0.5249 £ 0.0021

0.5146 + 0.0019

0.6580 £ 0.0050 0.6769 £ 0.0039

Ours

0.4734 + 0.0019

0.4810 + 0.0019

0.6340 £ 0.0046 0.6282 1+ 0.0035

Input-agnostic

1.0000

1.0000

1.0000 1.0000

TABLE VI: Regret (|) as a proportion of the input-agnostic baseline regret for ¢ € C across multiple quality metrics on
BigBIRD + YCB. Ours (no dc) denotes our method without decoupling.

DCD

Chamfer L2

Chamfer L1

ToU

MMD-EMD

Eval3D-geo

Eval3D-struct

1.0303 £ 0.0164

15.2150 £ 2.7513

1.7054 £ 0.1696

0.7681 £ 0.0166

1.0942 £ 0.0513

0.8845 + 0.0372

0.8905 £ 0.0132

1.2078 £ 0.0175

13.1332 + 1.6261

2.2107 £ 0.1350

0.9076 £ 0.0148

1.9530 £ 0.0570

2.7425 1+ 0.1688

1.3766 £+ 0.0317

0.9282 £ 0.0166

1.7599 £ 0.2032

1.0074 £ 0.0776

0.7474 £ 0.0143

0.9788 + 0.0437

1.1768 £+ 0.1274

0.8522 + 0.0184

0.8919 £ 0.0168

7.8104 £ 1.2405

1.4418 £0.1284

0.7330 £ 0.0142

1.0073 £ 0.0493

0.7511 + 0.0383

0.8258 £ 0.0211

Ours (no dc)

0.9258 + 0.0154

10.8840 £ 1.9559

1.3402 £ 0.1385

0.6700 + 0.0131

0.9678 & 0.0500

0.6893 & 0.0570

0.8576 + 0.0289

Ours

0.8417 + 0.0165

6.6110 + 0.9944

1.3728 £ 0.1610

0.6248 + 0.0147

0.9146 1+ 0.0356

0.3547 + 0.0109

0.8243 + 0.0223

Input-agnostic

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

TABLE VII: AIQ (1) for one-dimensional cost families on
the GSO dataset, evaluated on novel objects.

Method Memory Latency©Memory Latency
MLP 0.8158 & 0.0007 0.7756 & 0.0007 0.5730 & 0.0010
MF 0.8138 4 0.0012 0.7722 £ 0.0012 0.5661 £ 0.0012
kNN 0.8307 & 0.0006 0.7847 £ 0.0007 0.5772 £ 0.0010
LR 0.8284 £ 0.0006 0.7832 £ 0.0007 0.5774 &£ 0.0010
Ours (no dc) 0.8275 & 0.0006 0.7826 £ 0.0007 0.5763 & 0.0010
Ours 0.8348 £+ 0.0006 | 0.7887 + 0.0007 | 0.5801 + 0.0010
Zero router 0.7126 4 0.0008 0.6914 £ 0.0006 0.5539 £ 0.0008
Oracle 0.9459 + 0.0003 0.8813 £ 0.0005 0.6639 £ 0.0009

D. Grasp collisions

Figure [9 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 that per-
input routing can improve reconstruction quality and reduce
latency.

Figures (10| and |1 1| show the eight remaining objects from
the grasp collision experiment. Across these objects, SCOUT
routes to a variety of reconstruction models depending on the
input viewpoint, confirming that no single model dominates
and that per-input selection is beneficial.

E. Policy learned

To understand what SCOUT learns, we examine which
model is selected as a function of object category (Fig.
and input viewpoint (Fig. [[3). Different reconstruction mod-
els exhibit distinct biases across categories and viewpoints,
and SCOUT’s learned policy reflects these trends even
when evaluating on novel objects, confirming that the router
captures category-dependent biases and viewpoint-dependent
biases from the training data.
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Fig. 10: Evaluation of grasp proposals based on the reconstructed meshes from the input image. The figure shows the
following from left to right: (1) original input image inputted to SCOUT, (2) 3D reconstructions from the original image
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.
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Fig. 11: Evaluation of grasp proposals based on the reconstructed meshes from the input image. The figure shows the
following from left to right: (1) original input image inputted to SCOUT, (2) 3D reconstructions from the original image
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.
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(b) SCOUT’s learned policy: how often each model is selected when
evaluated on unseen objects, grouped by object category.

Fig. 12: Oracle and learned routing policies across object

categories.
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Fig. 13: Oracle and learned routing policies across viewpoint
elevations. High: 75° and 85°; low: 35°, 45°, and 60°.
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