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Abstract

Open-vocabulary segmenters use text to recognize classes
without segmentation training labels. A small head can
adapt their predictions to labeled (seen) classes, but it can
also suppress held-out (novel) classes even when the back-
bone remains frozen. We study this tension on region-based
and dense vision-language segmenters under matched data
and supervision. On ADE20K, an unconstrained head
with class-dependent outputs reduces novel-class intersec-
tion over union (loU) from 15.1 to 0.1. Training the head to
stay close to frozen class probabilities restores novel-class
loU to 15.3 and raises mean loU (mloU) from 14.5 to 15.8.
To characterize this change, we measure alignment drift, the
mean cosine distance between corrected and frozen prob-
ability vectors. Across 38 class-specific settings (32 dis-
tinct corrections) in 13 families, drift tracks novel-class re-
tention (Pearson correlation r=—0.90). Corrections that
apply a shared rule across classes retain novel-class loU
throughout their observed drift range, establishing that drift
must be interpreted within the correction family. loU recov-
ery leaves a coverage gap. Anchored heads predict novel
classes over a smaller part of the image, while improved
confidence calibration alone can conceal novel-class loss.
Dividing all class scores by a shared temperature gives
the lowest expected calibration error among the tested in-
domain corrections retaining novel-class loU (27.2—8.7).
Our results support anchoring class-specific heads to frozen
predictions and evaluating novel-class accuracy, prediction
coverage and confidence calibration together.'

1. Introduction

Open-vocabulary (OV) semantic segmentation assigns im-
age regions to classes described by text, including classes
absent from segmentation training. The Segment Anything
Model (SAM) [19] proposes regions without semantic la-
bels. Contrastive Language—Image Pretraining (CLIP) [30]
then compares each region with text prototypes, the vector

!Code and supplementary material:
https://github.com/lexuanbach/anchor-the-head.
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Figure 1. Correction families on frozen dense CLIP. Unanchored
heads (red) reduce novel-class IoU, while anchored heads and
class-symmetric controls (green) retain it. Values follow Table 5.

representations of class names. Dense-CLIP variants score
patches directly. We can adapt these frozen models with a
small head trained on labeled seen classes. The goal is to
retain recognition of held-out novel classes.

A head can change which class wins a prediction even
when the image representation stays fixed. We ask which
constraints preserve novel-class accuracy during adaptation.
Within each comparison, we fix the backbone, cached log-
its (unnormalized class scores), class splits and supervision
budget. Our ADE20K splits hold out 30 of 150 classes [48].
We compare class-specific corrections with class-dependent
outputs against class-symmetric corrections that apply a
shared rule across classes. Anchoring constrains their de-
parture from frozen predictions.

Figure | illustrates the resulting distinction. Both
branches share frozen patch logits, highlighting how an-
choring or class symmetry preserves novel-class predictions
after correction. An unconstrained head reduces novel-class
IoU from 15.1 to 0.1. The loss persists across our data and
objective ablations. We characterize the departure from the
frozen predictor through alignment drift, measured between
corrected and frozen class-probability vectors. Across 38
settings in 13 families, drift correlates with retention at
r=—0.90, with a family-level correlation of —0.65 (Fig-
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ure 4). This association identifies a useful diagnostic within
the class-specific family.

Anchoring provides an effective intervention. Distilla-
tion, which trains the head to match frozen outputs, restores
novel-class IoU to 15.3 at penalty weight A=30 and raises
mloU from 14.5 to 15.8. Bounding each score correction by
a trust-region radius 7=0.5 also recovers accuracy. Along-
side interpolation toward frozen weights [39], these sweeps
trace the adaptation—retention trade-off (Figure 3). Class-
symmetric controls retain novel-class IoU across their ob-
served drift range, showing why drift alone cannot diagnose
loss across correction types. These constraints connect our
study to alignment-preserving OV architectures [45, 46].

We contribute a matched study of fitting, class symmetry
and anchoring (Table 5), extending it to the released LPOSS
label-propagation method [33], a head on its output (Ta-
ble 6), and cross-dataset transfer. We assess both adaptation
gains and retained capabilities. Recovering novel-class IoU
can leave a gap in the image area assigned to novel classes,
and better confidence calibration can coexist with lost accu-
racy. We therefore evaluate accuracy, coverage and calibra-
tion separately when choosing a correction.

We review related work (Section 2), define the problem
(Section 3), and introduce correction families (Section 4).
Experiments and deployment guidance follow in Section 5,
with limitations in Section 6 and conclusions in Section 7.

2. Related Work

Open-vocabulary segmentation from frozen founda-
tion models. Many open-vocabulary segmenters combine
a class-agnostic proposer with a vision-language model.
SAM [19, 31] or mask transformers [5] supply regions, and
CLIP [30] labels them against text. Training can align pixels
and text [13, 23, 43], adapt mask classification [8, 16, 25],
or add side networks to frozen CLIP [45]. Other archi-
tectures use diffusion features [44] or aggregate cost vol-
umes [6, 41].

Frozen-backbone systems refine the region-to-text inter-
face in several ways. FC-CLIP [46] scores masks with con-
volutional CLIP, Mask-Adapter [24] aligns proposal masks
to CLIP, and LPOSS [33] propagates labels over patch-and-
pixel graphs. We use released LPOSS propagation as both a
control and a base for our head audit (Table 6). CASS [18],
CorrCLIP [47] and PEARL [28] refine the base predic-
tor. ConceptBank [29] recalibrates SAM3 concept prompts
using target-domain statistics without learned parameters.
Training-free dense methods also modify CLIP attention or
features directly [2, 3, 10, 21, 22, 37, 40, 49]. Our dense ex-
periments draw on this family while keeping the base fixed
within each comparison.

Seen-class bias in trained open-vocabulary segmenters.
SCAN [27] calibrates proposal embeddings with CLIP’s

semantic prior to counter training-class bias. EBSeg [32]
adaptively balances image embeddings for training and new
classes and aligns their semantic structure with CLIP text
embeddings. These architectures establish the value of pre-
serving pretrained semantic information during adaptation.

We extend this architectural motivation into measurable
design trade-offs. By fixing the base and supervision, we
isolate class specificity, fitting and anchoring across correc-
tion families. Our sweeps quantify the anchoring needed
for recovery and connect it to drift from frozen predictions.
Joint coverage and calibration measurements then expose
what IoU recovery leaves unresolved.

Graph smoothing and label propagation. Pairwise
smoothing connects fully connected conditional random
fields (CRFs) [20], correspondence-based consistency [34],
and propagation over feature graphs [33]. We use an-
chored diffusion and generic graph-Laplacian smoothing as
class-symmetric controls. Their comparable retention tests
whether the behavior extends across operators.

Our ADE20K [48] and PASCAL VOC [11] evaluations
follow the broader dense-prediction literature [4, 7, 26, 42].

Calibration and selective prediction. Temperature scal-
ing divides logits by a positive scalar 7. Per-class tem-
peratures T, and vector scaling introduce class-dependent
rescaling, with vector scaling also adding a bias. These are
standard post-hoc calibration families [15]. Global temper-
ature also transfers across label sets and distribution shifts
in vision-language models [35]. Dense-prediction alter-
natives include local temperature scaling [9] and selective
scaling [36], while open-vocabulary calibration explicitly
addresses confidence errors on novel classes [38]. We eval-
uate calibration error, selective-prediction risk (error among
predictions retained by confidence) [1, 12, 17], and novel-
class retention separately. Section 5 shows that improved
calibration or risk ranking can coexist with a large loss of
retention. Weight-space interpolation [39] provides a com-
plementary way to control that trade-off on the correction
head (Table S7).

3. Problem Setup

We study corrections to frozen OV segmenters. For an im-
age x, a proposer emits N class-agnostic masks {m; } ;.
A vision-language model embeds region 7 as z; and class ¢
as a text prototype P,. The vocabulary C = C;UC,, contains
seen classes C, and held-out novel classes C,,. Dense-CLIP
stacks use patches in place of masks. We fit corrections
on seen labels and evaluate the full vocabulary, keeping the
backbone frozen and withholding novel-class training la-
bels.



We separate segmentation accuracy from confidence
quality. Intersection over union (IoU) measures the overlap
of predicted and ground-truth regions for a class. We re-
port its mean across classes (mloU), its mean across novel
classes (novel-class IoU), and the harmonic mean of seen
and novel means (hIoU). Expected calibration error (ECE)
measures the gap between prediction confidence and ob-
served accuracy. Our central question is which constraints
retain novel-class accuracy as the correction adapts to seen
classes.

4. Correction Families

We separate whether a correction is fitted from how it acts
across classes. A class-symmetric operator applies a shared
transformation to each class channel. A class-specific head
can alter relative scores through class-dependent parame-
ters or outputs. To expose this distinction, we compare
parameter-free diffusion with a trained decoder on a com-
mon proposal graph. Section 5 extends the comparison to
calibrators and dense heads.

Proposal representation. We use frozen SAM [19] with
a base Vision Transformer (ViT-B) to generate masks. Each
mask defines a bounding-box crop, with background pix-
els set to the CLIP mean color. Frozen CLIP [30] with a
large ViT and 14-pixel patches (ViT-L/14) encodes each
crop as a unit vector z; € RP, where D is the em-
bedding dimension. We form class prototypes by aver-
aging text embeddings over prompt templates and stack
them as rows of P € RIC/*P, Independent scoring as-
signs logits £) = s (z;P") at fixed scale s and selects the
highest-scoring class, arg max, £7.. This training-free Pro-
posal+CLIP rule is our baseline.

Proposal graph. Overlapping masks provide comple-
mentary evidence about the same image. We connect
masks that overlap or share a boundary with weights
w;; = IoU;; + bij + [2;-zj]4+. Here IoU;; measures
mask overlap, b;; is the boundary-overlap fraction, and
[u]+ = max(u,0) retains positive embedding similarity.
We normalize each row of the weight matrix to obtain A,
which averages neighboring evidence.

Class-symmetric control: anchored graph diffusion.
We combine neighboring scores with the original frozen
scores at each iteration. Stacking proposal logits into £ gives

D) — (1) +a A,

where ¢ indexes iterations, o € [0, 1] weights neighboring
evidence, and k is the number of steps. We use £%) for
inference. The update learns no parameters, and a=0 re-
covers the baseline. Reinserting frozen scores anchors the

O =6 )

update, while applying the same A to every class makes it
class-symmetric. We therefore control both evidence shar-
ing and departure from the frozen predictor.

Class-specific correction: a trained graph decoder.
Our decoder learns to exchange evidence on the same graph.
The projection ¢ maps concatenated region and geomet-
ric features [z;; ;] into node state hY. Here g; contains
mask area, centroid and bounding-box dimensions. Edge-
conditioned messages update the states through gated recur-
rent units (GRUs). From the final state h;, a learned map p
produces Z; = normalize(z; + e tanh(p(h;))). Normaliza-
tion restores unit length, and €=0.2 bounds each residual
component. We initialize the residual output at zero and
regularize it during training. The decoder also learns re-
fined text prototypes P, per-region temperatures and scores
for ignored regions. Its few million parameters train on
majority labels of seen-class masks. This comparison tests
whether a bounded learned correction retains the behavior
of the frozen representation.

Inference. Softmax normalizes exponentiated logits into
class probabilities. We take the maximum probability as
confidence. We omit decoder proposals whose ignored-
region probability exceeds 0.5. The highest-confidence re-
maining proposal covering a pixel supplies its label. We
compute ECE before painting predictions onto pixels, once
per labeled proposal against its majority ground-truth label.

S. Experiments

Setup. We evaluate on ADE20K-150 [48] validation.
Our masked-crop pipeline paints and scores predictions at
256x 256, retaining images with at least two SAM propos-
als. Table 2 and Supp. Tables S2 and S4 use the original
cache, whose image count was not recorded (baseline mloU
8.9). An independent rebuild on different hardware con-
tains 1623 of the 2000 validation images and reaches 10.2
baseline mloU. SAM mask generation varies across cache
builds. Dense CLIP uses a base ViT with 16-pixel patches
(ViT-B/16), has no proposer and evaluates all 2000 images.

We hold out 30 ADE classes as novel and retain 120 as
seen in each split. Masked-crop splits use seeds 0—4. Dense
splits use five sequential permutations from one Random-
State stream seeded at 0, and both sets are released. We
report mean=standard deviation across splits. Bootstrap
confidence intervals (CIs) resample images at seed 0. Cali-
bration and encoder comparisons use 347 images over five
splits, with the edge ablation restricted to seed 0. Sepa-
rate dense-head runs differ by up to 0.1 in repeated rounded
metrics (Tables 5-6 and S6-S8).

We report hloU as 21,1, /(I + I,,) for seen/novel mloU
I, I,. ECE averages absolute confidence—accuracy gaps



across 15 equal-width bins, weighted by the number of la-
beled proposals or patches. We report overall, seen and
novel ECE separately, with IoU and ECE expressed as per-
centages. The collapse index C' = ToUrected /[oyfrozen
measures retention relative to the frozen baseline, with C'=1
indicating matched IoU. We reserve novel-class collapse for
reductions to near zero and describe other settings by their
IoU or C.

We define alignment drift on the common set V of la-
beled evaluation patches, excluding ignored locations. Let
p; and p{ be the corrected and frozen probability vectors
over the full class vocabulary. Then
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Identical distributions give d=0. The dot product and Eu-
clidean norms compare distribution direction, with larger d
indicating greater change. We use the same valid patch sup-
port as the dense metrics, without class identities or novel-
class labels.

Label-dependent choices use seen-class data. The 347-
image calibration study fits calibrators on seen-class masks
from 300 training images. Diffusion uses the fixed defaults
a=0.4 and k=2. We cache proposals from a 16-point SAM
grid with embeddings, edges and labels. Masked-crop cor-
rections run on CPU, and the decoder trains for 12 Adam
epochs on one GPU with fixed seeds. Table | identifies
the protocol for each main-paper result table. We compare
corrections within each protocol, since changes in cache or
scoring resolution also change the baseline.

Primary comparison on ADE20K masked crops. On
matched masked-crop scores, graph diffusion changes
mloU by +0.1 relative to independent scoring, within the
bootstrap interval (Table 2). Novel-class IoU and hloU in-
crease on this cache, while the five-split calibration com-
parison includes zero gain in its interval. ECE falls from
14.6 to 5.9. In contrast, the trained graph decoder reaches
7.1 mIoU and 1.1 novel-class IoU. Our independent cache
rebuild confirms this trade-off at 10.2 baseline mloU, with
decoder novel-class IoU falling from 9.5 to 2.5.

Seen/novel trade-off for the trained decoder. We probe
this loss by removing decoder components (Supp. Ta-
ble S4). Three graph variants maintain seen-class IoU
between 8.6 and 9.8, against the baseline’s 8.7. Their
novel-class IoU falls from 9.4 to at most 1.5, and ECE in-
creases. Bounding and regularizing the residual therefore
leaves substantial novel-class loss in this configuration. The
sensitivity to altered frozen representations also appears in
zero-shot robustness under shift [39] and continual open-
vocabulary segmentation [14]. Removing prototype refine-

ment lowers seen-class IoU to 5.5 and novel-class IoU to
0.0.

Calibration baselines and novel-class retention
(Supp. B). We next isolate calibration on fixed log-
its. A global temperature gives the lowest overall ECE
on identical frozen logits over five splits, reducing it
from 14.6 to 3.5, compared with diffusion’s 5.9. Their
novel-class ECE values are statistically indistinguishable
(paired t statistic 0.6, four degrees of freedom). Per-class
calibrators, however, reduce novel-class IoU and raise
novel ECE to 27.9 and 34.0. Class-symmetric diffusion
retains novel-class IoU. Table S1 and Figure S1 show why
aggregate calibration is insufficient. A lower overall ECE
can coexist with larger confidence errors on novel classes.

Diffusion, edge and encoder ablations (Supp. C, E).
Our graph and crop ablations isolate the available gains.
Moderate diffusion weights («=0.4-0.6) retain or improve
novel-class IoU. Extreme settings lose at most 0.7. IoU-
only edges yield 9.57 against the seed-0 baseline of 9.75,
and context-padded crops raise mloU from 8.9 to 9.2. These
ablations delimit the gains available from changing the
graph or region crop alone.

Replication on a dense-CLIP base. We remove pro-
posal generation with frozen CLIP ViT-B/16 and SCLIP-
style Correlative Self-Attention, which uses patch affini-
ties for dense prediction. Table 3 evaluates five splits at
patch resolution, where the baseline reaches 14.5 mloU.
Our dense head is a 170k-parameter multilayer perceptron
(MLP) adding a logit residual, distinct from the graph de-
coder. Per-class temperature reduces novel-class IoU from
15.1 to 0.0, and the MLP reduces it to 0.1. Global temper-
ature gives the lowest calibration error (27.2—8.7), while
diffusion attains the highest novel-class IoU (15.7). Diffu-
sion’s masked-crop calibration gain disappears on this base,
separating its retention behavior from its calibration effect.

Replication on PASCAL VOC2012. We test the same
distinction on VOC2012 [11] at higher accuracy, with 6 of
20 object classes held out. The dense-CLIP base reaches
81.8 mloU at full resolution and 75.3 at the patch resolu-
tion used in Table 4. Per-class temperature lowers novel-
class IoU from 75.2 to 0.0, and the decoder reaches 16.1.
Global temperature reduces ECE from 43.4 to 4.3. Dif-
fusion retains the novel classes, reaching 77.1 novel-class
IoU. Figure 2 illustrates the difference on a held-out dining
table, which diffusion preserves and per-class temperature
repaints as seen. In the final row, both retain the seen dog,
while diffusion also retains the novel sofa. These examples
expose selective loss of novel objects within an otherwise
recognizable scene.



Table 1. Evaluation protocols for main-paper result tables. Methods within each comparison share the evaluation cache and scoring

resolution.

Result table Dataset and stack

Evaluation images

Scoring resolution  Splits

2 ADE20K masked crops
3,5,6 ADE20K dense CLIP
4 VOC2012 dense CLIP

SAM-cacheable subset of 2000
all 2000 validation images
full validation set

256256 seed 0
CLIP patch grid 5
CLIP patch grid 5

Table 2. Frozen SAM+CLIP corrections on ADE20K masked
crops, using the original cache and seed-0 split.

Method mloU hloU novel-IoU ECE|

Proposal+CLIP (independent) 89 9.1 9.4 14.6
Graph diffusion (a=0.4,k=2) 9.0 94 10.0 5.9
Trained graph decoder 7.1 20 1.1 23.8

Table 3. Dense-CLIP corrections on ADE20K at patch resolution
over five seen/novel splits.

Calibrator / head mloU hloU ECE| novel-ECE| novel-IoU

Uncalibrated 145 147 272 29.7 15.1
Global temperature ~ 14.5 14.7 8.7 10.0 15.1
Per-class temperature 4.1 0.0 15.8 43.8 0.0
Graph diffusion 150 152 278 30.6 15.7
Trained decoder 56 03 26 31.6 0.1

Table 4. Dense-CLIP corrections on VOC2012 at patch resolution,
with 6 of 20 classes held out per split.

Calibrator / head mloU ECE| novel-ECE] novel-IoU
Uncalibrated 753 434 43.6 75.2
Global temperature 753 43 4.2 75.2
Per-class temperature 43.8 154 58.8 0.0
Graph diffusion 772 446 44.9 77.1
Trained decoder 51.7 127 16.7 16.1

Generic smoothing and trust-region constraints. We
remove the frozen anchor from graph smoothing to obtain
a generic Laplacian control on dense ADE20K (Supp. Ta-
ble S6). It reaches 16.3 novel-class IoU and 15.5 mloU,
compared with 15.7 and 15.0 for anchored diffusion. Re-
tention is thus shared by two smoothing operators with dif-
ferent anchoring choices.

For the trained head, recovery depends on the residual
bound. A logit-space trust region of 2 yields 5.8 novel-
class IoU against the 15.1 baseline. Tightening the bound 7
produces monotone recovery (Supp. Table S8). At 7=0.5,
the head reaches 14.6 novel-class IoU and 15.2 mloU.

Text-conditioned calibration and risk—coverage. We fit
a text-conditioned calibrator on seen classes, predicting
T.=softplus(MLP(P,)) from class text prototype P.. The

Diffusion Per-class T'

Annotation

sofa dining table  dining table

sofa

Figure 2. VOC2012 predictions for held-out classes, identified by
row labels.

softplus function log(1 + e*) converts an MLP output u
into a positive temperature. Novel classes receive tempera-
tures through their text, yet novel-class IoU falls to 1.9. Text
conditioning therefore extends the observed failure beyond
independently fitted class parameters.

We rank predictions by confidence and measure error as
the retained fraction increases. The area under this risk—
coverage curve (AURC, lower is better) ranks global tem-
perature first among the calibration and diffusion controls at
48.1. Diffusion (49.2) and the uncalibrated base (49.9) dif-
fer by 0.7. The two trained corrections reach lower AURC
(34.2 and 38.2) while remaining confident on dominant
seen classes. Neither ECE nor AURC captures their novel-
class loss.

Alignment-preserving learned corrections. We test an-
choring under matched dense-CLIP splits and super-
vision (Table 5, Supp. Table S7). B1 minimizes
L = CEgen + AKL, combining seen-label cross-entropy
with Kullback—Leibler divergence from frozen to corrected
probabilities over all classes and sampled patches. B2 pe-
nalizes cosine distance between corrected and frozen em-
beddings. B3 mixes output probabilities, and B4 inter-
polates toward the uncorrected head using WiSE-FT [39].
B5 temporarily withholds seen classes as pseudo-novel



Table 5. Alignment-preserving corrections on ADE20K dense CLIP under matched supervision. Results are mean+std over five splits.

Correction mloU

seen-loU novel-IoU  hloU ECE]

novel-ECE| drift novel% C

Class-symmetric (no head)

Uncalibrated (frozen baseline) 145100 143+03 151410 147104 272400 297405 0.0 15.6  1.00
Global temperature 145100 143103 1514110 147:04 87107 100.5- 134 156 1.00
Anchored graph diffusion 150400 14.8+03 157410 152404 278400 30.64904 02 156 1.04
Generic graph Laplacian 155:00 153103 163411 158:04 285:00 31.5197 1.3 15.6 1.08
Learned, seen-only, class-specific

Seen-only residual head 6.5+03 8li0z 01401 01103 39425 342452 569 0.0 0.01
Learned with explicit alignment preservation

B1 frozen-logit distillation (A=0.1)  8.7404 10.1:1035 33118 47121 28112 292456 526 02 022
B1 frozen-logit distillation (A=0.3) 10.2105 114105 54:19 7115 49400 226467 484 0.6 035
B1 frozen-logit distillation (A=1.0) 12.3106 132404 8.6121 103416 13.619.1 129459 39.0 1.6 0.57
B1 frozen-logit distillation (A=3.0) 14.640.5 152405 125421 13.6413 242415 1l.1443 256 3.6 0.83
Bl frozen—logit distillation ()\:100) 15.8 0.3 16.1 0.4 14.8 1.1 15.44 0.6 33.6. 1.2 18.8 +10.2 10.0 7.4 0.98
B1 frozen-logit distillation (A=30.0) 15.8 40> 159404 153408 156403 351410 25.640.7 25 11.0 1.01
B2 embedding distillation (A=0.0)  11.1109 13.1411 27107 45:10 112540 436451 578 05 0.18
B2 embedding distillation (A=1.0)  12.14058 139409 45+:12 67:14 60415 3274172 535 1.0  0.29
B2 embedding distillation (A=10.0) 144,06 153105 106205 124415 139.03 144,35, 384 34 0.70
Episodic head / learned affinity

B35 pseudo-novel episodic training 68:05 84107 0.6105 11410 674309 289477 529 0.0 0.04
B6 learned class-agnostic affinity 1504100 148:03 157410 152404 278100 305:04 02 156 1.04

Drift: probability-space distance in Eq. (2). novel%: labeled patches predicted as a novel class (15.6 for the frozen baseline). C': collapse index,

novel-IoU relative to that baseline.

and preserves their relative probabilities. B6 learns class-
agnostic graph affinities, the weights that connect patches.

At \=30, distillation retains 15.3 novel-class IoU
(C=1.01), raises mIoU from 14.5 to 15.8, and raises seen-
class IoU from 14.3 to 15.9. B6 retains 15.7 novel-class
IoU by learning affinities within anchored diffusion. We
therefore recover retention while learning either constrained
scores or shared affinities. B5 reaches 0.6 novel-class IoU.
Its penalty preserves relative probabilities within pseudo-
novel seen classes, leaving competition with the actual
novel classes unconstrained.

Novel-class coverage under anchoring. We then ask
how much of the scene receives novel labels. We measure
novel-class coverage as the fraction of labeled evaluation
patches assigned to any novel class, reported as novel% in
Table 5. This prediction rate measures the spatial extent of
novel assignments. Recall instead conditions on ground-
truth novel locations, while risk—coverage analysis mea-
sures the fraction of predictions retained after confidence
filtering.

Stronger distillation increases the novel prediction rate
from 0.2% at A=0.1 to 3.6% at A=3, 7.4% at A=10 and
11.0% at A=30. Even at C=1.01, the head assigns fewer
locations to novel classes than the frozen baseline (15.6%).
Matching aggregate novel-class IoU therefore coexists with
a smaller predicted novel region. Class-symmetric controls,
including B6, retain the baseline prediction rate. Our re-
sults therefore distinguish recovering overlap accuracy from
restoring the spatial extent of novel predictions.

The anchoring frontier. In Figure 3, we plot seen-class
IoU horizontally and novel-class ToU vertically to expose
the anchoring trade-off. The output gate g mixes proba-
bilities, while the residual scale 7 scales the learned logit
correction (full grid in Supp. Table S7). These two paths
move monotonically between C'=1.0 at the frozen endpoint
and C'=0.005 at the head endpoint. Distillation strength
A and trust-region size 7 produce corresponding monotone
changes in novel-class IoU (Table S8). The upper-right an-
chored points show that recovery can accompany gains on
seen classes, beyond simply returning to the frozen predic-
tor.

Alignment-drift diagnostics and confound ablation.
Using the drift defined in Eq. (2), we examine retention
alongside the novel prediction rate. We also record the
change in the gap between the largest seen and novel
probabilities, which measures movement toward seen-class
predictions. Across 38 measured class-specific settings
(32 distinct corrections, 13 families), drift correlates with
C at r=—0.90. Restricting the analysis to distinct cor-
rections gives r ~ —0.88. To account for correlated
sweeps, we bootstrap the 13 families, obtaining a 95% CI
of [-0.96,—0.74]. Correlation between family means is
—0.65 (CI [—0.95, —0.23]).

Figure 4 separates class-specific settings from class-
symmetric controls. Its descending fit describes the former,
while the controls establish its scope. Global temperature
and LPOSS retain novel-class IoU at drift values of 13.4
and 50.6, respectively. The remaining class-symmetric cor-
rections also retain it over their observed drift range. Within



Novel- and seen-class loU under anchoring
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Figure 3. Seen—novel IoU trade-offs under distillation (), output
gating (g), residual scaling (1) and trust-region (7) sweeps. The
star marks the frozen baseline.

Novel-class retention and alignment drift
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Figure 4. Novel-class retention versus alignment drift across 38
class-specific settings in 13 families (r=—0.90). Class-symmetric
controls retain novel-class IoU across the observed drift range.

the class-specific family, the reduction accompanies a shift
toward seen classes. Drift must therefore be interpreted to-
gether with the structure of the correction.

We test alternative explanations by changing sam-
pling, loss, logit scale, supervision breadth (30 to 120
seen classes), and patch-label purity one factor at a time
(Supp. Table S8). Novel-class IoU remains at or below 0.3
in these variations except the narrowest supervision setting.
With 30 seen classes, it reaches 3.3 with a standard devia-
tion of 4.3, against the 15.1 baseline (C'=0.22). Increasing
supervision to 120 classes lowers C' to 0.01. Broader seen
supervision thus leaves the loss unresolved. In this ablation,
tightening the trust region supplies the monotone recovery.

LPOSS under the matched protocol. We evaluate the
released LPOSS propagation [33] on the same cached log-
its, images and five splits as the controls (Table 6). LPOSS
uses affinities from the self-supervised DINO ViT-B/16 en-
coder. Its graph uses k,,=400 nearest neighbors, similar-
ity exponent y=3 and propagation weight o=0.95, solved
by conjugate gradients. Diffusion and the generic Lapla-
cian use CLIP-feature graphs with ky,,,=8. We preserve the
four upstream propagation functions and replace the GPU
neighbor-search kernel with exact nearest-neighbor selec-
tion.

LPOSS reaches 15.1 mloU and 16.1 novel-class IoU,
comparable to the generic Laplacian’s 15.5 and 16.3. De-
spite the largest class-symmetric drift (50.6), LPOSS re-
tains novel-class IoU (C'=1.07). Adding the same seen-
only head raises seen-class IoU to 17.0 but lowers novel-
class IoU from 16.1 to 10.7. A stronger propagation base
therefore remains sensitive to a class-specific correction fit-
ted on seen labels.

DINO-proxy patch affinities. We further strengthen the
base by replacing CLIP affinities with DINO ViT-B/16
affinities, reaching 15.5 mloU and 16.3 novel-class IoU.
This is our implementation of ProxyCLIP-style atten-
tion [22], selected on training data. Per-class temperature
reduces novel-class IoU to 0.0, and the seen-only head re-
duces it to 0.1. Global temperature lowers ECE from 30.7
to 9.7, while class-symmetric corrections retain novel-class
IoU. Distillation with A>10 reaches 16.4 to 16.6 mloU
against the 15.5 baseline, retaining 94 to 98% of base-
line novel-class IoU. Drift tracks retention within this run
(r=—0.93 across 22 settings). The qualitative findings thus
extend across the three dense ADE20K bases at 14.5, 15.1
and 15.5 mloU.

Cross-vocabulary transfer (COCO-Stuff—ADE20K).
In Table S9, we fit corrections on COCO-Stuff-171 patches
from 600 COCO val2017 images and apply them to all 2000
ADE20K validation images. The backbone and 600-image
fitting budget match the in-domain study. Fitting uses no
ADE labels, although the datasets share some class names.
Class-indexed temperatures and logit heads require a vocab-
ulary mapping or parameters for ADE-only classes before
transfer.

Class-symmetric and text-conditioned corrections trans-
fer directly. We observe no severe novel-class loss com-
parable to the in-domain head. Global temperature lowers
ADE ECE from 27.2 to 8.4 with unchanged mlIoU. The text-
conditioned calibrator reaches 6.5 ECE and 14.3 mloU. A
class-agnostic embedding head improves mloU from 14.5
to 14.9 without anchoring and to 15.6 with an embedding
cosine-distance penalty. These results establish a cross-
dataset use case for corrections whose parameters can be



Table 6. LPOSS and correction controls on identical ADE20K dense-CLIP logits at patch resolution over five splits. C' denotes retention

relative to the frozen baseline.

Method mloU seen-IoU  novel-IoU hloU ECE| drift C

Frozen baseline 145500 143403 151410 14704 272100 0.0 1.00
Anchored diffusion 150000 1484103 157110 152404 27.840.0 0.2 1.04
Generic graph Laplacian 155100 153103 16341 158404 2854100 1.3  1.08
LPOSS (authors’ code) 15100 149103 16.111 1 15404 532100 506 1.07
baseline + seen-only head 6.5 3 814104 0.1:02 02103 40495 56.9 0.01
LPOSS + seen-only head 15806 17.0105 10.7 155 13.0416 446400 494 0.71

applied across vocabularies.

Deployment guidance. Our results suggest choosing the
correction according to the deployment objective. When
confidence calibration is the priority, fit a global tempera-
ture on seen-class data. It gives the lowest in-domain ECE
among corrections retaining novel-class IoU and transfers
across vocabularies. For a learned class-specific head, we
recommend constraining adaptation with frozen-logit distil-
lation or a tight trust region. The tested settings A>10 and
7=0.5 provide starting points for validation on the target
stack. Assess novel prediction rate alongside loU when spa-
tial coverage matters, since an anchored head can recover
IoU while assigning fewer locations to novel classes.

Monitor drift against the frozen predictor on a fixed eval-
uation support. This requires no novel-class labels and com-
plements ECE and AURC, which miss the observed reten-
tion loss. Interpret drift within the correction family. Its
association with retention is strong for class-specific heads,
whereas class-symmetric corrections retain novel-class loU
throughout their tested drift range. We therefore use drift
as a family-specific diagnostic, with retention checked sep-
arately. Where labeled evaluation data are available, report
retention, coverage and calibration together to make the de-
ployment trade-off explicit.

6. Limitations

Scale and scope. We isolate post-hoc corrections over
frozen stacks and evaluate five bases spanning ADE20K
masked crops, dense CLIP, LPOSS and DINO-proxy propa-
gation, and VOC. ADE20K bases span about 9—15.5 mloU
and VOC 75-82. Our frontier and diagnostics use five
dense-regime splits. Trained systems such as FC-CLIP,
CAT-Seg and Mask-Adapter operate at higher accuracy and
adapt components held fixed here. CorrCLIP and CASS
provide additional training-free bases for extending the au-
dit.

Coverage and drift scope. Anchored heads recover IoU
more fully than coverage, assigning 7 to 11% of evalua-
tion patches to novel classes against the baseline’s 15.6%.

For applications prioritizing novel-class coverage, we rec-
ommend evaluating this gap when choosing a correction.
Our controlled head variations support the drift association,
which remains correlational. Global temperature demon-
strates that substantial drift can coexist with unchanged
novel-class IoU, and averaging over patches can conceal
losses on boundaries or small objects.

Open questions. We set anchor strength explicitly and
obtain similar results for A>10 on the two bases where it
is swept. Selecting A from a drift budget measured on seen
data offers a label-free direction for further study. Low-rank
adaptation (LoRA), learned prompt embeddings and full-
resolution anchored heads remain to be evaluated. Combin-
ing global temperature with an anchored head would con-
nect the calibration and retention improvements observed
separately here.

7. Conclusion

Across five bases, we find that fitting class-specific cor-
rections on seen labels reduces novel-class IoU. Our drift
analysis tracks this loss within the class-specific family
(r=—0.90 pointwise, —0.65 across families). We recover
retention with distillation and tight residual constraints
while improving accuracy. The coverage gap shows why
IoU alone cannot characterize recovery. Class-symmetric
controls retain novel-class IoU throughout the observed
drift range, and global temperature supplies effective cali-
bration. For these frozen stacks, we recommend a concrete
design choice: constrain class-specific heads toward the
frozen predictions and evaluate novel-class retention along-
side calibration and coverage. Drift provides an additional
diagnostic when novel labels are unavailable.
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Societal Impact

The audit identifies a failure mode that aggregate calibration
metrics can conceal. Reporting novel-class retention along-
side calibration makes this failure visible during model as-
sessment. Operational use of calibrated abstention requires
domain-specific validation, particularly where missed novel
objects carry a high cost.
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