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Abstract

Intermediate CLIP representations can improve out-of-
distribution (OOD) detection, but existing methods apply
the same fixed intermediate-layer fusion rule to every input.
We instead study whether layer selection can be learned.
Voyager keeps CLIP and its scores frozen and trains a
lightweight router to select, for each image, one sparse
expert defined by a final-layer-anchored subset of depths.
The router uses few-shot ID examples and WebContEX, a
web-retrieved weak OOD context built from the ID label
set without target-OOD images. On ImageNet-1K, Voy-
ager obtains 18.86 average FPR@95 and 94.49 AUROC,
improving over Local-Prompt by 8.8 FPR points and fixed
intermediate-layer fusion by 11.8 points. Controlled com-
parisons separate the roles of context and routing: un-
der the same router recipe, replacing WebContEX with ID-
derived context increases FPR from 18.86 to 26.71; with
WebContEX and expert scores fixed, learned routing low-
ers FPR by 10.1 points relative to the strongest score-
based selector. Across Pascal-VOC, ImageNet-100, near-
OOD subsets, and additional CLIP backbones, Voyager
consistently reduces aggregate FPR relative to matched
fixed-layer or static-fusion baselines, demonstrating trans-
fer across ID domains, near-OOD shifts, and backbones.
Importantly, the deployed five-router ensemble trains in un-
der three minutes with less than 1 GB of GPU memory, mak-
ing Voyager lightweight and practical. Code: https:
//anonymous.4open.science/r/Voyager/.

1. Introduction

Out-of-distribution (OOD) detection is essential when
vision systems encounter inputs outside their intended label
space. Vision-language models such as CLIP [34] are at-
tractive in this setting because they provide strong zero-shot
image-text confidence scores without task-specific back-

Figure 1. Main idea. Voyager treats CLIP depth as an input-
conditioned choice. A lightweight router, trained with few-shot
ID data and weak OOD context (web retrieved context), selects a
sparse layer-subset expert for each image.

bone training [9, 28, 30, 38]. Most CLIP OOD detectors,
however, score only the final representation and discard the
intermediate representations that produced it. Evidence use-
ful under one distribution shift can yield misleading confi-
dence under another. We therefore ask which layers should
be trusted for each input, rather than applying the same fu-
sion rule to every image.

Final-layer confidence is a strong baseline. Interme-
diate representations have long been useful for OOD de-
tection in discriminative networks [21], and recent CLIP
studies find complementary, shift-sensitive evidence across
depth [17, 19, 36]. In particular, Mysteries of the Deep
(MoD) [19] improves on final-layer MCM by fusing a fixed
subset of layers. Yet no single subset is uniformly best
across inputs, OOD families, and backbones (Sec. 3). Con-
sequently, we learn layers to trust for each input and exploit
layer-complementarity for OOD detection.

Prompt-learning methods such as CoOp, LoCoOp, ID-
Like, and Local-Prompt [2, 30, 41, 44] adapt CLIP using
few ID examples, sometimes synthesizing negative context
from ID data. We instead keep the backbone, text prompts,
and layer-wise detector scores frozen and introduce Voy-
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ager for layer selection. Voyager builds a dictionary of
sparse, final-layer-anchored experts, where each expert av-
erages scores from one layer subset, and learns a small
image-conditioned router over this dictionary.

Learning the router still requires a supervision signal.
Thus, we introduce WebContEX, which automatically re-
trieves WordNet-filtered Wikimedia Commons images us-
ing only the ID label names. These images provide a bi-
nary, weak OOD context during router training; they are
never used as a test-time score, and target-OOD examples
are never used to construct them. Our ablations show that
WebContEX and routing are both important. WebContEX
improves substantially over ID-derived context (18.86 ver-
sus 26.71 FPR@95), while a controlled comparison with
the same WebContEX pool shows that learned routing out-
performs the strongest score-based selector by 10.1 points.
We therefore claim that routing is an effective way to con-
vert weak external context into layer selection, not that the
supervision source is immaterial. Figure 1 illustrates our
approach and Fig. 4 details the architecture. We summarize
our key contributions below:
• We formulate frozen-CLIP OOD detection as input-

conditioned layer selection over sparse, final-layer-
anchored experts.

• We introduce Voyager, a standalone, lightweight
learned router for selection and WebContEX, automati-
cally retrieved weak OOD context, and quantify the con-
tribution of each.

• We evaluate across three ID benchmarks, near-OOD sub-
sets, and four CLIP backbones. Further, we include vari-
ance, scalability, same-context baselines, and explicit
negative results to define the method’s scope.

2. Related Work

Out-of-distribution Detection. OOD detection identifies
inputs that deviate from the training distribution, a key chal-
lenge for safe deployment. Early approaches rely on confi-
dence scores such as MSP [13] and ODIN [24], and sta-
tistical distances like Mahalanobis scoring [21] or Energy-
based scoring [27]. Outlier Exposure [14] improves robust-
ness by training models to assign low confidence to a small
set of external non-ID samples, effectively regularizing de-
cision boundaries and enhancing OOD detection. Addi-
tional advances explore residual features [39], hyperspher-
ical embeddings [29], and activation shaping [8]. Foun-
dational analyses examine learnability and scoring princi-
ples [3,10,32], while modality-specific taxonomies [1] con-
textualize anomaly types.
Vision–language Models for OOD Detection. Large
vision–language models such as CLIP [35] enable training-
free OOD detection via image–text similarity. Extensions
include concept matching [28, 31], prompt tuning [22, 30],
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Figure 2. OOD evidence diversity. Retrospective layer-selection
frequency by OOD dataset using all final-layer-anchored subsets
with at most s=9 layers.

and synthetic outlier generation [2, 4]. Prompt-learning
methods benefit only marginally from external outliers, lim-
iting OOD generalization. Frozen-parameter methods such
as SeTAR [23] avoid prompt tuning but still require labeled
ID data to select their modification.
Intermediate-layer Representations. Early distance-
based detectors used intermediate features [21], but most
modern methods rely on final-layer outputs. Recent work
shows that intermediate CLIP layers encode transferable,
shift-stable signals [17, 36], often with additional supervi-
sion. Lin et al. [26] introduce multi-exit energy scoring,
while Fayyad et al. [11] attach supervised auxiliary heads.
Guglielmo and Masana [12] rank layers to select a single
discriminative depth rather than fuse them. Mysteries of the
Deep [19] shows that ID-selected intermediate-layer aggre-
gation improves frozen-CLIP OOD detection, but relies on
a fixed fusion rule that cannot adapt to each input.

3. Motivation: Why Static Fusion Fails
OOD detection with CLIP commonly uses MCM [28]—

an image embedding is compared with prompt-based text
prototypes, a softmax is applied over ID classes, and the
maximum confidence is used as the ID score. Recent work
shows that applying this idea beyond the final layer can
improve detection because CLIP’s intermediate representa-
tions retain low-level, semantic, and shift-specific cues [19].
The remaining question is whether a fixed layer subset can
fully exploit this diversity.

Question: Is one layer subset enough? If the best inter-
mediate evidence changes across inputs and OOD shifts,
static fusion can improve over the final layer but still
leave substantial performance unused.

3.1. OOD Evidence Diversity

We first ask whether one fixed layer subset can repre-
sent heterogeneous shifts. For each input, an analysis-only
retrospective selector searches all K=1,981 final-layer-
anchored subsets containing at most s=9 of the L=12 lay-



ers (the expert family defined in Sec. 4.1) and selects the
subset with the strongest ID–OOD separation. Figure 2
summarizes the selected layers by OOD dataset. ViT-B/16
often assigns mass to early and mid-depth layers, especially
for texture-centric shifts such as DTD, while scene-oriented
shifts distribute mass more smoothly. ViT-B/32 has a differ-
ent profile, with stronger concentration on late layers. Thus
the most useful evidence changes with anomaly type and ar-
chitecture; one global subset cannot match all of these depth
profiles.

3.2. Margin-Based Separability

Different layer preferences matter only if fixing one sub-
set weakens the ID–OOD decision boundary. We therefore
analyze MCM margin distributions. For each sample, let
m(x) = τ − S(x), where τ is an ID boundary estimated
from in-distribution data and S(x) is the score; larger posi-
tive margins indicate stronger OOD separation.

Figure 3 (left) compares four detectors: Last is final-
layer MCM; MoD is the published fixed fusion rule [19];
Static retrospectively chooses the single best subset in the
same s=9 family and applies it to every input; and Retro.
chooses the best subset per input using labels unavailable at
deployment. MoD and the strongest static subset shift mass
toward positive margins, but the per-input selector shifts it
further. Hence even the retrospectively best global subset
leaves samples closer to the decision boundary, exposing
the limitation of fixed selection.

3.3. How Sparse Can Layer Selections Be?

Fixed selection might fail simply because its subset con-
tains too few layers. If so, allowing more layers should let
the best fixed subset close the gap. We test this explanation
by varying a maximum subset size s. Every candidate in-
cludes the final CLIP layer as a semantic anchor and at most
s − 1 intermediate layers, yielding the family Cs. Because
s is a ceiling, a candidate may use fewer than s layers.

Figure 3 (right) reports results for ViT-B/16. As s grows
the deployed router’s FPR@95 reduces to 18.86 at s=9
while the best fixed expert plateaus near 33.5. With the ex-
pert pool and WebContEX held fixed, this gap measures the
contribution possible from per-input selection over choos-
ing one global expert at various levels of sparsity (the com-
plete per-dataset retrospective breakdown is in App. N,
Fig. N.2).

Motivational insight: Selection matters beyond fusion.
Intermediate layers are useful, but fixed fusion constrains
their effective use. Margins identified in the retrospective
diagnostics motivate learning to select, rather than design-
ing another fixed fusion heuristic.
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Figure 3. Why fixed selection fails. Left: Margin distributions
for the final layer, MoD, the best fixed subset, and per-input retro-
spective selection over the same s=9 family. Right: Increasing s
improves Voyager while the best fixed subset plateaus.

4. Methodology
The preceding analysis suggests that useful OOD evi-

dence exists across depth, but that no fixed layer subset is
reliable for every input. We therefore keep the pretrained
evidence unchanged and learn only which depths to trust.
Voyager uses a few-shot ID set DID and weak context Dctx

to train a router over frozen layer experts; the backbone,
text prototypes, and layer-wise OOD scores are never opti-
mized, and no target-OOD label or test image is used.

4.1. Frozen Layer Experts

To isolate routing from representation learning, we pre-
serve the underlying OOD detector. At each depth ℓ, a
frozen ID-confidence score Sℓ(x) compares the normalized
image representation with the ID text prototypes and sum-
marizes how strongly the image matches the ID taxonomy:
higher values are more ID-like. We use MCM or its global–
local extension GL-MCM as specified in Sec. 6; Appendix
Sec. D.1 gives the score and expert definitions.

A single intermediate layer provides incomplete evi-
dence, while averaging all layers can dilute specialized
cues. We therefore construct sparse candidates contain-
ing the final layer—a stable semantic anchor and at most
s − 1 intermediate layers. With L layers this gives K =∑s−1

r=0

(
L−1
r

)
candidates. If Li is expert i’s subset, then

Ei(x) =
1

|Li|
∑
ℓ∈Li

Sℓ(x). (1)

The unweighted mean makes each expert purely a choice
of layers, avoiding fusion parameters that could obscure the
contribution of routing.

4.2. Learning Which Expert to Use

Raw expert confidences are not directly comparable be-
cause different layer subsets have different ID ranges. We
align them at the evaluation operating point: the few-shot
ID set defines expert i’s 95%-retention boundary bi =
Q0.05({Ei(x) : x ∈ DID}) and scale σi, the standard de-
viation of its fitting-set scores. Here Q0.05 is the empir-
ical 5th percentile and ϵ > 0 stabilizes the denominator.
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Figure 4. Voyager method overview. Frozen CLIP produces layer-wise OOD scores. A lightweight router selects one sparse, final-layer-
anchored expert for each image; that expert’s mean layer score is the detector output.

Thus Di(x) = (Ei(x)− bi)/(σi + ϵ) has a common mean-
ing: positive is ID-like and negative falls below the expert’s
boundary.

This creates supervision without target-OOD data: ID
samples rank experts by Di(x), while WebContEX sam-
ples rank them by −Di(x). Overlapping subsets often have
nearly identical margins, making a one-hot choice unstable.
A temperature-controlled softmax over the top k experts
instead defines q(x), assigning zero mass outside that set
(Eq. (7)). This remains selective while sharing mass among
plausible routes.

The router Gθ(x) predicts q(x) from mean-pooled
frozen layer features. It never receives expert scores, so it
learns visual cues associated with trustworthy depths rather
than a hand-crafted score rule. Only this small MLP is
optimized, with L = CE(q,Gθ) + λbalLbal. The two
terms act at different levels: cross-entropy follows each im-
age’s soft expert target, while the weak batch-level term
Lbal =

∑
i fipi discourages globally sending all inputs to

one expert. For a batch B, pi = |B|−1
∑

x∈B [Gθ(x)]i is
mean router probability and fi is the detached fraction of
hard routes assigned to expert i. Gradients flow through pi;
no derivative through the hard assignment is needed. We
use λbal = 0.01. The separation value from the earlier draft
has no router gradient and is excluded; Appendix Sec. H
audits this choice.

4.3. Inference

At test time, a hard route preserves the intended
interpretation—one input-conditioned layer subset supplies
the score:

î(x) = argmax
i

[Gθ(x)]i, Score(x) = Eî(x)(x). (2)

Few-shot draws can support slightly different but valid
routes, so the deployed detector averages a small ensem-

ble of independently seeded routers. All members share
one frozen CLIP forward pass and expert table; only the
inexpensive MLP decisions are repeated. No WebContEX
image, context sample, or target-OOD example is required
at inference.

5. WebContEX: Retrieval-Based Weak OOD
Supervision

Voyager needs weak OOD context only to learn which
frozen expert to route to. We introduce WebContEX,
which constructs this context from ID class names and
public web images. The procedure is taxonomy-agnostic:
replacing the ID label set changes the semantic exclu-
sion criterion, while retrieval and router supervision re-
main unchanged, and no target-OOD instance is required.
ImageNet-100 and Pascal-VOC 1-shot reuse the same
ImageNet-derived pool and rescore it against the new ID
text prototypes. The Pascal-VOC val row instead uses a
matched-size, globally unique refresh drawn with the same
construction and disjoint from the deployed pool.

Concretely, WebContEX maps the ID labels and candi-
date web concepts to WordNet, then rejects direct overlaps
and concepts that are too close to the ID taxonomy. Its re-
trieval stage can use the resulting queries with a searchable
image repository. We instantiate the deployed method with
Wikimedia Commons because it provides a large, diverse
public pool; all headline WebContEX results use this in-
stance. WebContEX samples the retained concepts evenly,
removes low-quality or invalid images, and deduplicates
each retrieval shard. The images receive only a binary
proxy-OOD label: their retrieved concept names are not
used as classification targets. WebContEX therefore teaches
the router which frozen layer expert to trust without tuning
prompts, modifying CLIP, or adding any test-time compo-
nent.
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Why does WebContEX help? The proxy is useful be-
cause it is semantically separated from the selected ID tax-
onomy, yet remains close enough to expose difficult regions
of the representation space. WordNet filtering removes di-
rect ID overlap without assuming access to a target OOD
set (Figure 5). In CLIP space, the retrieved samples lie
near the ID manifold but shift away from exact ID matches,
creating ambiguous inputs for which different layers can
provide different evidence (Figure 7). This structure trans-
lates into a consistent empirical gain: increasing the con-
text from 250 to 5,078 cache entries lowers FPR@95 from
24.43 to 18.86 (Figure 6). Thus WebContEX provides ID-
conditioned, boundary-relevant routing context without re-
quiring knowledge of the unknown evaluation shifts.

Proxy-source check. Table 1 isolates the effect of the su-
pervision source while keeping the router, context size, and
training recipe fixed. Beyond Wikimedia retrieval, we test
three off-the-shelf external sources (Oxford Flowers-102,
Food-101, and Stanford Cars) and two constructions us-
ing only ID data (local crops and synthetic features). We-
bContEX consistently outperforms both the best external
proxy dataset and ID-only supervision. Notably, local crops
from the few-shot ID images—similar to the supervision
used by Local-Prompt—still improve Voyager over static
fusion, showing that ID-derived context alone can learn use-
ful routing, although retrieved WebContEX supervision re-
mains substantially more effective. Full per-source results
are reported in Appendix Table 10.
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Figure 7. WebContEX retrieval analysis (ViT-B/16). Web-
ContEX samples lie near the ID manifold but are less similar
than ID matches. UMAP colors indicate ID-dominated (blue),
WebContEX-dominated (red), and mixed neighborhoods (pale).

Table 1. Proxy-source check. Using the same router, context size,
and training recipe with only proxy source changes. Complete per-
dataset results are in Table 10.

Proxy source Avg. FPR↓ Gap
WebContEX 18.86 –
Best external dataset 23.74 +4.88
ID-only local crops
(Local-Prompt-style [2, 41])

26.71 +7.85

Generic ID-only synthetic 27.38 +8.52
MoD static fusion 30.70 +11.84

6. Experimental Settings

Evaluation protocol. We evaluate ImageNet-1K, Pascal-
VOC, and ImageNet-100 against their standard held-out
OOD datasets. ImageNet-1K follows MoS [16], with SSB-
Hard and NINCO from OpenOOD v1.5 for near-OOD eval-
uation [42]; Pascal-VOC follows the published frozen-CLIP
protocol [19, 23]. Results use 1 or 4 ID shots as indicated.

Base detector. Unless otherwise stated, Voyager uses
CLIP ViT-B/16 [34] and applies GL-MCM [31] at every
layer.

Training. Router fitting uses few-shot ID features and
the 5,078-entry WebContEX cache (Sec. 5). ImageNet-100
and VOC one-shot rescore the deployed pool; VOC full-
validation uses a source-disjoint refresh. Table 8 records
the split roles.

Router configuration. The default uses s = 9, a top-
32 target with temperature 2, λbal = 0.01, and five fixed
seeds. Router training and calibration never use target OOD
data. Backbone-specific dictionary sizes are documented in
Appendix Sec. D.1 and Table 9; Appendix Sec. L retains a
separate prompt-view compatibility check.

Metrics. We report AUROC and FPR@95 measuring
the false-positive rate on OOD samples when the ID true-
positive rate is fixed at 95% (lower is better).



Table 2. ImageNet-1K OOD detection (ViT-B/16).
FPR@95↓/AUROC↑; Avg. is over four shifts. Bold/underline:
best/second-best per shot setting; ⋆: our rerun.

Method iNat. SUN Places DTD Avg.
Zero-shot, training free
MCM [28] 30.91/94.61 37.59/92.57 44.69/89.77 57.77/86.11 42.74/90.77
GL-MCM [31] 17.42/96.44 30.75/93.44 37.62/90.63 55.20/85.54 35.25/91.51
MoD [19] 15.98/96.90 45.58/89.69 35.71/92.72 25.51/94.84 30.70/93.54
One-shot
CoOp [44] 18.95/95.52 29.58/92.90 38.72/89.64 48.03/85.87 33.82/90.98
LoCoOp [30] 21.67/95.69 22.98/95.07 31.41/92.10 49.79/87.85 31.46/92.68
ID-Like [2] 14.57/97.35 44.02/91.08 41.74/91.15 26.77/94.38 31.78/93.49
Local-Prompt⋆ [41] 18.52/96.46 34.79/92.93 41.11/90.60 54.45/87.66 37.22/91.91
Voyager 4.38/98.48 25.64/94.21 24.64/92.36 32.85/88.74 21.88/93.45
Four-shot
CoOp [44] 14.60/96.62 28.48/94.98 36.49/89.98 43.13/88.03 30.67/91.82
LoCoOp [30] 16.05/96.86 23.44/95.94 32.87/91.98 42.28/90.19 28.66/93.74
ID-Like [2] 8.98/98.19 42.03/91.64 44.00/90.57 25.27/94.32 30.07/93.68
Local-Prompt [41] 9.65/97.87 20.40/95.57 29.39/92.67 51.20/88.08 27.66/93.53
Voyager 3.93/98.78 21.65/95.13 21.88/93.48 27.96/90.58 18.86/94.49

7. Main Results

7.1. OOD Detection Across Datasets and Backbones

Few-shot fitting scope. Core few-shot entries use each
method’s original released configuration and a separate fit
per ID benchmark, shot count, and backbone. That model
is frozen across all OOD columns; no per-target retraining
is performed.
ImageNet-1K: different shifts favor different signals.
Table 2 prioritizes the complete native one- and four-shot
prompt grid. At four shots, prompt-learning FPR ranges
from 27.66 to 30.67: Local-Prompt is strongest on the scene
shifts, ID-Like on iNaturalist and DTD, and LoCoOp is
more balanced. Thus each prompt strengthens a differ-
ent part of the OOD signal. For essential frozen controls,
MCM/GL-MCM are zero-shot and MoD uses ID data to
choose one fixed layer fusion; GL-MCM is strongest on
SUN, while MoD is strongest on the other three shifts. No
fixed representation is uniformly best.

Routing combines these depth-dependent cues more
effectively. Standalone Voyager reaches 18.86 average
FPR@95, improving the strongest four-shot prompt base-
line by 8.80 points. Classical post-hoc scores appear in Ap-
pendix Table 21; CSP comparisons and prompt-view con-
trols appear in Table 17. These broaden the comparison
beyond the core prompt-learning grid.
Pascal-VOC: competitive overall, with complementary
shift strengths. Table 3 changes the ID task to a multi-label
taxonomy. Voyager ranks second overall at 16.62/96.41,
trailing LoCoOp by 2.39 FPR@95 and 0.26 AUROC; we
therefore do not claim the best Pascal-VOC result. The
average, however, hides complementary behavior: Voy-
ager has lower FPR on four of six shifts—iNaturalist (0.31
vs. 1.18), SUN (10.67 vs. 13.31), Places (8.62 vs. 16.14),
and ImageNet-22K (14.22 vs. 14.73)—whereas LoCoOp is
markedly stronger on DTD and COCO. Voyager also im-
proves GL-MCM and MoD by 12.82 and 10.35 points, and

the recent Local-Prompt by 21.31 points.
This reversal cautions against judging a learned detector

on one dataset alone. Local-Prompt is the strongest prompt
baseline on ImageNet-1K (27.66), but reaches 23.39 on
ImageNet-100 and 37.93 on Pascal-VOC; Voyager obtains
18.86, 12.46, and 16.62, ranking first, first, and second,
respectively. We interpret this as more consistent transfer
across taxonomies, not uniform dominance: texture-heavy
DTD and category-overlapping COCO remain limitations.
Because the proxy and ensemble-size comparison included
the reported Pascal target suite, this configuration is target-
selected rather than strictly target-blind.

Table 3. Pascal-VOC OOD detection (ViT-B/16).
FPR@95↓/AUROC↑; Avg. is over six shifts. Bold/underline:
best/second-best; ⋆: our rerun.

Method iNat. SUN Places DTD IN-22K COCO Avg.
Training-free (MCM/GL-MCM zero-shot; SeTAR/MoD val-fitted)
MCM [28] 10.51/97.93 30.45/94.25 36.11/91.86 53.21/91.77 53.82/91.12 57.10/89.02 40.20/92.66
GL-MCM [31] 4.33/98.81 22.94/94.63 26.20/93.11 41.61/92.88 37.88/93.17 43.70/90.71 29.44/93.88
MoD [19] 2.19/98.92 19.70/95.77 19.53/95.11 44.08/92.06 34.70/91.15 41.60/88.09 26.97/93.52
Prompt learning (native full-validation fit, seed 1)
CoOp⋆ [44] 5.07/98.40 18.85/96.50 21.32/94.88 17.62/96.44 17.59/96.41 37.80/90.75 19.71/95.56
LoCoOp⋆ [30] 1.18/99.40 13.31/97.31 16.14/95.77 11.83/97.27 14.73/96.97 28.20/93.32 14.23/96.67
ID-Like⋆ [2] 28.32/95.80 29.81/94.64 24.66/94.68 65.80/87.68 64.06/80.12 62.40/84.91 45.84/89.64
Local-Prompt⋆ [41] 6.52/98.38 26.39/94.78 30.47/92.74 53.46/91.18 57.25/91.42 53.50/89.25 37.93/92.96
Few-shot routed detectors
Voyager 1-shot 0.89/99.44 15.83/96.26 20.84/95.51 32.80/93.56 19.84/96.17 44.40/88.80 22.43/94.96
Voyager val 0.31/99.81 10.67/97.67 8.62/97.91 23.81/95.38 14.22/97.37 42.10/90.30 16.62/96.41

ImageNet-100: the pattern persists under a smaller tax-
onomy. In Table 4, LoCoOp is again the strongest prompt
rerun at 15.18, while CoOp only matches MoD and ID-Like
and Local-Prompt are worse. Voyager improves to 12.46
by capturing stronger iNaturalist, Places, and DTD signals,
although LoCoOp remains better on SUN. Prompt learning
is therefore useful when its bias matches the shift, but the
standalone routed detector gives the strongest macro result
in this core comparison.

Table 4. ImageNet-100 OOD detection (ViT-B/16, 4-shot).
FPR@95↓/AUROC↑; Avg. is over four shifts. Bold/underline:
best/second-best; ⋆: our rerun.

Method iNat. SUN Places DTD Avg.
MCM [28] 18.13/96.77 36.45/94.54 34.52/94.36 41.22/92.25 32.58/94.48
GL-MCM [31] 17.26/96.90 34.52/94.77 33.69/94.54 38.33/93.38 30.95/94.90
MoD [19] 13.72/97.40 37.71/93.68 25.41/95.71 12.87/97.44 22.43/96.06
CoOp⋆ [44] 15.58/97.02 22.89/96.14 25.31/94.92 25.39/95.20 22.29/95.82
LoCoOp⋆GL [30] 6.68/98.49 11.30/97.58 16.57/96.31 26.17/94.75 15.18/96.78
ID-Like⋆ [2] 4.59/98.87 46.27/91.22 50.91/89.43 16.49/96.87 29.56/94.10
Local-Prompt⋆ [41] 6.83/98.08 25.02/95.85 25.77/95.53 35.92/93.82 23.39/95.82
Voyager 1.94/98.98 19.75/96.14 15.90/96.53 12.23/97.30 12.46/97.24

Additional backbones: gains depend on depth structure.
The narrow RN50x4 and ViT-B/32 FPR gains in Table 5,
together with their AUROC regressions, show when routing
has little room to help. Appendix Fig. N.1 finds RN50x4 ex-
pert complementarity mostly below C=0.07, versus max-
ima near 0.26 for B/16 and B/32; its four convolutional
stages therefore expose fewer distinct signals. Alignment
is another risk: a matched audit degrades from 45.40/88.82
with CLIP’s pretrained downsampling to 56.66/84.81 with



Table 5. Backbone transfer on ImageNet-1K (4-shot).
FPR@95↓/AUROC↑. The core comparison excludes prompt-
fusion extensions; bold marks the best metric per backbone.

Method iNat. SUN Places DTD Avg.
RN50x4 (MCM routed scores)
MCM 44.00/91.59 35.13/92.83 44.30/89.38 57.22/85.99 45.16/89.95
MoD 41.79/92.00 31.83/93.48 40.46/90.36 52.38/87.37 41.61/90.80
Voyager 44.21/89.23 37.87/92.03 44.45/88.57 39.15/89.61 41.42/89.86
ViT-B/32 (GL-MCM routed scores)
MCM 33.85/93.62 40.99/91.56 46.71/89.25 60.90/85.03 45.61/89.87
MoD 12.02/97.64 28.98/93.37 35.69/91.61 39.36/91.07 29.01/93.42
Voyager 21.41/95.58 26.56/93.17 34.54/90.79 31.95/90.00 28.62/92.39
ViT-L/14 (MCM routed scores)
MCM 46.19/91.42 32.58/93.34 37.02/91.86 54.95/86.19 42.68/90.70
MoD 51.82/89.43 47.86/88.97 27.84/93.67 56.26/84.29 45.94/89.09
Voyager 16.19/96.85 23.65/94.16 26.30/92.52 44.49/87.52 27.66/92.76
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Figure 8. Detection–Cost Pareto. Circles: Matched 4-shot
ImageNet-1K/WebContEX. Crosses: Native-FPR. Bubble area
denotes peak GPU memory; Voyager uses N=8.

a frozen random 1×1 projection. The reported RN50x4
row uses the pretrained path, so low complementarity bet-
ter explains its remaining limitation. Still, Voyager low-
ers FPR on all three additional backbones. Most clearly,
on the 24-block ViT-L/14 it improves MoD by 18.28 FPR
and 3.67 AUROC points. The RN result therefore moti-
vates architecture-aware intermediate-stage experts rather
than reusing Transformer-style fusion unchanged.

Shared-context efficiency. Figure 8 controls WebCon-
tEX access and cost. With identical data, the N=8 Voy-
ager audit trains in 2.6 minutes/0.9GB at 19.12 FPR@95;
LoCoOp/ID-Like/Local-Prompt need 50.9 minutes–7.1
hours/13.1–22.9GB and yield 36.67/53.60/31.13, worse
than their native 28.66/30.07/27.66. Unlike these few-shot
prompt learners, Voyager is designed to learn from exter-
nal weak OOD context: holding the router and recipe fixed,
WebContEX improves over ID-local crops from 26.71 to
18.86 (Table 1). Prompt methods adapt an ID-derived
negative construction; Voyager instead keeps CLIP and
its prompts frozen and uses external images only to learn
which depth to trust. Thus the difference is the ability to
use context, not merely access to it; N=5 is cheaper.

7.2. Near-OOD Detection

SSB-Hard [37] and NINCO from OpenOOD v1.5 [42]
provide complementary ImageNet-1K near-OOD tests. Ta-
ble 6 compares fixed scores, all four native 4-shot prompt

Table 6. OpenOOD v1.5 near-OOD (ImageNet-1K ID, ViT-
B/16). FPR@95↓/AUROC↑; Near: avg. of NINCO & SSB-Hard.

Method SSB-Hard NINCO Near

MCM 89.45/63.71 79.62/73.56 84.53/68.64
GL-MCM 85.33/67.82 72.92/75.72 79.13/71.77
CSP 82.81/71.82 68.61/77.98 75.71/74.90

CoOp 89.07/63.85 77.85/71.43 83.46/67.64
LoCoOp 86.59/67.58 76.15/71.66 81.37/69.62
ID-Like 91.47/49.85 74.40/75.41 82.93/62.63
Local-Prompt 85.75/67.91 72.69/76.20 79.22/72.06
Voyager 71.39/64.19 52.35/81.15 61.87/72.67
CSP-prompt Voyager 82.20/71.32 66.23/77.24 74.22/74.28
Dual-Prompt CSP Voyager 77.42/67.42 60.94/80.95 69.18/74.18

baselines, and standalone Voyager. The strongest prompt
method, Local-Prompt (79.22/72.06), trails fixed CSP
(75.71/74.90); Voyager gives the lowest FPR (61.87),
while CSP retains the best AUROC (74.90).

7.3. Controlled Design Analysis

Is learned selection necessary? Table 7 fixes the ex-
perts, scores, and WebContEX. Moving from the final layer
(45.64 FPR) to one globally selected expert (34.60) shows
that the sparse family is useful, but fixed selection can-
not adapt. A per-input maximum-score rule reaches 28.93,
whereas the feature-conditioned router reaches 18.75. This
additional 10.18-point gain isolates learned per-image trust
rather than mere access to intermediate scores; the analysis-
only oracle at 7.06 shows remaining headroom.

Table 7. Selector ablation. Fixed experts, scores, and WebCon-
tEX; only selection changes. ImageNet-1K & average FPR@95.

Selector Selection signal FPR@95↓
Last-layer Fixed final-layer expert 45.64
Fixed context One global expert

(WebContEX)
34.60

Best score rule Per-input max expert score 28.93
Learned Voyager router Image feature → expert 18.75
Label-aware oracle Analysis-only upper bound 7.06

Which design choices matter? Figure 9 gives a consis-
tent picture. The final-layer anchor reaches 18.86, versus
23.51 for the best intermediate anchor, so auxiliary lay-
ers work best as corrections to a stable semantic reference.
Increasing the subset budget accumulates complementary
cues (31.28 at s=2, 22.01 at s=5, and 18.86 at s=9). Ca-
pacity is not the explanation: one/three/five hidden layers
give 20.56/18.86/19.95. Instead, mean-pooled cross-layer
features (18.86) beat last-layer, max-pooled, and concate-
nated inputs (21.07/20.21/20.00). The final panel shows
gains saturating near five routers, motivating the stability
analysis below.
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Figure 9. Ablation study (FPR@95 ↓). Across anchor layer,
subset size s, router depth, input aggregation, and ensemble size.
7.4. Why Multiple Routers?

Near-tied experts make a single router seed-sensitive, so
we average small heads that share frozen features and scores
and output selected scalar scores, not votes [20,33]. Across
15 seeds, individual FPR spans 21.09–27.90. Exact routes
agree only 5–7%, yet their layer sets overlap (Jaccard 0.47–
0.59) and scores correlate (0.63–0.74). Averaging improves
21.09 → 19.25 → 18.86 for N=1, 2, 5 and then saturates;
five disjoint ensembles give 19.91 ± 0.79, well below the
8.80-point main gain but not a paired significance test. A
fixed-draw control still improves 21.09 → 20.48, isolating
optimization diversity. Appendix Fig. J.1 and Table 15 give
the full audit.

7.5. What Layers Does Voyager Select?

We audit the deployed GL-MCM routes over all 50,000
ImageNet-1K validation and 35,640 original-suite OOD im-
ages: 428,200 decisions across five routers, without a new
model or selection step. Target labels only group routes af-
ter inference; no target image or label fits or selects a router.
Block 12 is mandatory and omitted.

ID
iNat.
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DTD

45 50 59 57 54 51 52 41 26 24 20

66 52 50 7 10 8 15 58 42 58 16

58 24 27 13 18 36 24 19 28 32 39
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(a) Inclusion across all images and five routers (%)
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auxiliary block (block 12 is mandatory)
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Figure 10. Layer distribution of standalone Voyager. (a) Inclu-
sion over every ImageNet-1K validation and original-suite OOD
image with five routers. (b) Per-router inclusion minus its dataset
mean over the 11 exchangeable auxiliary blocks, controlling for
route size. Orange outlines mark positive enrichment for all five
routers. Block 12 is mandatory and omitted.

Figure 10(a) shows shift-dependent depth and sparsity.

ID routes average 5.80 blocks and enrich blocks 3–7; iNat-
uralist combines blocks 1–3 with 8/10. DTD has the small-
est routes (3.58) and enriches 1–3. Places and SUN have
aligned centered profiles (r=0.97), favoring block 1 while
retaining more late evidence than DTD; their routes average
4.16 and 4.60 blocks.

Panel (b) subtracts each router’s dataset mean so larger
experts do not appear important merely by size. Given
low exact-route agreement but moderate layer-set and score
agreement, we interpret reproducible depth profiles and
route sizes rather than one expert identity. The Appendix
Shapley check reinforces that selection frequency describes
the policy, not causal layer importance.

Where does the evidence change spatially? Figure 11
shows clean-ID-normalized crop scores for post-hoc suc-
cesses: MCM/MoD retain local ID-like plant or texture ev-
idence, whereas Voyager produces broader OOD evidence
and crosses the image threshold. These examples are spa-
tial, not aggregate or causal; Appendix Sec. Q provides full-
set and target-blind route distributions.

GT: OOD
Original

FAIL
MCM

FAIL
MoD

SUCCESS
Voyager

GT: OOD FAIL FAIL SUCCESS

Figure 11. Where routing changes the OOD evidence. Sliding-
window maps for post-hoc success cases. Scores are threshold-
normalized; red/blue denotes ID-/OOD-like evidence.

Conclusion

We introduced Voyager, a lightweight framework that
learns which frozen VLM layers to trust for each image.
This per-image selection is our central contribution: it
exploits complementary layer biases without altering the
backbone or using WebContEX at inference. Controlled
comparisons separate WebContEX’s weak routing context
from the gains of adaptive selection over fixed experts, static
fusion, score rules, and matched prompt-learning baselines.
Across three ID benchmarks and multiple CLIP backbones,
the core detector shows where routing transfers and where
it does not. A full-set, five-router audit further shows
reproducible dataset-level changes in selected depth and
route size, while explicitly limiting the interpretation to the
learned routing policy rather than causal layer importance.
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A. Appendix Overview and Organization
This appendix provides additional material that comple-

ments the main paper and documents both supporting and
negative evidence for Voyager. In particular, it expands the
discussion of datasets, implementation details, limitations,
source dependence, few-shot robustness, retrieval-based
OOD supervision, theoretical motivation, layer-importance
diagnostics, and interpretability.

For clarity, the appendix is organized as follows:

• Sec. B details the in-distribution, evaluation, and proxy
OOD datasets used throughout the paper.

• Sec. C describes WebContEX, a retrieval-based strat-
egy for constructing proxy OOD context from Wiki-
media Commons.

• Sec. D records the default router architecture and
score-flow used in the main ImageNet-1K experi-
ments.

• Sec. D.1 gives the complete mathematical definition
of the expert dictionary, ID-boundary normalization,
routing target, loss, and ensemble.

• Sec. E reports inference runtime and latency overhead.

• Sec. F ablates the selection mechanism, showing the
learned router beats every score-based selection rule
and the static baselines.

• Sec. G ablates the routing-target sharpness (hard top-1,
top-k, and fully soft) used by the deployed detector.

• Sec. H audits every loss term and tests an expert-
overlap-aware target.

• Sec. I reports how Voyager scales with the number of
ID shots, showing that 1–2 shots are sufficient.

• Sec. J reports the full ensemble-size curve and route-
stability audit supporting the main-paper ablation.

• Sec. K details how the prompt-learning baselines are
re-trained under the same WebContEX context as Voy-
ager, and the harness used to measure training time
and memory.

• Sec. L defines the two-view extension and reports its
component and fusion-sensitivity audits.

• Sec. M reports near-OOD, fixed-recipe transfer, and
classical-score checks, including limitations.

• Sec. N analyzes expert complementarity and the rout-
ing opportunity across sparsity levels and backbones.

• Sec. O provides complementary theoretical justifica-
tion for the value of intermediate layers and dynamic
routing.

• Sec. P provides a post-hoc layer-importance diagnostic
for the fixed Table 2 detector.

• Sec. Q presents full-set and target-blind per-image
layer-route distributions for standalone Voyager.

• Sec. R discusses the main limitations of Voyager, with
emphasis on the dependence on proxy OOD supervi-
sion.

Taken together, these sections isolate the roles of proxy
context and learned selection, document few-shot and
boundary sensitivity, and show that complementary inter-
mediate evidence creates the opportunity exploited by the
routing policy.

B. Dataset description

In-Distribution Dataset

ImageNet-1K. ImageNet-1K [7] is the primary in-
distribution (ID) dataset for the standard CLIP OOD suite.
Following the few-shot setting, we sample a small number
of images per class (1-shot and 4-shot) from the ImageNet
training set to train the Voyager router. These samples are
used only for router supervision; the CLIP backbone re-
mains frozen.

For evaluation, we follow the standard ImageNet-based
OOD protocol [16, 28] and use the full ImageNet-1K vali-
dation split, consisting of 50,000 images across 1,000 cat-
egories. All OOD detection results reported in the main
paper are computed using this zero-shot evaluation setting.

Pascal-VOC. We also evaluate on the multi-label Pascal-
VOC ID benchmark used in prior frozen-CLIP work [19,
23]. The ID fitting pool is the published validation split
(94 images over 14 classes), while ID evaluation uses the
disjoint VOC test split (906 images). The Voyager (val)
row in Table 3 uses all 94 validation images; the 1-shot row
uses one image per class.

ID split separation. For every ID benchmark, router-
training images are distinct from evaluation images. On
ImageNet-1K, the router receives 4-shot samples from the
training split and evaluation uses the validation split. On
Pascal-VOC, the Voyager (val) row fits on the published
validation pool and evaluates on disjoint VOC test images,
matching the validation-fitted MoD protocol. Table 8 sum-
marizes the exact roles and counts.



Table 8. Data split accounting. ID train/fitting images are disjoint from ID evaluation images. Core transfer and appendix compatibility
rows reuse the same ImageNet-derived WebContEX pool, while Pascal-VOC val uses a matched-size, source-disjoint balanced refresh. No
reported target-OOD evaluation image is used for router training or proxy construction.

Benchmark Role Split/source # images Use in this paper

ImageNet-1K ID router train ImageNet train 4,000 4-shot ID supervision and ID-boundary estimation for the router;
sampled from the training split only.

ImageNet-1K Router / fusion context WebContEX 5,078 Cached images retrieved from ImageNet-1K ID names; context for
router fitting only.

ImageNet-1K ID evaluation ImageNet val 50,000 ID side of final FPR@95/AUROC evaluation; never used for router
fitting.

ImageNet-1K OOD evaluation iNat./SUN/Places/DTD 10,000/10,000/10,000/5,640 Held-out OOD benchmarks used only for reporting final metrics.

ImageNet-100 ID router train ImageNet-100 train subset 400 4-shot ID supervision for the subset stress test in Table 4.
ImageNet-100 Router / fusion context WebContEX 5,078 Same ImageNet-derived cache entries, rescored against ImageNet-

100 text prototypes.
ImageNet-100 ID evaluation ImageNet-100 val subset 5,000 ID side of the ImageNet-100 FPR@95/AUROC evaluation; disjoint

from the 4-shot train subset.
ImageNet-100 OOD evaluation iNat./SUN/Places/DTD 10,000/10,000/10,000/5,640 Held-out OOD benchmarks used only for reporting final metrics.

Pascal-VOC ID router train Published val split 94 Full-val Voyager row uses the same ID validation pool used to fit
the MoD configuration; the 1-shot row uses 14 images.

Pascal-VOC Router / fusion context WebContEX 5,078 The val row uses a globally unique, source-disjoint balanced re-
fresh; the 1-shot and prompt-view rows rescore the deployed
ImageNet-derived pool. Neither contains VOC test data.

Pascal-VOC ID evaluation VOC test 906 ID side of the Pascal-VOC evaluation; disjoint from the validation
pool.

Pascal-VOC OOD evaluation SUN/Places/DTD/iNat./COCO/IN-22K 10,000/10,000/5,640/10,000/1,000/10,000 Held-out OOD benchmarks from the published frozen-CLIP proto-
col; used only for reporting final metrics.

Table 9. Configurations used in reported router results. All
rows use the same MLP, optimizer, and six epochs; WebContEX
has 5,078 rows. Pascal-VOC val uses the matched-size, source-
disjoint balanced refresh; the 1-shot and prompt-view rows use
the deployed pool. “Full” denotes a soft target over all K experts.

Use Backbone / score s Target N ID fit

ImageNet-1K main ViT-B/16, GL-MCM 9 top-32 5 4-shot
Matched LoCoOp view (IN-1K) ViT-B/16, LoCoOp-MCM 9 top-32 5 4-shot
CSP auxiliary (12-layer) ViT-B/16 or B/32, CSP 9 top-32 5 4-shot / full val
WebContEX size sweep ViT-B/16, GL-MCM 9 top-32 5 4-shot
ImageNet-100 ViT-B/16, GL-MCM 7 full 8 4-shot
Matched LoCoOp view (IN-100) ViT-B/16, LoCoOp-MCM 7 full 8 4-shot
Pascal-VOC 1-shot ViT-B/16, GL-MCM 7 full 8 1-shot
Pascal-VOC val ViT-B/16, MCM 9 top-32 16 full val
Matched LoCoOp view (VOC) ViT-B/16, LoCoOp-MCM 7 full 8 full val
Near-OOD IN-10/20 ViT-B/16, MCM 7 full 5 4-shot
ViT-B/32 ViT-B/32, GL-MCM 8 top-32 5 4-shot
RN50x4 standard RN50x4, MCM 2 top-2 8 4-shot
RN50x4 CSP auxiliary RN50x4, CSP 2 full 5 4-shot
ViT-L/14 ViT-L/14, MCM 4 top-32 5 4-shot
Shared-context diagnostic ViT-B/16, GL-MCM 9 top-32 8 4-shot
Selector / few-shot diagnostics ViT-B/16, GL-MCM 9 top-32 8 1–16 shots

Out-of-Distribution Datasets

We adopt the four OOD datasets filtered by the MoS pro-
tocol [16], which removes all ImageNet-overlapping cate-
gories to ensure a clean distribution shift.

iNaturalist. [15] contains fine-grained flora and fauna
categories. We use the 10,000-image filtered version
from [16], which excludes any classes that map to
ImageNet-1K.

SUN. [40] consists of indoor and outdoor scene images
across thousands of semantic categories. Following [16],
we use the de-duplicated 10,000-image subset with all

ImageNet-overlapping classes removed.

Places. [43] provides large-scale scene categories. We
use the 10,000-image subset filtered by [16] to ensure no
semantic overlap with ImageNet-1K.

Texture (DTD). [6] includes 5,640 texture images anno-
tated using 47 human-interpretable attributes. This dataset
introduces low-level distribution shifts distinct from object-
centric ImageNet categories.

Pascal-VOC OOD suite. For Pascal-VOC, we follow the
published frozen-CLIP protocol and evaluate against six
held-out OOD sets: the four datasets above plus COCO [25]
and an ImageNet-22K subset [7]. These OOD images are
evaluation-only and are not used to fit Voyager or MoD.

B.1. Weak OOD Supervision for Voyager

Voyager uses a small amount of weak OOD supervision
to train the dynamic router; this proxy context is not used
during evaluation. The supervision is provided by WebCon-
tEX, a retrieval-based proxy context constructed automati-
cally from Wikimedia Commons using ImageNet-1K label
names (no hand-curated outlier data); we detail its construc-
tion in Sec. C. Transfer experiments reuse this same image
pool and rescore it against the new ID taxonomy.

C. WebContEX (Web Context via Semantic
Exclusion): Retrieval-Based Weak OOD
Supervision

Constructing a proxy OOD context dataset can be chal-
lenging in practice, particularly in domain-specific settings



Algorithm C.1 WebContEX construction. Retrieval-
based weak OOD supervision from ID labels only.
Require: ID label set CID, candidate web labels Cweb, Word-

Net graph G, image-search retrieverR (Wikimedia Commons
here), distance threshold dmin=2, per-label image cap m

Ensure: WebContEX context Dctx and cached frozen-CLIP fea-
tures/scores

1: Map each ID label c ∈ CID to WordNet synsets SID(c).
2: Initialize retained query setQ ← ∅ and context setDctx ← ∅.
3: for all candidate label q ∈ Cweb do
4: Map q to candidate synsets S(q).
5: Compute d(q, CID), the shortest WordNet path from S(q)

to any ID synset.
6: if S(q) overlaps an ID synset or d(q, CID) < dmin then
7: discard q
8: else
9: add q toQ

10: end if
11: end for
12: for all retained query q ∈ Q do
13: Retrieve images Iq ← R(q) from the configured reposi-

tory.
14: Keep at most m images that pass resolution, file-integrity,

and deduplication checks.
15: Add the filtered images to Dctx with binary context label

y=1.
16: end for
17: Cache frozen CLIP features and per-layer scores for Dctx.
18: Train the router with domain labels y=0 for few-shot ID im-

ages and y=1 for WebContEX context images.
19: return Dctx and cached features/scores.

Constraint: no target-OOD label, target-OOD training im-
age, or evaluation image is an input to WebContEX.

where curated outlier data may not be readily available.
To explore a more accessible alternative, we introduce We-
bContEX, a retrieval-based strategy that constructs weak
OOD supervision from web images for a given labeled ID
distribution. The goal of WebContEX is to demonstrate that
the router in Voyager can learn effective routing behavior
from retrieval-based weak OOD supervision and is not re-
stricted to curated, hand-collected benchmark outlier sets.
Algorithm C.1 gives the full construction procedure.

WebContEX first identifies candidate labels that are se-
mantically separated from the in-distribution classes. To
this end, we leverage the WordNet hierarchy and measure
the shortest-path distance between candidate synsets and
the synsets corresponding to the ID labels supplied by the
user or benchmark. Labels whose semantic distance ex-
ceeds a small threshold (at least two hops in our experi-
ments) are retained as potential OOD categories. As illus-
trated in Fig. 5, this heuristic encourages semantic separa-
tion while still allowing a mixture of relatively nearby and
more distant concepts. Including semantically closer cate-

gories is particularly useful for generating challenging near-
OOD examples, which provide informative supervision for
learning robust routing behavior. Importantly, this proce-
dure is intended to encourage semantic disjointness with
the in-distribution classes, although constructing perfectly
disjoint OOD proxy sets remains an open problem.

Once the candidate labels are selected, we retrieve im-
ages from Wikimedia Commons1, an open repository con-
taining over 136 million images, and use them to construct
the proxy OOD context for router training. Sampling is bal-
anced across the selected labels so that the proxy context is
not dominated by a small number of visual concepts. Ex-
ample retrieved images are shown in Fig. C.1.

C.1. Why retrieval-based augmentation works

To understand why WebContEX provides useful super-
vision for training the router, we analyze the representation
similarity between retrieved samples and in-distribution
data. Main-paper Fig. 7a shows the cosine similarity be-
tween image embeddings and their closest ID neighbors
(ImageNet-1K in our main experiments). While ID sam-
ples naturally exhibit very high similarity to other ID ex-
amples, WebContEX images remain relatively close to the
ID manifold but are consistently shifted toward lower sim-
ilarity values. This indicates that retrieved images tend to
form near-OOD examples: they share semantic or visual
structure with the in-distribution classes while still deviat-
ing from them. Such samples provide informative supervi-
sion, as they expose the model to ambiguous regions where
the boundary between ID and OOD is difficult to determine.

We further visualize the embedding space using the
UMAP projection in main-paper Fig. 7b. The map reveals
regions where ID and WebContEX samples overlap as well
as regions dominated by OOD examples. These mixed re-
gions correspond to areas of high uncertainty where distin-
guishing ID from OOD requires more nuanced representa-
tion cues. Training the router with WebContEX therefore
encourages the model to learn routing policies that are sen-
sitive to these local shifts in the representation space, al-
lowing it to better exploit intermediate-layer signals when
encountering distribution shifts at test time.

WebContEX construction details (reproducibility)

We document the exact construction settings used to
build the deployed WebContEX pool so the proxy context
can be reproduced from the released builder.

Candidate vocabulary. The candidate OOD vo-
cabulary is drawn from WordNet noun synsets
(wordnet.all synsets(pos="n")). A synset
is retained only if it is semantically disjoint from the

1https://commons.wikimedia.org/wiki/Main_Page

https://commons.wikimedia.org/wiki/Main_Page
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Figure C.1. Example WebContEX retrievals. Random samples from the Wikimedia Commons proxy context used only for router
supervision.

ID label set: we form the union of the ID synsets and
their full WordNet ancestor and descendant closures
(hypernyms/instance-hypernyms and hyponyms/instance-
hyponyms), and discard any candidate falling in that union.
Surviving candidates are further filtered to a minimum
WordNet depth of 5, to the allowed lexical categories
noun.animal, noun.plant, and noun.artifact,
and to a “simple” primary lemma (lowercase alphabetic,
no underscores) whose maximum lemma frequency lies
in [5, 80] to prefer mid-frequency concrete concepts
over hyper-generic or rare ones. Selection is deter-
ministic under a fixed seed (seeded tie-jitter), and the
disjointness is verified by an overlap report asserting
|YWebContEX ∩ YImageNet| = 0.

Query formation from labels. For each selected synset,
search queries are formed from its WordNet lemma names:
underscores are replaced by spaces, and only simple al-
phabetic terms of length ≥ 3 are kept. From each base
term we generate up to three query variants—the bare term,
“<term> photo”, and a lexname hint (e.g. “<term>
animal”, “<term> plant”, “<term> object”)—
capped at 5 queries per synset, with up to 80 candidate
results fetched per query from the Wikimedia Commons
search API.

Images-per-label cap. Sampling is balanced across la-
bels: each synset has a target of 20 images, and per-synset
collection stops once that quota is met. To avoid intra-
synset redundancy, candidates are additionally capped at a
maximum fraction of the per-synset quota from any single
query and from any single aspect-ratio bucket.

Duplicate removal. Within each independently retrieved
shard, duplicates are removed at three levels: (i) image URL
and Commons page id are deduplicated during candidate
collection; (ii) exact duplicates are removed by SHA-256
over the re-encoded JPEG bytes; and (iii) near-duplicates
are removed with an 8×8 DCT-based perceptual hash, re-
jecting any image within a Hamming distance of 8 of an
already-accepted image. The released manifest retains the
source and hash of every deployed cache entry for repro-
ducibility. These within-shard checks and semantic filters
do not establish image-level disjointness from every eval-
uation dataset; no cross-dataset near-duplicate audit is re-
ported here.

Failed-query and download handling. A search query
that raises an API error is logged and skipped, and the
synset proceeds with its remaining queries. Each image
download is attempted up to 2 times with linear backoff
(base 0.4 s) and an 18 s per-request timeout, retrying on
transient HTTP responses (429/503/504); downloads that



still fail, or images that fail to decode, are skipped. Synsets
that do not reach their quota are recorded as partial and used
to backfill the final selection when needed.

Integrity and resolution filtering. Every accepted im-
age must have width and height of at least 256 pixels;
SVG/vector files are rejected, EXIF orientation is normal-
ized, transparent (RGBA/LA) images are flattened onto
a white background, and images are re-encoded to RGB
JPEG (quality 95). A lightweight quality heuristic down-
weights candidates whose title or description matches noisy
tokens (e.g. logo, icon, diagram, map, flag, chart) and those
with extreme aspect ratios, prioritizing photographic con-
tent.

Deployed pool. Applying this procedure yields the de-
ployed WebContEX cache of 5,078 Wikimedia Commons
entries, materialized as an ImageFolder-compatible
union and used only at training time. To prevent live-
web drift, the revision artifacts include the exact ordered
manifest with the Commons URL, query, license, attribu-
tion, dimensions, and SHA-256 for every entry. A sep-
arately staged deterministic JPEG archive has SHA-256
ff7e6a38...c71c; the manifest and packager verify all
5,078 cached paths without relying on live re-retrieval.

C.2. Proxy-context source ablation

Table 10 isolates the effect of the proxy-context source,
holding the router and recipe fixed (deployed s=9, top-32,
N=5); every context is sampled to the WebContEX size. It
compares the deployed Wikimedia retrieval with three off-
the-shelf external datasets and two proxies constructed en-
tirely from ID data. Three findings emerge. (i) ID-only
local context is already useful: a local-region crop proxy
built from freshly sampled few-shot ID images reaches
26.71 FPR@95 and improves over static MoD (30.70). A
generic ID-only feature-synthesis proxy (27.38) shows the
same trend. (ii) The source matters substantially: Web-
ContEX is 7.85 points stronger than ID-only local context
and 4.88 points stronger than the best off-the-shelf external
dataset. External retrieval is therefore a major contributor,
not a nuisance variable. (iii) The supervision labels mat-
ter: randomly permuting ID/OOD-context labels collapses
performance to 51.36. Together with the same-context se-
lector ablation, these results support complementary contri-
butions from WebContEX and learned routing.

Table 11 tests a stricter alternative explanation: per-
haps WebContEX works simply because a binary ID-vs-
WebContEX classifier transfers to the benchmark OOD
sets. It does not. Direct MLP classifiers trained on the final-
layer feature or on the same mean-pooled multilayer feature
used by the router both exceed 54 FPR@95, while Voyager

Table 10. Proxy-context source ablation (ImageNet-1K ID,
ViT-B/16, 4-shot). Each cell reports FPR@95↓/AUROC↑; Avg.
is the macro-average across OOD datasets. Every context is sam-
pled to the WebContEX size (5,078) and trained with the iden-
tical router (s=9, top-32, N=5); only the outlier-context source
changes. Voyager (deployed) uses WebContEX; the generic ID-
only synthetic row uses context generated from the few-shot ID
features (best of mixup/extrapolation/noise); the ID-only local-
crops row uses small local image regions of freshly-sampled few-
shot ID images (ID-Like/Local-Prompt-style). Bold marks the
best per column among the routing proxies; the lower block is
reference (static MoD; and a shuffled-label control that destroys
the ID/OOD supervision).

Proxy-context source iNat. SUN Places DTD Avg.
Retrieved / generated context (routing)
WebContEX (deployed) 3.93/98.78 21.65/95.13 21.88/93.48 27.96/90.58 18.86/94.49
ID-only local crops (ID-Like) 22.01/94.53 33.95/93.22 25.06/93.44 25.82/92.45 26.71/93.41
Generic ID-only synthetic 17.37/95.91 33.66/93.41 25.98/93.42 32.52/90.26 27.38/93.25
External proxy datasets (sampled to 5,078)
Oxford Flowers-102 15.97/96.13 29.79/94.05 20.83/94.45 28.39/91.23 23.74/93.96
Food-101 15.32/96.28 30.55/94.09 22.47/94.02 29.10/91.25 24.36/93.91
Stanford Cars 18.79/95.25 29.54/94.05 22.68/93.79 31.99/89.38 25.75/93.12
Reference (no routing / broken supervision)
MoD static fusion 15.98/96.90 45.58/89.69 35.71/92.72 25.51/94.84 30.70/93.54
Shuffled labels (control) 32.06/93.20 52.83/88.38 61.07/84.36 59.47/82.32 51.36/87.06

Table 11. Direct proxy-classifier control. Binary ID-vs-
WebContEX MLPs use the same 4-shot ID data and full Web-
ContEX pool, but their classifier probability is used directly as the
OOD score instead of routing over frozen experts. Avg. FPR@95↓
on ImageNet-1K.

Detector Avg. FPR@95↓

Direct MLP, final-layer feature 54.38
Direct MLP, mean-pooled multilayer feature 56.96
Voyager router, same WebContEX context 18.86

remains at 18.86. Thus WebContEX does not transfer effec-
tively as a direct proxy-domain classifier in this setup; it is
more useful as supervision for choosing among frozen layer
experts.

D. Default Architecture and Implementation
Details

Figure D.1 expands the default Voyager detector used
for the main ImageNet-1K results. The architecture is in-
tentionally split into a frozen scoring path and a small train-
able routing path. The CLIP image encoder, text encoder,
prompts, layer-wise GL-MCM scores, ID thresholds, and
expert table are all fixed before router training; only the
router MLP parameters are learned.

Frozen scoring path. For the default ViT-B/16 setting,
CLIP provides L=12 visual layers. We compute a GL-
MCM confidence score at each layer and construct every
sparse expert as a mean over a layer subset that always in-
cludes the final layer ℓ⋆=11. With sparsity budget s=9, the
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Figure D.1. Default Voyager architecture. The frozen scoring path produces layer-wise GL-MCM scores and a fixed dictionary of final-
layer-anchored sparse experts. A small router MLP, trained only from 4-shot ID and WebContEX context, selects one expert per router;
the deployed detector averages the five selected expert scores.

candidate family contains

K =

8∑
r=0

(
11

r

)
= 1981

experts. Each expert has its own ID boundary estimated
from the few-shot ID features, and expert scores are simple
frozen reductions of the cached layer scores.

Router and ensemble. The router input is the mean-
pooled layer feature vector ϕ(x) ∈ R512. The default MLP
has hidden widths 256, 128, 32 and outputs a distribution
over the K experts. It is trained for 6 epochs with AdamW,
learning rate 10−2, weight decay 10−4, batch size 64, and
the top-k FPR@95-aligned soft target from Eq. 7 (deployed
k=32; ablated in Sec. G). The deployed detector trains five
routers with independent seeds and averages their selected
expert scores, as in Eq. 10. This ensemble changes only the
scalar score aggregation; it does not require additional CLIP
forward passes.

Training versus inference. WebContEX and the 4-shot
ID set are used only to train the router and estimate ID
boundaries. At test time, Voyager receives a single image,
runs frozen CLIP once, computes the frozen expert table,
selects one expert per router, and returns the average se-
lected score. No WebContEX image, target-domain OOD
example, or proxy-dataset score is used during inference.

Reproducibility and environment. All reported num-
bers use PyTorch 2.10 (CUDA 12.8) on a single GPU, with
the five fixed router seeds {0, . . . , 4} and the cached 4-shot
ID draws. Because the router is trained on cached per-layer
features and GL-MCM scores (the frozen CLIP forward is
computed once and stored), the full training-and-evaluation
pipeline is deterministic and reproduces run-to-run bit-for-
bit within a fixed environment; we release the environment

specification and seeds with the code. As is typical of GPU
training, the hard argmax over the K=1981 near-tied ex-
pert candidates makes the absolute FPR@95 mildly sensi-
tive (well under one point) to the CUDA/cuDNN version, so
we fix and report the environment to reproduce the headline
numbers exactly; the routing conclusions and rankings are
unaffected.

Architecture insight: The learned part is small. The
trainable component is only the router ensemble. The
backbone, prompts, per-layer GL-MCM scores, expert def-
initions, and ID boundaries remain fixed, so Voyager acts
as a lightweight selection layer over an already computed
frozen-CLIP score table.

D.1. Full Method Definition

This section expands the intuitive description in Sec. 4
and fixes every mathematical convention used by the de-
ployed detector.

Layer scores and expert dictionary. Let fℓ(x) ∈ Rd and
tc ∈ Rd be normalized image and text representations. At
depth ℓ,

zℓ,c(x) = γ⟨fℓ(x), tc⟩, Sℓ(x) = max
c

exp zℓ,c(x)∑
c′ exp zℓ,c′(x)

,

(3)
where γ = 1/T is the fixed inverse temperature of the un-
derlying MCM/GL-MCM detector. With final layer ℓ⋆ =
L− 1 and sparsity budget s, the anchored dictionary is

Λ(L, s) = {A ∪ {ℓ⋆} : A ⊆ {0, . . . , L− 2}, |A| ≤ s− 1},

K =

s−1∑
r=0

(
L− 1

r

)
.

(4)
Each Li ∈ Λ(L, s) returns the mean in Eq. (1). The de-
ployed ViT-B/16 model uses L = 12, s = 9, and K =
1981.



Clean-ID boundary normalization. For each expert, the
few-shot ID fitting split defines

bi = Q0.05({Ei(x) : x ∈ DID}),
σi = Std({Ei(x) : x ∈ DID}),

Di(x) =
Ei(x)− bi
σi + ϵ

.

(5)

Here ϵ > 0 is a numerical stabilizer. Positive distance is
ID-like; negative distance falls below that expert’s 95%-
retention boundary. We use the standard linearly inter-
polated empirical quantile and never use ID evaluation or
target-OOD data to estimate it. The estimate is naturally
noisier for very small pools such as Pascal-VOC one-shot,
so the disjoint full-validation VOC setting is primary.

Routing target. Training samples have domain label
y(x) = 0 for ID and y(x) = 1 for WebContEX context.
We rank experts by

Mi(x) =

{
Di(x), y(x) = 0,

−Di(x), y(x) = 1.
(6)

Let Nk(x) contain the k largest policy values and Zk(x) =∑
j∈Nk(x)

exp(Mj(x)/τtgt). The soft target is

qi(x) =

{
exp(Mi(x)/τtgt)/Zk(x), i ∈ Nk(x),

0, otherwise.
(7)

The deployed setting uses k = 32 and τtgt = 2. The router
takes the fixed mean-pooled layer feature ϕ(x) and outputs
Gθ(x) ∈ ∆K−1. Its route loss is

Lroute = −Ex

K∑
i=1

qi(x) log[Gθ(x)]i. (8)

Balancing and ensemble. For a batch B, de-
fine mean router mass pi = |B|−1

∑
x∈B [Gθ(x)]i

and detached hard-assignment frequency fi =
|B|−1

∑
x∈B 1{argmaxj [Gθ(x)]j = i}. Then

Lbal =
∑

i fipi, and the deployed objective is

L = Lroute + 0.01Lbal. (9)

Because fi is detached, ∇θLbal =
∑

i fi∇θpi; the dif-
ferentiable probability term supplies the gradient. There
is no loss-weight schedule. For router r, îr(x) =
argmaxi[Gθr (x)]i; the five-router detector returns

Scoreens(x) =
1

R

R∑
r=1

Eîr(x)
(x), R = 5. (10)

The members share the frozen backbone, layer scores, and
expert table, so no additional CLIP forward pass is required.
Table 9 records benchmark-specific settings, while Secs. G,
H, and J provide the corresponding ablations.

Table 12. Single-image inference cost (ViT-B/16, one GPU).
End-to-end latency (raw image to OOD score, no cached features),
throughput, and peak allocated GPU memory over 300 runs. Voy-
ager adds only 0.10ms over fixed 12-layer GL-MCM and no mea-
surable peak-memory increase.

Detector Latency (ms)↓ Throughput↑ Peak GPU↓
MCM 3.21 312 0.39GB
GL-MCM fixed 4.08 245 0.43GB

Voyager deployed 4.18 239 0.43GB

E. Inference Runtime and Latency

Table 12 reports the single-image inference cost of Voy-
ager on ViT-B/16, measured end-to-end from the raw im-
age with no cached features. The deployed detector runs in
4.18ms (239 images/s) with a 0.43GB peak GPU footprint.
Compared with a fixed 12-layer GL-MCM detector, the
input-conditioned router adds only 0.10ms (+2.5%) and no
measurable peak-memory increase, because the heavy CLIP
forward and per-layer scores are shared across experts.

F. Selection Mechanism: Learned Routing vs.
Rules

A central question is whether Voyager’s gain comes
from input-conditioned routing or merely from access to
the sparse expert family and its scores. Figure F.1 isolates
this: every bar uses the same anchored sparse experts, the
same frozen GL-MCM scores, and the same WebContEX
context; only the per-input selection mechanism changes.
We compare (i) static experts (the last layer, and the single
best expert chosen on the context), (ii) score-based selec-
tion rules that pick one expert per input from a heuristic on
the expert scores (random, min/max expert score, and the
largest absolute margin from the per-expert ID boundary),
(iii) the learned router, and (iv) the per-input label-aware
oracle.

The learned router reaches 18.8 FPR@95, beating the
strongest rule (max-score, 28.9) by roughly ten points and
the static last-layer baseline by more than twenty-five. Cru-
cially, the router does not consume the expert scores—
it selects from the image feature alone—so these score-
based rules serve as representative non-learned baselines,
not upper bounds over all non-learned selectors. That they
all trail the router shows the benefit is the learned, input-
conditioned policy, not the scores themselves. The oracle
(7.1) marks the remaining headroom of the expert family
under perfect per-input selection. (Here the router is the
extended-budget N=8 ensemble, evaluated on cached fea-
tures; the deployed detector uses N=5.)
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Figure F.1. Selection mechanism, not the score (ViT-B/16, We-
bContEX). All bars use the same anchored sparse expert fam-
ily and the same context; only the per-input selection mecha-
nism changes. Gray: score-based selection rules (pick an expert
per input by a heuristic on the expert scores) and the static last-
layer/fixed-context experts. Blue: the learned router (dashed line).
Green: the per-input oracle (label-aware headroom). The learned
gate beats the best rule (max-score, 28.9) by ∼10 FPR@95 and
is far below the static baselines, establishing a routing contribu-
tion under fixed scores and context rather than merely reading
off a max/min/margin of the expert scores. Configuration: N=8
routers, 4-shot ID, top-32 target.

Routing insight: The gate is the mechanism. Given
identical experts, scores, and context, a learned input-
conditioned gate beats every score-based selection rule
by ∼10 FPR@95, the fixed-context expert by ∼16, and
the last-layer baseline by >25. The improvement is the
routing policy, not access to the expert scores.

G. Routing Target Ablation

The router is trained with a soft, FPR@95-aligned target
rather than a hard one-hot choice of the single best expert.
Figure G.1 ablates the target sharpness by varying the num-
ber of target experts k while keeping the rest of the recipe
fixed (three independent N=8 ensembles per setting). A
hard top-1 target is robustly worst: at the FPR@95 bound-
ary many experts are near-tied, so committing the target to
a single expert is brittle. Relaxing the target helps, but a
fully soft target over all 1981 experts spreads its mass too
widely. The top-32 target gives the best result in this diag-
nostic, beating the full soft target by ∼0.8 FPR@95 (19.7
vs. 20.5) with non-overlapping error bars. We therefore use
top-32 in the deployed recipe.

Hard top-2
top-4

top-8
top-16

Soft
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Figure G.1. Routing target ablation (ViT-B/16, WebContEX).
Mean FPR@95 over three independent N=8 ensembles. A hard
top-1 target is worst (21.48), while the top-32 target (dashed line,
19.66) beats the full soft target (20.50) by about 0.8 FPR@95.

Table 13. Router-loss audit (ImageNet-1K, ViT-B/16). All rows
use the deployed top-32, N=5 recipe. The hard-gather separation
value has no router gradient; a genuinely differentiable version is
harmful.

Objective FPR@95↓ AUROC↑

Lroute 19.61 94.40
Lroute + 0.01Lbal (deployed) 18.86 94.49
Lroute + Lsoft

sep 56.75 83.29
Lroute + Lsoft

sep + 0.01Lbal 60.78 82.35

Target insight: Soft, but not too soft. A hard one-hot
target is brittle because many experts are near-tied at the
FPR@95 boundary, while a fully soft target over all ex-
perts spreads mass too widely. A soft target restricted to
the top-32 near-optimal experts is strongest in this diagnos-
tic.

H. Loss and Expert-Structure Audit

An implementation audit found that the separation loss
described in the previous draft had been evaluated on the
frozen expert score selected by a hard argmax. Because
the gather index is discrete and the gathered score is frozen,
this value has no gradient to the router. Consequently, the
deployed 18.86 detector was trained by Lroute + 0.01Lbal,
which is now the objective stated in Eq. 9. Table 13 repro-
duces the deployed result after explicitly setting the inac-
tive coefficient to zero. Removing balancing costs 0.75 FPR
points. Replacing the hard value with the genuinely differ-
entiable expected normalized distance

∑
i[Gθ(x)]iDi(x)

makes performance much worse, so we report it as a nega-
tive ablation rather than adding it to the method.

Experts overlap because their layer subsets share the
final anchor and often several intermediate layers. The



Table 14. Expert-overlap-aware target. We add λJ times the
Jaccard similarity to the best expert inside the top-32 target logits.
Explicit overlap weighting does not improve the deployed target.

λJ 0 0.5 1 2

FPR@95↓ 18.86 19.93 19.79 19.59
AUROC↑ 94.49 94.26 94.22 94.05

deployed target handles near-equivalence through perfor-
mance: it distributes mass among the 32 experts with the
best normalized boundary metric. Table 14 tests a more
explicit hierarchy by adding the Jaccard similarity between
each candidate subset and the best subset to the top-32 tar-
get logit. All nonzero strengths are slightly worse. Thus ex-
plicit overlap weighting is unnecessary in this experiment,
although the shared structure remains useful for interpreting
route stability (Table 15).

I. Few-shot Scaling of Voyager

Figure I.1 reports how Voyager scales with the number
of ID shots per class used to train the router, with the Web-
ContEX context held fixed. Performance is strongest at 1–2
shots and degrades slightly as more ID data is added. The
router is trained using ID-versus-context domain supervi-
sion to predict an expert-selection policy, so additional ID
supervision can let it over-fit the boundary between ID and
the WebContEX proxy, which transfers less well to the held-
out evaluation shifts. This confirms that Voyager needs
only minimal labeled ID data, consistent with the few-shot
setting used throughout the paper, and mirrors the proxy-
size behavior in Sec. C: a moderate amount of supervision
is enough, and more is not always better. This diagnostic
uses the extended-budget N=8 ensemble; the main paper
reports the deployed N=5 detector at the standard 4-shot
setting (Table 2, 18.86 FPR@95), so the absolute values
should be read through the configuration map in Table 9.

Few-shot insight: A little ID data is enough. Voyager
reaches its best ImageNet-1K FPR@95 with only 1–2 ID
shots per class; adding more shots does not help and can
mildly hurt, because the router over-fits the ID-vs-proxy
boundary rather than the true OOD decision boundary.

J. Ensemble Size and Variance Reduction
Figure J.1 measures how score-level router averaging

trades ensemble size for stability, holding the deployed
recipe fixed (4-shot ID, top-32 target, WebContEX context).
In the 15-seed audit pool, the seed changes both the cached
4-shot draw and router optimization randomness. A single
router’s FPR@95 ranges from 21.09 to 27.90 (std 1.7). Av-
eraging the per-input scores of N routers shrinks this spread
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single router (±std)
Voyager (N=8 ens., ext. budget, ±std)

Figure I.1. Few-shot scaling of Voyager (ViT-B/16, WebCon-
tEX). ImageNet-1K FPR@95 vs. the number of ID shots per class.
Gray: a single router (mean, with the±std band over seeds); blue:
the extended-budget N=8 ensemble (error bars/band are ±1 std
over 3 independent ensembles; the deployed detector uses N=5).
The ensemble both lowers FPR@95 by∼4–6 points and collapses
the seed variance (std∼0.1–0.5 vs.∼2–3 for a single router). Per-
formance is best at only 1–2 shots; more ID data lets the router
over-fit the ID-vs-WebContEX boundary, which transfers worse
to the evaluation shifts. Configuration: N=8 routers, top-32 tar-
get; ID shots vary along the x-axis.
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Figure J.1. Ensemble-size variance reduction (ViT-B/16, 4-shot,
top-32 target). ImageNet-1K FPR@95 of the Voyager ensemble
as routers are added (seeds 0..N−1); shading is the min–max over
random N -router subsets of a 15-router pool. Averaging both low-
ers FPR@95 and shrinks the seed-to-seed spread, with diminish-
ing returns past N≈5. The deployed N=5 detector (star) reaches
18.86, matching the main results (Table 2).

monotonically (std 0.5 at N=5, <0.2 by N=12) and low-
ers FPR, which plateaus past N≈5. Five disjoint five-seed
ensembles reach 19.91±0.79 FPR@95; the deployed seeds-
0–4 ensemble, fixed without target-OOD selection, reaches
18.86 (Table 2). In a stricter control where all five routers
share the identical seed-0 four-shot draw, averaging still im-
proves 21.09 → 20.48 FPR. Thus optimization diversity
helps by itself, while part of the full deployed gain comes
from averaging across few-shot draws. The ensemble re-



Table 15. Route stability across deployed seeds 0–4. Values
average all ten router pairs. Exact expert IDs vary, but selected
layer sets overlap and their scores remain correlated.

Evaluation set Exact route Set Jaccard Score corr. Unique/seed

ImageNet-1K ID 0.061 0.590 0.694 617–785
iNaturalist 0.074 0.576 0.630 320–496
SUN 0.058 0.505 0.690 375–470
Places 0.052 0.468 0.696 280–402
DTD 0.073 0.490 0.737 288–412

mains inexpensive because the frozen backbone and per-
layer scores are shared and only the small MLP heads are
replicated. This is the mechanism behind deterministic test-
time inference: the fixed five-router ensemble yields one
scalar score per input.

Ensemble insight: Cheap averaging buys stability.
Score-level averaging of a few routers converts the seed
variance of a single gate into a stable, near-deterministic
detector. Five routers capture most of the gain; the cost is
negligible because only the tiny router heads are replicated
over the shared frozen-CLIP score table.

The five deployed members individually span 21.09–
25.54 FPR@95 and 92.93–93.96 AUROC, while their score
average reaches 18.86/94.49. Exact expert-index agree-
ment is only 5–7%, but this overstates instability in a highly
overlapping dictionary: mean selected-set Jaccard is 0.47–
0.59, and selected-score correlation is 0.63–0.74. Each
router also uses hundreds of experts rather than collapsing
to one. The members therefore learn distinct but overlap-
ping routes, and score averaging converts that diversity into
the performance gain.

K. Training Baselines under a Shared Web-
ContEX Context

To separate routing from the supervision source, we re-
train the prompt-learning baselines using the exact same
weak OOD context as Voyager. Every method receives:
(i) the same frozen CLIP ViT-B/16 backbone; (ii) the same
4-shot ImageNet-1K ID supervision; (iii) the same 5,078-
entry WebContEX cache; and (iv) the same four-set eval-
uation protocol. Each method retains its native objective
and score, so this is a controlled context comparison, not an
assertion that the optimization problems are identical.

How each baseline consumes the WebContEX context.
The prompt-learning baselines were not originally designed
to ingest an arbitrary external outlier pool; each instead
derives its negatives internally. We therefore adapt each
method minimally, leaving its loss and architecture intact
and substituting only the source of outliers:

• LoCoOp [30] normally mines OOD regions from the
background of the few-shot ID images. We replace
this internally mined OOD-region set with the Web-
ContEX pool through its external-context branch (16
context tokens, 50 epochs, outlier weight λ=0.25, out-
lier batch size 4), keeping its global+local (GL-MCM)
test-time scoring.

• ID-Like [2] normally synthesizes ID-like outliers via
learnable crops of the ID images. We instead supply
WebContEX images as the external negative set (4-
shot ID, 3 epochs, ID batch size 32, outlier batch size
32). Its crop-based outlier construction makes each op-
timization step expensive, dominating its training cost.

• Local-Prompt [41] normally contrasts positive
prompts against learned negative prompts; we attach
the WebContEX pool as the negative-region context
(16 context tokens, class-specific contexts, 30 epochs,
8 positive / 1 negative prompts, 300 negative-prompt
bank). We reduce its batch size from 256 to 32 so the
added outlier batch fits in memory.

We retain each published loss, loss coefficient, learning-
rate schedule, and epoch count; only the explicit WebCon-
tEX input hook and the memory-required Local-Prompt
batch-size change are made. These settings are taken from
the native recipes and are not tuned on any target OOD set.
The same-context results use one prescribed baseline run
rather than selecting the best target-OOD seed; they should
therefore be read as mechanism controls, while Table 2 re-
mains the published-baseline comparison.

Cost-measurement protocol. All methods are measured
with a single identical harness: end-to-end wall-clock train-
ing time (single seed), peak GPU memory (sampled from
nvidia-smi at 3 s intervals), and peak system RAM
(resident set of the training processes). Voyager is mea-
sured the same way, timing the training of its extended-
budget N=8 router ensemble on the cached frozen fea-
tures under the same WebContEX context (the deployed
N=5 ensemble is cheaper still). This places every point of
the efficiency–accuracy comparison on a common footing
rather than mixing measured and reported costs.

Reproducibility notes. We record three practical consid-
erations for exact reproduction. (i) The WebContEX pool
is materialized as an ImageFolder-compatible union of
the retrieval batches; the per-folder labels in the union are
unused, since the pool serves only as an undifferentiated
outlier set. (ii) For LoCoOp, the post-training ID-accuracy
check in the underlying Dassl trainer expects a single logit
tensor and is incompatible with LoCoOp’s global+local tu-
ple output; this does not affect the saved prompt checkpoint



or the OOD evaluation, which we run as a separate step.
(iii) For Local-Prompt, the default batch size (256) does not
fit on a 24GB GPU once the WebContEX outlier batch is
added; we reduce it to 32 (which still uses ∼22.9GB) and
enable expandable CUDA memory segments to avoid frag-
mentation. This changes only the batch size, not the opti-
mization recipe.

For the native ImageNet-1K one-shot Local-Prompt row
in Table 2, we use its released seed-1 split: exactly one im-
age for each of 1,000 classes, 30 epochs, training top-50,
and evaluation top-10, without WebContEX or target-OOD
selection. Its effective batch of 256 also exceeds 24 GB
because gradients traverse the frozen text transformer for
1,000 class-specific prompts. We preserve every native op-
timizer step by accumulating sample-count-weighted losses
over two 128-image microbatches inside each of the eight
prompt updates, and use activation checkpointing to recom-
pute frozen text activations. Thus the objective and opti-
mizer schedule are unchanged, up to floating-point reduc-
tion order; the split manifest, checkpoint/log hashes, and
adapter are included with the artifacts.

For the separate ImageNet-100 comparison in Table 4,
we materialize the exact 100 WNID classes as symlinks,
verify that their sorted loader order equals the prompt-label
order, and fit every prompt method on the same four seed-
1 images per class. These are native runs without Web-
ContEX: CoOp is implemented by setting LoCoOp’s local-
loss weight to zero, LoCoOp uses λ=0.25 and top-50 lo-
cal patches, ID-Like uses its three-epoch recipe, and Local-
Prompt uses 30 epochs and its 300-negative-prompt bank.
No target-OOD image selects a checkpoint, score, or hy-
perparameter.

For the Pascal-VOC prompt comparison in Table 3, all
four methods instead fit the complete 94-image validation
split and evaluate the same disjoint 906-image test split and
six OOD sets. We verify the same 14-class loader order in
every implementation and retain each native recipe: CoOp
and LoCoOp use 50 epochs, ID-Like uses 3, and Local-
Prompt uses 30 with its 300-prompt negative bank. Lo-
CoOp’s released ImageNet local selection uses 200 of 1,000
classes; because 200 is invalid for 14 classes, we prescribe
top-3, the nearest integer scaling (21%), before evaluation.
Target OOD data are not used to choose this value, any
checkpoint, or any score. The IN-22K loader uses the same
deterministic first 10,000 sorted paths as the Voyager eval-
uation.

Training cost spans more than two orders of magnitude.
Table 16 reports the measured cost of every method under
identical supervision, and the spread is large. Training time
ranges from ∼2.6 minutes for Voyager to ∼50.9 minutes
(LoCoOp), ∼3.2 hours (ID-Like), and ∼7 hours (Local-
Prompt)—a factor of roughly 160× between the cheapest

Table 16. Shared WebContEX training cost. ViT-B/16, 4-shot
ID, WebContEX (5,078 cache entries). Avg. FPR@95 is averaged
over iNaturalist, SUN, Places, and Texture; the N=8 Voyager
row is the shared-cost diagnostic, not the deployed Table 2 config-
uration.

Method Train time Peak GPU Peak RAM Avg. FPR@95↓

LoCoOp 50.9min 18.5GB 28.3GB 36.67

ID-Like ∼3.2 h 13.1GB 35.3GB 53.60

Local-Prompt 7.1 h 22.9GB 11.7GB 31.13

Voyager (N=8) ∼2.6min 0.9GB 2.8GB 19.12

and most expensive method. Peak GPU memory ranges
from under 1GB for Voyager to 13–23GB for the prompt-
learning baselines. Peak system RAM shows a similar gap
(2.8GB vs. 28–35GB), because Voyager trains on a small
cache of frozen per-layer scores while the prompt-learning
methods stream the full ImageNet-1K training set through
their data loaders.

The reason is structural: prompt learning optimizes
through the frozen CLIP encoder, so every step must retain
the activations needed to back-propagate the full image—
and, for the methods studied here, several inner forward
passes and an extra outlier batch. Voyager instead trains a
small router on cached frozen scores and never runs a CLIP
forward or backward pass during training. As a concrete
illustration, Local-Prompt’s default batch size of 256 does
not fit on a 24GB GPU at all once the WebContEX outlier
batch is added; even reduced to 32 it occupies ∼22.9GB
(97% of the card) and takes about seven hours, whereas
Voyager trains an extended-budget N=8 router ensemble
in under three minutes using less than one gigabyte (the de-
ployed detector uses N=5 and is cheaper still).

Result. The prompt adaptations do not outperform Voy-
ager under the shared context. LoCoOp, ID-Like, and
Local-Prompt reach 36.67, 53.60, and 31.13 FPR@95,
whereas the shared-cost Voyager diagnostic reaches 19.12
with an extended-budget N=8 router ensemble. This is sep-
arate from the deployed Table 2 detector, which uses N=5
and reaches 18.86. The experiment shows that, given the
same WebContEX pool, our routing formulation converts
that context into a stronger detector than these adaptations.
It does not show that access to external context is irrelevant:
the proxy-source ablation establishes the opposite.

Appendix insight: Cheaper and better under the same
context. Given the same retrieval-based WebContEX pool,
Voyager is the strongest of the evaluated adaptations and
the cheapest to train. This isolates how the methods use a
common context; the separate proxy-source ablation mea-
sures the contribution of the context itself.



Table 17. Prompt-view extensions (ViT-B/16). Macro
FPR@95↓/AUROC↑. These diagnostics are separate from the
core detector tables. Panel (a) matches each LoCoOp-prompt route
to its benchmark’s standard route; panel (b) changes the semantic
score by adding grouped negative labels.

Method ImageNet-1K ImageNet-100 Pascal-VOC

(a) Matched LoCoOp prompt view
Standard-prompt Voyager 18.86/94.49 12.46/97.24 19.75/95.45
LoCoOp-prompt Voyager 42.43/86.78 13.61/97.11 14.89/96.42
Equal standard+LoCoOp 20.88/93.51 8.38/98.13 13.35/97.18

(b) Orthogonal CSP/negative-label extension
CSP 17.35/95.82 6.49/98.54 15.42/96.75
CSP-prompt Voyager 14.73/96.26 3.87/98.77 14.53/96.64
Equal standard+CSP 11.67/96.47 3.31/98.94 9.51/97.50

L. Prompt-View Compatibility Check
DualPrompt is not part of Voyager and is not used for

any main claim. We retain one compact compatibility table
so that the revision does not hide the mixed result. The Lo-
CoOp view uses native seed-1 prompts learned from ID data
only; the CSP view uses the fixed grouped negative-label
score [5, 18, 30]. Each view is routed independently with
the same WebContEX pool and benchmark-specific stan-
dard router recipe.

Before equal fusion, each branch is standardized by its
own clean-ID 5th-percentile boundary and standard devia-
tion. The 50/50 weight is fixed without target-OOD tuning,
and no target image or label is used for prompt fitting, rout-
ing, calibration, or weighting. Standard+LoCoOp is mixed:
it regresses on ImageNet-1K but improves ImageNet-100
and Pascal-VOC. Standard+CSP improves these three far-
OOD macro results, but it introduces a separate negative-
label method and therefore remains an appendix compati-
bility result rather than evidence for the routing contribu-
tion.

M. Robustness Stress Tests
Near-OOD. Table 18 evaluates the discriminative
ImageNet-10/ImageNet-20 split in both directions. Voy-
ager lowers FPR@95 by 2.0 and 6.6 points relative to
MCM, but AUROC is essentially unchanged in the first di-
rection and decreases by 0.50 in the second. This supports
a near-OOD FPR benefit without claiming uniform metric
improvement.

Fixed hyperparameter transfer and boundary sensitiv-
ity. Table 19 separates two questions that the protocol-
specific headline rows conflate. Carrying the com-
plete ImageNet-1K configuration without retuning remains
strong on ImageNet-100 (13.25/96.98) but loses 7.41 FPR
points relative to the VOC-specific configuration. Thus the
architecture and optimizer transfer, but the reported expert
budget, target support, ensemble size, and proxy realization

Table 18. Near-OOD ImageNet subset stress test (ViT-B/16, 4-
shot). Each cell is FPR@95↓/AUROC↑. Both methods use global
MCM scores in our common evaluation pipeline.

Method IN-10 ID / IN-20 OOD IN-20 ID / IN-10 OOD

MCM 6.80/98.90 24.80/97.22
Voyager 4.80/98.88 18.20/96.72

Table 19. Benchmark-specific versus fixed router recipe. The
fixed recipe transfers ImageNet-1K’s s=9, top-32, N=5 settings
without target-OOD tuning.

ID benchmark Protocol-specific Fixed recipe
FPR@95↓/AUROC↑

ImageNet-1K 18.86/94.49 18.86/94.49
ImageNet-100 12.46/97.24 13.25/96.98
Pascal-VOC 16.62/96.41 24.03/95.44

Table 20. VOC 1-shot boundary sensitivity. The fixed
ImageNet-1K recipe is used throughout; each cell is macro
FPR@95/AUROC over six shifts.

Q 0.01 0.025 0.05 0.10 0.20

FPR@95↓ 26.42 24.50 25.93 25.20 28.90
AUROC↑ 94.85 94.67 94.51 94.22 93.52

Table 21. Classical post-hoc scores on frozen ViT-B/16 features.
No method sees OOD fitting data; kNN and Mahalanobis use the
same four ID shots. Values are four-shift macro averages.

Score FPR@95↓ AUROC↑

Maximum logit 67.04 84.59
MSP (T=0.01) 60.01 82.94
Negative entropy (T=0.01) 48.95 87.53
Energy (T=0.01) 77.77 81.24
4-shot kNN 97.59 67.01
4-shot Mahalanobis 98.87 67.99

were benchmark-specific. The VOC 1-shot quantile sweep
in Table 20 further varies only the empirical ID boundary.
FPR spans 24.50–28.90 while AUROC changes by 1.33
points, confirming measurable sensitivity in a 14-image fit-
ting pool. The full 94-image validation fit with the same
fixed recipe reaches 24.03/95.44.

Traditional post-hoc scores. Table 21 broadens the main
frozen-VLM comparison with maximum-logit, MSP, en-
ergy, entropy, kNN, and shrinkage-Mahalanobis scores on
the same final-layer features. These conventional scores do
not transfer well to the frozen CLIP four-shift protocol; the
strongest shown is negative entropy at 48.95/87.53. We
report this result for scope rather than treating methods de-
signed around trained discriminative classifiers as directly



matched competitors.

N. Complementarity Between Experts
We analyze the complementarity between experts gen-

erated at different sparsity levels, using ImageNet-1K as
the in-distribution dataset and SUN, Places, iNaturalist,
and Textures as OOD benchmarks. The complementarity
score between two experts is defined as:

C =
Unique Detections
Total Detections

=
only1 + only2

only1 + only2 + both
, (11)

where only1 and only2 denote samples detected exclu-
sively by one expert, and both denotes samples detected
by both. A value of C = 0 indicates identical behavior,
whereas C = 1 corresponds to fully complementary ex-
perts.

To characterize expert diversity, we evaluate comple-
mentarity under a retrospective per-instance selector,
where the best expert is chosen independently for each in-
stance using labels that are unavailable at deployment. This
is an analysis diagnostic rather than a practical detector.
Figure N.1 reports the pairwise complementarity matrices
across sparsity levels for four CLIP backbones.

Several consistent trends emerge. First, experts associ-
ated with distant sparsity levels exhibit the strongest com-
plementarity. For example, ViT-B/16 and ViT-B/32 reach
complementarity scores up to C ≈ 0.26 between the most
distant sparsity configurations, indicating that these experts
frequently detect different subsets of OOD samples. In con-
trast, nearby sparsity levels show substantially lower com-
plementarity (e.g., C ≈ 0.05–0.10), suggesting partial re-
dundancy.

Second, transformer backbones exhibit substantially
richer complementarity patterns than convolutional ones.
ViT-B/16 and ViT-B/32 display the highest diversity across
experts, while ViT-L/14 shows slightly reduced comple-
mentarity (maximum C ≈ 0.21), suggesting that deeper
transformer models produce somewhat more homogeneous
expert behavior. In contrast, RN50x4 exhibits consistently
low complementarity (typically C ≤ 0.07), indicating that
experts derived from different sparsity levels capture more
similar signals.

RN50x4 feature alignment. Convolutional stages also
differ in channel count and spatial resolution, so mapping
them into CLIP’s shared embedding space can itself dis-
card information. We isolate this factor with the same score,
router recipe, WebContEX context, and eight seeds, chang-
ing only the stage-alignment operator. CLIP’s pretrained
residual downsampling reaches 45.40/88.82; propagating
through the later transition blocks gives 51.51/87.21, while

frozen, untrained 1×1 projections degrade to 56.66/84.81.
Thus naive random alignment is harmful. The RN50x4 re-
sult in the main paper uses the pretrained alignment path,
so its remaining limitation is consistent with the low com-
plementarity above rather than an untrained projection arti-
fact. More generally, convolutional encoders may require
architecture-aware experts that preserve multiscale stage
structure instead of directly transplanting the Transformer
subset construction.

Retrospective sparsity sweep. Figure N.2 reports the
main sparsity diagnostic deferred from the paper body. In-
creasing the sparsity budget enlarges the candidate expert
family and consistently lowers retrospective FPR@95 rela-
tive to the last-layer baseline, confirming that useful inter-
mediate evidence is not exhausted by a single fixed subset.

O. Theoretical Justification: The Value of In-
termediate Layers

This section is intended as a lightweight motivation for
dynamic routing, not as a formal guarantee of FPR@95.
The gap ∆ below is an expected-score separation proxy that
explains when adding an intermediate layer can improve an
anchored expert; the empirical sections measure the actual
thresholded OOD behavior.

Layer-wise Confidence and Separation. Let fℓ(x) be
the normalized representation at layer ℓ ∈ {0, . . . , L − 1}
of a frozen CLIP-style encoder and {tc}Cc=1 be text proto-
types. We define the maximum-concept matching (MCM)
confidence [28] at temperature τ > 0 as:

Sℓ(x; τ) = max
c

exp(⟨fℓ(x), tc⟩/τ)∑
c′ exp(⟨fℓ(x), tc′⟩/τ)

. (12)

To quantify OOD detection performance, we define the sep-
aration contribution of layer ℓ as the expected difference
between in-distribution (PID) and OOD (POOD) scores:

∆(ℓ) = Ex∼PID [Sℓ(x; τ)]− Ex∼POOD [Sℓ(x; τ)]. (13)

Anchored Expert Scores. We anchor our selection to the
final layer ℓ⋆ = L−1, which contains the strongest semantic
signal. For any auxiliary subset A ⊆ {0, . . . , L− 2} where
|A| ≤ s−1, the anchored expert score and its corresponding
population separation gap ∆(A) are:

Sanch
A (x; τ) =

Sℓ⋆ +
∑

ℓ∈A Sℓ

1 + |A|
, ∆(A) =

∆(ℓ⋆) +
∑

ℓ∈A ∆(ℓ)

1 + |A|
.

(14)
While a static method fixes A for all x, our dynamic ap-
proach selects A(x) per-input. Larger ∆(A) implies better
threshold separability for OOD detection.
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Expert Complementarity Across Backbones

Figure N.1. Expert complementarity across CLIP backbones. Pairwise complementarity matrices for ViT-B/16, ViT-B/32, ViT-L/14,
and RN50x4. Transformer experts expose richer diversity, whereas RN50x4 remains comparatively redundant.
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Figure N.2. Sparsity diagnostic. Comparison across architec-
tures. Dashed lines: last-layer reference; solid lines: retrospective
per-instance selection, used only to measure routing opportunity.

Theorem 1 (Exact Improvement Condition). For any
A ⊆ {0, . . . , L − 2} and ℓ /∈ A, adding layer ℓ improves
the separation gap if and only if its individual contribution
exceeds the current anchored average:

∆(A ∪ {ℓ}) > ∆(A) ⇐⇒ ∆(ℓ) > ∆(A). (15)

Proof. Let B = ∆(ℓ⋆) +
∑

j∈A ∆(j). By (14), we have

∆(A) = B
1+|A| and ∆(A ∪ {ℓ}) = B+∆(ℓ)

2+|A| . Then:

B +∆(ℓ)

2 + |A|
>

B

1 + |A|
⇐⇒ (1 + |A|)(B +∆(ℓ)) > B(2 + |A|)

⇐⇒ (1 + |A|)∆(ℓ) > B

⇐⇒ ∆(ℓ) >
B

1 + |A|
= ∆(A).

This completes the proof.

Implications: why intermediate layers help. Equa-
tion (15) formalizes the key mechanism: intermediate lay-
ers are beneficial only when they provide higher ID–OOD
separation than the current anchored expert. Under distri-
bution shift, some intermediate depths can increase separa-
bility (large ∆(ℓ)) while others can be neutral or harmful

(small or negative ∆(ℓ)). Consequently, any static subset A
inevitably underperforms on shifts where its chosen layers
do not satisfy (15). Dynamic routing addresses this by se-
lecting, per input, auxiliary layers whose contributions are
predicted to be beneficial using minimal outlier context.

Combinatorial Sparsity Motivation and a Theoretical
Plot Equation (4) shows that selecting up to s layers
from L induces a combinatorial hypothesis class of size
K =

∑s
r=1

(
L−1
r−1

)
, even under the mandatory inclusion

constraint of the last layer. This motivates dynamic rout-
ing as an amortized selection mechanism: a static method
must commit to a single subset (or a fixed fusion rule) glob-
ally, whereas routing learns a mapping x 7→ î(x) that selects
among many sparse candidates without exhaustive search.

P. Standalone Voyager Layer-Selection Valid-
ity Check

Main Fig. 10 audits the deployed standalone GL-MCM
Voyager with all ImageNet-1K validation and original-
suite OOD images and all five router seeds. For auxiliary
block ℓ and image x, its inclusion rate is

rℓ(x) =
1

5

5∑
n=1

1[ℓ ∈ An(x)] , (16)

the fraction of deployed routers whose selected expert con-
tains that block. Layer 12 is mandatory and omitted. Aggre-
gating rℓ uses all 50,000 ID and 35,640 OOD images. The
size-matched view subtracts, separately for each router and
dataset, its mean inclusion across the 11 exchangeable aux-
iliary blocks. A positive value therefore means that a block
is selected more than expected for that router’s observed
route size. Orange outlines require a positive sign for every
seed, a stricter stability condition than a large pooled mean.

As a separate validity check, we compute post-hoc
sparsity-constrained Shapley values for the same fixed
recipe (ViT-B/16, WebContEX, 4-shot ID, s=9, top-32,



Table 22. Do routed layers match measured layer value?
Router inclusion is averaged over seeds 0–4; Shapley blocks max-
imize marginal ID–OOD separation. Blocks are one-indexed and
exclude the mandatory final block 12. Agreement is Spearman
correlation across the 11 auxiliary blocks.

Shift Visual cue Most routed blocks (rate) Largest Shapley blocks (ϕ) ρ

DTD texture 1 (0.49), 2 (0.41), 11 (0.32) 5 (0.088), 3 (0.070), 6 (0.037) −0.10
iNaturalist fine-grained natural 1 (0.66), 8 (0.59), 10 (0.56) 8 (0.049), 10 (0.042), 1 (0.032) 0.86
Places scene/layout 1 (0.57), 11 (0.39), 6 (0.34) 3 (0.040), 5 (0.036), 4 (0.010) −0.44
SUN scene/layout 1 (0.53), 10 (0.38), 11 (0.38) 3 (0.036), 7 (0.008), 2 (0.005) −0.24

seeds 0–4). Shapley estimation uses a fixed seed-2027 sub-
sample of 400 ID and 400 images per OOD dataset; the full-
set route frequencies remain independent of this approxima-
tion. The final layer is held as the mandatory anchor. Equa-
tion (16) measures what the router selects, whereas Shapley
values estimate each block’s marginal mean-separation con-
tribution. Neither diagnostic is used for model selection.

Selection is not causal attribution. The full-set distribu-
tion explains the learned routing policy. Correlated, over-
lapping experts can make a block frequent without making
its individual marginal contribution positive.
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Figure P.1. Intermediate-layer contribution by OOD family.
Bars report the mean Shapley contribution of early, middle, and
late intermediate layers to the Table 2 Voyager separation objec-
tive. Positive values indicate improved ID–OOD separation rel-
ative to the final-layer anchor; negative values indicate harmful
auxiliary evidence.

Table 22 directly contrasts full-set route frequency with
the approximate separation objective. The fine-grained
iNaturalist shift gives the clearest correspondence: blocks
1, 8, and 10 are among both the most frequently routed
and most valuable. DTD and the two scene shifts show
the limitation: their routed experts vary among correlated
subsets, so frequent blocks need not have the largest indi-
vidual Shapley value. Together with the low exact-route
agreement but moderate set overlap in Table 15, this sup-
ports depth-group and distribution-level explanations rather
than a literal causal label for one selected expert.

Q. Interpretability: Full-Set and Per-Image
Routes

Main Fig. 10 reports the aggregate depth policy of stan-
dalone Voyager. Figure Q.1 expands that audit with image-
level routes, using the same five GL-MCM routers, ViT-
B/16 backbone, WebContEX context, and sparsity budget
s=9. For image x, each plotted ordinate is the inclusion rate
rℓ(x) from Eq. (16): the fraction of the five routers whose
selected expert contains auxiliary block ℓ. Hence values oc-
cur in increments of 0.2, and a value of one denotes unani-
mous inclusion. Block 12 is mandatory and omitted.

The top row exhausts each original-suite OOD dataset;
the remaining rows use three examples per dataset drawn
uniformly without replacement from the frozen dataset or-
der with seed 2027, before inspecting routes or predictions.
This selection is target-blind and is not used for model se-
lection. The page therefore separates population-level rout-
ing tendencies from illustrative per-image variation without
introducing the dual-prompt or CSP branch.

R. Limitations
Voyager is a few-shot detector that depends on both la-

beled ID examples and proxy OOD context. WebContEX
is automatic, but it is still external data: replacing it with
ID-derived local context degrades average FPR@95 from
18.86 to 26.71. The same-context selector ablation sep-
arately shows that learned routing contributes beyond the
proxy, improving from 28.9 for the strongest score rule to
18.8. These controls support complementary roles for data
and routing, not a data-free explanation.

The gains are taxonomy- and shift-dependent. On
Pascal-VOC, native LoCoOp reaches 14.23/96.67 and re-
mains stronger than standalone Voyager at 16.62/96.41.
Near-OOD FPR improves, but one direction loses 0.50 AU-
ROC, and the VOC quantile experiment shows that empiri-
cal boundaries are noisy in extremely small ID pools. The
reported model evaluation is confined to CLIP backbones;
transfer to other VLM families and specialized ID do-
mains remains to be established. Future work should study
domain-adaptive proxies, shrinkage-based boundaries, hier-
archical expert sharing, and proxy-free routing.
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Standalone Voyager: full-set and per-image layer routes
five-router auxiliary-layer inclusion rate  ·  GL-MCM, s=9  ·  block 12 is mandatory and omitted

Figure Q.1. Standalone Voyager route distributions. The top row is the mean auxiliary-block inclusion rate over every image and all five
routers; orange outlines mark the three most frequently included blocks. Each example curve gives the fraction of the same five routers
selecting each block for one target-blind image. Block 12 is mandatory and omitted.

Dataset-level structure. DTD concentrates on early blocks 1–
3 (50%, 42%, 32%) while retaining block 11 (32%). iNatu-
ralist combines early block 1 (66%) with late blocks 8 and 10
(58% each). Places and SUN both favor block 1 (58% and 51%)
but preserve more middle/late evidence: Places next emphasizes
blocks 11 and 6, whereas SUN emphasizes 11 and 10. Thus
the complete-data profiles reproduce Main Fig. 10: texture, fine-
grained natural, and scene shifts induce distinct depth mixtures
rather than one universal subset.

Per-image variation and scope. Aggregate peaks do not im-
ply a fixed route. DTD examples 1–2 favor blocks 1–2, while
example 3 shifts toward block 11. Places ranges from near-
exclusive block-1 agreement to block-3 emphasis and a mixed
early/late route; SUN includes both late-heavy and broad middle-
depth cases. iNaturalist repeatedly uses early and late blocks, but
their relative weights change by image. These curves describe
the router policy, not why an object is OOD: correlated experts
can realize similar scores with different subsets, and inclusion
frequency is neither semantic segmentation nor causal layer attri-
bution.
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