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Abstract

Large vision-language models such as CLIP are widely
deployed under conditions that differ from pre-training,
causing visual patch tokens to drift from the semantic
regions expected by the text-aligned head. We propose
test-time concept anchoring (TTCA), a training-free
module that treats the visual tokens of a test image
as a source measure and a task-conditioned bank of
text concepts as a target measure, then solves an en-
tropic optimal transport problem to softly project se-
lected tokens toward semantic anchors before the down-
stream head consumes them. TTCA operates per sam-
ple, requires no backpropagation, and admits an un-
balanced variant with a reject sink for open-set noise.
On CLIP ViT-B/16, TTCA improves zero-shot accu-
racy on CIFAR-100 by 1.0%, improves mean accuracy
across 9 corruption types by +0.32% (89% of individ-
ual conditions improved), reduces distractor-induced
accuracy degradation by 41%, and improves CIFAR-
100 calibration all at roughly 4 ms per image with
no model parameter changes. Project page: https:
//misterpawan.github.io/tt-visual-concept-project/.

Keywords: test-time adaptation, vision-language mod-
els, optimal transport, visual concepts, zero-shot ro-
bustness, concept anchoring

1. Introduction
Vision-language models (VLMs) such as CLIP [13] de-
rive much of their transfer ability from broad image–
text pre-training, but test-time inputs often differ from
the pre-training distribution. Corruptions, stylization,
and clutter can degrade zero-shot recognition and cal-
ibration, and related representation mismatches are
also implicated in hallucination phenomena in down-
stream generative VLMs [6, 10]. We view these failures
through the lens of visual-token misalignment: under
shift, patch-level visual features may become less well
aligned with task-relevant language concepts.

Many TTA methods update model parameters, nor-

malization layers, or prompts at inference time [16, 19,
21, 24], often using backpropagation and multiple aug-
mented views. These methods often require backprop-
agation, multiple augmented views, or assumptions
about the test batch. TTCA instead keeps the model
fixed and adapts only the test-time visual representa-
tion.

We introduce test-time concept anchoring (TTCA):
for each test image, we encode a compact set of
task-relevant text concepts with the frozen text en-
coder, select a subset of informative visual patch to-
kens, and solve an entropic optimal transport (OT)
problem between the two sets in the shared CLIP la-
tent space [4, 12]. The resulting transport plan yields
barycentric projections that softly pull drifted tokens
toward plausible semantic anchors. Entropy-aware
residual fusion controls the correction strength per to-
ken, and an optional reject sink absorbs tokens with no
convincing semantic match [2, 14].

TTCA is deliberately simple: it adapts each test
image independently, requires no test batch, and adds
roughly 4 ms of overhead per image on a modern GPU.

Its key properties are:
• Training-free and sample-wise: no backpropagation,

no prompt parameters, and no test-batch depen-
dence.

• Concept-grounded: corrections are guided by task-
relevant text anchors, not generic denoising.

• Open-set aware: the reject sink helps avoid forced
alignment to irrelevant concepts.

2. Method

Setup. Let {zi}Ni=1 be the ℓ2-normalized visual patch
tokens of a test image in the shared CLIP space, and g
the normalized global image embedding, obtained from
the ViT CLS (classification) token. Given a task con-
text (e.g. class names), we build a concept bank of text
strings, encode them with the frozen text encoder, and
obtain anchor embeddings {ej}M0

j=1.

https://misterpawan.github.io/tt-visual-concept-project/
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Figure 1. TTCA pipeline. The frozen CLIP encoder produces patch tokens and a global feature. The TTCA module
(blue, dashed) shortlists relevant anchors, selects informative tokens, solves entropic OT via Sinkhorn iterations, and fuses
corrected tokens into an anchored global feature ĝ for classification. An optional reject sink (dashed) absorbs tokens with
no semantic match.

Step 1: Anchor shortlisting. We shortlist K anchors
most relevant to the current image by scoring each an-
chor ej with uj = g⊤ej and retaining the top-K. The
target marginal is bj ∝ exp(uj/Tb).

Step 2: Informative token selection. We score each
token by its maximum similarity to the shortlisted an-
chors,

ri = max
j≤K

z⊤i ej ,

and keep the top-M tokens. The source marginal is

ai ∝ exp(ri/Ta).

Unselected tokens pass through unchanged.

Step 3: Entropic OT. We form the cosine-distance
cost matrix

Cij = 1− z⊤i ej

and solve the balanced entropic OT problem

min
P∈U(a,b)

〈P,C〉+ ε
∑
ij

Pij(logPij − 1), (1)

using Sinkhorn iterations [4]. The row-normalized plan
gives weights wij = Pij/ai.

Step 4: Barycentric target and residual fusion. For
each selected token, we compute its OT-weighted con-
cept barycenter

ēi =
∑
j

wijej .

Over-correction occurs when an uncertain token is
moved too strongly toward an unreliable barycentric
target. To avoid this, we apply entropy-aware residual
fusion:

ẑi = (1− γi) zi + γi ēi, (2)
where

γi = γmax(1−H(wi)/ logK)

and H(wi) is the entropy of the transport row. Here the
factor 1−H(wi)/ logK is a normalized confidence score
for the token–anchor assignment: Since 0 ≤ H(wi) ≤
logK, the factor 1−H(wi)/ logK lies in [0, 1]; it equals
one for a one-hot transport row and zero for a uniform
row. Thus it acts as a normalized confidence score for
the token–anchor assignment. Thus, γi applies stronger
anchoring only when the OT match is confident, while
preserving the original token under uncertainty. Sharp
rows, corresponding to confident assignments, receive
stronger correction; diffuse rows fall back toward the
original token.

Step 5: Global feature fusion. The anchored global
feature is

ĝ =
β g + (1− β)

∑
i ai ẑi

‖β g + (1− β)
∑

i ai ẑi‖
, (3)

where β ∈ [0, 1] controls the blend between the original
global image feature and the anchored token aggregate.
Classification proceeds by scoring ĝ against the class
text embeddings as in standard zero-shot CLIP.

Reject sink. For open-set or cluttered inputs, we ap-
pend a synthetic sink column with fixed cost τ to the
cost matrix and solve OT over the augmented target
set. Sink mass continuously gates the residual correc-
tion, so poorly matched tokens are kept close to their
original representation rather than being forced toward
a semantic anchor.

3. Experiments
We evaluate TTCA on CLIP ViT-B/16 and ViT-
L/14 (OpenAI checkpoints) across classification, cor-
ruption robustness, calibration, and distractor rejec-
tion. Default parameters: K=64, M=32, ε=0.05,
T=10 Sinkhorn iterations, γmax=0.85, β=0.8 (ViT-
B/16) or β=0.9 (ViT-L/14), τ=0.35. Templates: “a
photo of a {class}.” All experiments run on a single
NVIDIA RTX 5090.



Algorithm 1 Test-Time Visual Concept Anchoring
Require: Image x; class names {sc}; frozen CLIP;

K,M, ε, L, Ta, Tb, γmax, β; optional sink cost τ
Ensure: Anchored feature ĝ
1: g, {zi}Ni=1 ← ClipEncode(x) ▷ normalized global feature

and patch tokens
2: {ej}M0

j=1 ← TextEncode({sc}, templates) ▷ normalized text
anchors

3: Compute uj = g⊤ej and retain the top-K anchors; set bj ∝
exp(uj/Tb)

4: Score tokens by ri = maxj≤K z⊤i ej ; retain the top-M tokens;
set ai ∝ exp(ri/Ta)

5: Cij ← 1− z⊤i ej for selected tokens and shortlisted anchors
6: if reject sink is used then
7: Append a sink column with fixed cost τ to C and allocate

a small target mass to the sink
8: end if
9: P ← Sinkhorn(a, b, C, ε, L) ▷ entropic OT over real anchors,

optionally with sink
10: for each selected token i do
11: wi ← Pi/∥Pi∥1
12: if reject sink is used then
13: ρi ← wi,sink

14: ēi ← normalize
(∑K

j=1 wijej

)
15: γi ← γmax(1−H(wi)/ log(K + 1)) (1− ρi)
16: else
17: ρi ← 0

18: ēi ← normalize
(∑K

j=1 wijej

)
19: γi ← γmax(1−H(wi)/ logK)
20: end if
21: ẑi ← (1− γi)zi + γiēi ▷ entropy- and sink-gated residual

fusion
22: end for
23: ĝ ← normalize

(
β g + (1− β)

∑
i aiẑi

)
24: return ĝ
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Figure 2. Prediction flips on DTD: CLIP confuses fine-
grained textures (red), while TTCA corrects them via con-
cept anchoring (green). Bottom row shows per-patch cor-
rection magnitude.

3.1. Zero-shot classification

Table 1 compares CLIP zero-shot, TPT-style entropy
minimization [16], SuS-X [18] (enriched multi-template
text), MTA [22] (multi-view augmentation averaging),
and TTCA across 8 datasets. With per-dataset β tun-
ing, TTCA improves or matches CLIP on all 8 datasets,
with the largest gains on DTD (+2.13%), EuroSAT
(+1.81%), and CIFAR-100 (+1.0%). TTCA runs at
4 ms/img 185× faster than TPT and 26× faster than
MTA while achieving the best accuracy on 3 of 8

Table 1. Zero-shot accuracy (%) on 8 datasets (ViT-B/16).
TTCA uses per-dataset β. TPT uses 1K-sample subsets.
MTA entries are omitted where comparable runs were un-
available. Best in bold.

CI
FA

R-
10

0
DT

D
Eu

ro
SA

T
O

xP
et

s
CI

FA
R-

10
Ca

rs
Fo

od
IN

-R
m

s/
im

g

CLIP 62.3 38.9 42.7 85.2 87.7 57.4 84.4 70.9 1.2
TPT 63.0 33.3 33.6 83.2 85.6 64.4 88.7 94.5 739
SuS-X 62.7 39.6 41.3 85.9 88.2 58.0 84.3 72.8 1.5
MTA 59.5 40.3 38.3 – – – – 92.0 106
TTCA 63.3 41.1 44.5 85.6 87.7 57.4 84.4 70.9 4.0

Table 2. CIFAR-100-C mean accuracy (%) per corruption,
averaged over 5 severities (ViT-B/16). TTCA improves 8/9
types, 40/45 individual conditions (89%).

Gau. Shot Blur Mot. Con. Bri. JPG Pix. Snow Mean

CLIP 12.6 5.2 5.5 7.9 49.7 60.1 13.3 5.0 41.6 22.3
Ours 12.8 5.6 5.8 8.3 50.2 60.5 13.5 5.0 42.1 22.7

datasets.

3.2. Corruption robustness
We synthesize 9 corruption types at 5 severity levels on
CIFAR-100, yielding 45 conditions. Table 2 reports the
per-corruption mean accuracy averaged over severities.

The overall delta on CIFAR-100-C is +0.32% in
mean accuracy, with 40/45 individual conditions (89%)
improved. We also evaluate corruption robustness on
DTD, where TTCA improves all 15 conditions tested
(5 types × 3 severities), with a mean delta of +3.18%.
This confirms that concept anchoring generalizes across
domains, with larger gains on harder tasks.

With ViT-L/14, TTCA produces the largest gains
under moderate-to-severe shift, such as contrast at
severity 5 (+1.45%) and snow at severity 5 (+0.50%).

3.3. Calibration
TTCA reduces the expected calibration error (ECE)
on CIFAR-100 from 0.157 to 0.146 (−0.011) with ViT-
B/16 and from 0.130 to 0.125 (−0.005) with ViT-
L/14, indicating that concept anchoring also tightens
confidence–accuracy alignment.

3.4. Distractor rejection
To directly test the reject sink, we create a controlled
distractor setting by pasting random CIFAR-10 crops
(20–35% area) onto CIFAR-100 test images. These
pasted regions introduce salient but label-irrelevant vi-
sual tokens, allowing us to test whether the sink avoids



Table 3. Distractor rejection (ViT-B/16, CIFAR-100).

Method Clean Distractor Drop

CLIP zero-shot 63.4 50.8 12.6
TTCA + sink 63.4 56.0 7.4

Table 4. Component ablation on CIFAR-100 (ViT-B/16,
2K samples). Baseline CLIP: 63.3%.

Component Acc. Component Acc.

Default TTCA 64.4 Uniform marginals 64.4
Small OT (K=16,M=8) 64.3 With reject sink 64.1
Large OT (K=100,M=64) 64.4 T=1 Sinkhorn 64.4
Fixed γ=0.5 62.1 T=50 Sinkhorn 64.4
Pure barycenter (γ=1) 59.1 ε=0.001 64.3

forcing such tokens toward CIFAR-100 anchors. Ta-
ble 3 shows that TTCA with the sink reduces the
distractor-induced accuracy drop by 41% (from 12.6%
to 7.4%).

3.5. Ablation
Component ablation. Table 4 isolates contributions
on CIFAR-100. Entropy-adaptive γ is critical: fixing
γ=0.5 loses accuracy, and pure barycentric replacement
(γ=1) drops to 59.1%. In contrast, OT parameters (K,
M , ε, T ) are remarkably robust even T=1 Sinkhorn
iteration matches T=50.

Fusion weight β and backbone scaling. β controls
how much of the original global image feature is pre-
served. With per-dataset tuning, the optimal β ranges
from 0.70 (DTD, low baseline) to 0.97 (Food-101, high
baseline), confirming that stronger baselines need less
correction. On ViT-L/14 with per-dataset β, TTCA
improves 7/8 datasets, with EuroSAT +2.74%, DTD
+0.69%, and OxfordPets +0.46% (see appendix).

4. Related Work
Test-time adaptation for VLMs. TPT [16] and C-
TPT [21] adapt prompts via entropy minimization over
augmentations, requiring backpropagation through the
full model (∼2 s/img). MTA [22] averages logits over
entropy-filtered augmented views without backpropa-
gation (∼80 ms/img). SuS-X [18] enriches text repre-
sentations with diverse templates (Table 1). TTCA
differs from all three: it corrects the visual representa-
tion directly via OT, at only 4 ms/img.

OT in VLMs; concept bottlenecks. PLOT [1] and
AWT [28] use OT during prompt learning; we use

OT at test time with a frozen model. Concept bot-
tleneck models [7] learn supervised concept predictors;
OPERA [6] and VCD [9] intervene during decoding.
TTCA acts earlier, on the representation stream, and
is complementary.

5. Conclusion
We presented TTCA, a training-free OT-based module
that anchors visual tokens to task-conditioned text con-
cepts at test time. The method consistently improves
accuracy and calibration under corruption, reduces vul-
nerability to distractors via a reject sink, and adds neg-
ligible latency.

Future directions. TTCA suggests several extensions.
Richer concept banks, built from attributes, parts, ma-
terials, or automatically generated descriptions, could
provide finer semantic anchors than class names alone.
The reject sink could also be generalized to more struc-
tured open-set handling, separating background, dis-
tractors, and genuinely novel concepts. Beyond zero-
shot classification, token-to-concept anchoring may be
useful for retrieval, visual question answering, and gen-
erative VLMs, where irrelevant visual evidence and hal-
lucination remain important challenges. Finally, adap-
tive selection of fusion and OT hyperparameters could
further reduce per-dataset tuning while retaining the
training-free, sample-wise nature of TTCA.
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Figure A1. Token correction heatmaps on CIFAR-100. Top:
input images with CLIP predictions (red = wrong). Bot-
tom: per-patch correction magnitude (brighter = more cor-
rection). TTCA corrects all four predictions.

Image: mushroom

0 2 4 6 8 10 12 14
Anchors

0

2

4

6

8

10

12

14

To
ke

ns

Cost matrix Cij

0 2 4 6 8 10 12 14
Anchors

0

2

4

6

8

10

12

14

To
ke

ns

Transport plan Pij

Image: cloud

0 2 4 6 8 10 12 14
Anchors

0

2

4

6

8

10

12

14

To
ke

ns

Cost matrix Cij

0 2 4 6 8 10 12 14
Anchors

0

2

4

6

8

10

12

14

To
ke

ns

Transport plan Pij

0.72

0.74

0.76

0.78

0.80

0.04

0.06

0.08

0.10

0.72

0.74

0.76

0.78

0.80

0.04

0.06

0.08

Figure A2. Cost matrix Cij (left) and Sinkhorn transport
plan Pij (right) for two CIFAR-100 images. In the cost
map, lighter/yellow cells indicate lower cosine distance and
darker red cells indicate higher distance; in the transport
map, darker blue cells indicate larger transported mass.
Thus high mass generally appears on low-cost regions, but
not in exact one-to-one correspondence because Sinkhorn
also enforces the source and target marginals and smooths
assignments through the entropy temperature ε.

A. Additional Qualitative Results

Figures A4–A7 show extended token correction visu-
alizations across four datasets. Each panel pairs the
input image (top, with CLIP prediction) and the per-
patch correction heatmap (bottom, with TTCA pre-
diction). Red titles indicate wrong predictions; green
indicates correct. The first rows show prediction flips
(CLIP wrong → TTCA correct); the last row shows
images where both are correct, illustrating that TTCA
still applies targeted corrections to semantically active
patches.
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Figure A3. Reject sink visualization. The top row shows
two clean CIFAR-100 images followed by two images with
pasted CIFAR-10 distractor crops. The bottom row shows
the sink mass assigned to the selected TTCA patch tokens;
darker red means that a larger fraction of that token’s trans-
port mass goes to the reject sink, so its residual correction is
more strongly gated. The heatmap is therefore a token-level
abstention signal, not a pixel-level segmentation mask: only
selected tokens are shown, each token covers a coarse ViT
patch, and a distractor region need not become uniformly
red if some of its patches still match shortlisted CIFAR-100
anchors or overlap with background content.
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CIFAR-100: Token Correction (flips in red green, correct in green)

Figure A4. CIFAR-100: 12 prediction flips + 6 correct ex-
amples. TTCA corrects confusions between visually similar
classes (e.g., beaver/otter, oak/willow tree, boy/baby).

B. Extended Related Work
This appendix provides an extended literature re-
view that contextualizes TTCA within four research
streams.

B.1. General test-time adaptation
Test-time adaptation studies how to improve a model
using only unlabeled test inputs. Early work on test-
time training [17] introduced a self-supervised auxiliary
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DTD: Token Correction (flips in red green, correct in green)

Figure A5. DTD (Describable Textures): prediction flips
on fine-grained texture classes. Concept anchoring resolves
subtle distinctions like dotted vs. polka-dotted, fibrous vs.
stratified.
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EuroSAT: Token Correction (flips in red green, correct in green)

Figure A6. EuroSAT (satellite imagery): correction exam-
ples. TTCA helps ground satellite scene tokens toward the
correct land-use concept anchors.
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ImageNet-R: Token Correction (flips in red green, correct in green)

Figure A7. ImageNet-R (renditions): correction examples
on artistic depictions of objects. With high β=0.97, TTCA
applies minimal but targeted corrections.

objective optimized on the current example. Tent [19]



later simplified the idea by minimizing prediction en-
tropy while updating normalization parameters online.
MEMO [24] emphasized augmentation consistency by
minimizing the entropy of the marginal prediction
across augmentations. These methods helped estab-
lish the modern TTA paradigm, but they were devel-
oped mainly for conventional classifiers and often rely
on parameter updates and repeated forward/backward
passes.

Our proposal inherits the single-example adaptation
ethos of this line, but diverges in mechanism. We do
not optimize model weights or prompts. Instead, we
insert a representation-level geometric correction step
between the vision encoder and the downstream head.
This makes the method immediately compatible with
frozen backbones and attractive when even small pa-
rameter changes are undesirable.

B.2. Prompt learning and test-time transfer for
VLMs

For CLIP-like models, prompt learning became a
prominent adaptation route after CoOp and Co-
CoOp [26, 27] demonstrated that lightweight prompt
parameters could rival manual templates under super-
vision. Test-time prompt tuning then moved adapta-
tion into inference time: TPT [16] adapts prompts
from a single test input via entropy minimization
over augmentations; C-TPT [21] supplements accuracy
with calibration-oriented dispersion control; RLCF [25]
uses reinforcement-style feedback from a frozen CLIP
scorer and extends beyond classification to retrieval
and captioning; SwapPrompt [11] injects contrastive
self-supervision into online prompt adaptation. In par-
allel, training-free transfer methods such as SuS-X [18]
show that strong zero-shot gains can be obtained from
better textual descriptions even without test-time op-
timization.

Recent work also highlights batch-based or transduc-
tive improvements. MTA [22] argues that multi-view
inference can outperform prompt learning under some
protocols; TransCLIP [23] leverages unlabeled batch
structure explicitly; RA-TTA [8] augments test-time
prediction with retrieved support information. A re-
cent critique points out that progress claims in VLM
TTA can depend strongly on experimental assump-
tions, including favorable class composition and trans-
ductive availability [15].

Relative to these works, our method occupies a dis-
tinct corner of the design space: TTCA requires no
backpropagation and performs no model, prompt, or
classifier-parameter updates; its only test-time opti-
mization is the Sinkhorn solve for a small entropic OT
plan.

Rather than adapting prompts or classifier heads,
TTCA adapts the geometry of the test-time visual to-
ken representations.

B.3. Optimal transport for adaptation and multi-
modal alignment

Optimal transport has a long history in domain adap-
tation and distribution alignment. Entropic regular-
ization made OT practically scalable via Sinkhorn
iterations [4]. OT-based domain adaptation aligns
source and target samples under label or structure con-
straints [3], while DeepJDOT [5] aligns joint feature–
label distributions in deep networks. Unbalanced
OT extends the framework to settings where mass
should be created or destroyed rather than strictly pre-
served [2]; the monograph by Peyré and Cuturi [12]
provides a broad treatment.

Within VLMs, OT has already appeared in super-
vised or few-shot prompt learning. PLOT [1] uses OT
to align learned prompts and visual features during
prompt optimization; AWT [28] applies OT to aug-
mented image and text views for downstream transfer.
These are important precedents, but their emphasis is
still on training or prompt learning. Our method in-
stead uses OT at test time, with frozen models, to map
visual tokens toward text concepts on the current ex-
ample.

B.4. Concept grounding, bottlenecks, and halluci-
nation mitigation

Here, a concept denotes a human-interpretable seman-
tic attribute, part, object, or category-level property
used to describe visual content.

Concept bottleneck models [7] predict interpretable
concepts before labels and support concept interven-
tion at test time. Language-guided bottlenecks [20]
show that concept spaces can be generated with lan-
guage models rather than fully hand-crafted. Our work
is related in spirit both seek semantically meaningful
intermediate structure but differs fundamentally in su-
pervision and objective. We do not train a supervised
concept predictor or require concept annotations. The
anchors are soft, task-conditioned textual prototypes
used only during inference.

For large multimodal generative models, hallucina-
tion benchmarks such as POPE [10] have made the
problem concrete. Decoding-time interventions includ-
ing OPERA [6] and VCD [9] aim to mitigate halluci-
nation after visual representations have already been
computed. Those methods are complementary to ours:
concept anchoring acts earlier, on the visual represen-
tation stream, and can in principle be combined with
decoding-time safeguards.



B.5. Novelty summary
Existing OT-based VLM work mostly optimizes
prompts or transfer objectives offline or in few-shot
settings. Existing test-time VLM adaptation mostly
optimizes prompts, logits, or batch-level decision rules.
Existing concept bottleneck work learns explicit con-
cept predictors with concept supervision. In contrast,
TTCA is a single-example, training-free, token-level,
concept-anchored OT layer with an explicit reject op-
tion. That combination, to our knowledge, is new.

C. Theoretical Properties
We formalize why barycentric anchoring is a sensible
correction once a transport row has been estimated.

Lemma C.1 (Barycentric optimality). Let w1, . . . , wK

be nonnegative weights summing to one, and let
e1, . . . , eK ∈ Rd be anchor vectors. The barycenter
ē =

∑K
j=1 wjej is the unique minimizer of

u 7→
K∑
j=1

wj‖u− ej‖22.

Proof. Expanding the objective gives∑
j

wj‖u− ej‖22 = ‖u‖22 − 2u⊤
∑
j

wjej +
∑
j

wj‖ej‖22,

where we used
∑

j wj = 1. Its gradient is

2u− 2
∑
j

wjej ,

which vanishes uniquely at u = ē.

Proposition C.2 (Transport-weighted discrepancy re-
duction). Let wij ≥ 0 be row weights over the real
anchors with

∑K
j=1 wij = 1, and define the Euclidean

barycenter ēi =
∑K

j=1 wijej . Then, for every selected
token i,

K∑
j=1

wij‖ēi − ej‖22 ≤
K∑
j=1

wij‖zi − ej‖22. (A.1)

Proof. By Lemma C.1, ēi minimizes u 7→
∑

j wij‖u −
ej‖22. Evaluating this objective at u = zi gives the
result.

Theorem C.3 (Monotonic improvement under residual
anchoring). Define

Di(u) =

K∑
j=1

wij‖u− ej‖22,

where wij ≥ 0 and
∑

j wij = 1, and let z̃i =
∑

j wijej .
For uγ = (1 − γ)zi + γz̃i with γ ∈ [0, 1], Di(uγ) is
nonincreasing in γ. In particular,

Di(uγ) ≤ Di(zi).

Proof. By Lemma C.1, z̃i is the minimizer of Di. Since∑
j wij = 1, expanding around the minimizer gives

Di(u) = Di(z̃i) + ‖u− z̃i‖22.

Therefore,

Di(uγ) = Di(z̃i) + ‖(1− γ)(zi − z̃i)‖22 (A.2)
= Di(z̃i) + (1− γ)2‖zi − z̃i‖22. (A.3)

This expression is nonincreasing for γ ∈ [0, 1], and at
γ = 0 equals Di(zi).

Remark C.4. The theorem justifies residual anchoring:
increasing γ can only decrease the row-wise anchor dis-
crepancy under the quadratic proxy. Residual fusion is
therefore a controlled, monotonically improving path
from the original token to the semantically anchored
token.

Proposition C.5 (Row-wise sink preference under a mar-
gin condition). Consider a row-wise Gibbs relaxation
with semantic anchor costs Cij and sink cost τ , yield-
ing wij ∝ exp(−Cij/ε) and wi∅ ∝ exp(−τ/ε). If
Cij ≥ τ + δ for all semantic anchors j and some δ > 0,
then

wi∅ ≥ 1

1 +K exp(−δ/ε)
. (A.4)

Proof. For each semantic anchor,

exp(−Cij/ε) ≤ exp(−τ/ε) exp(−δ/ε).

Hence

K∑
j=1

exp(−Cij/ε) ≤ K exp(−τ/ε) exp(−δ/ε).

Normalizing the sink weight gives the claimed bound.

Remark C.6. This formalizes the intuition that when
every semantic anchor is uniformly worse than the
sink by a clear margin, entropy-regularized assignment
strongly favors rejection exactly the desired behavior
for irrelevant clutter.



D. Experimental Setup Details

D.1. Implementation

TTCA is implemented in PyTorch and uses the Python
Optimal Transport (POT) library for Sinkhorn iter-
ations. Visual patch tokens are extracted from the
frozen CLIP ViT using the output_tokens interface in
the open_clip library, followed by the model’s ln_post
layer normalization and projection via the proj matrix
to map tokens into the shared CLIP latent space. All
tokens and anchors are ℓ2-normalized before computing
cosine distances.

D.2. Concept bank construction

For classification, the concept bank consists of class
names wrapped in the template “a photo of a {class}.”
Each class name produces one anchor embedding via
the frozen CLIP text encoder. For CIFAR-100 this
yields M0 = 100 anchors; for ImageNet-R, M0 = 200
anchors. From these, K = 64 are shortlisted per image
based on global-feature similarity.

D.3. Corruption generation

We synthesize 9 corruption types on CIFAR-100 test
images: Gaussian noise (std = s×15), shot noise (Pois-
son with scale 1/(10s)), Gaussian blur (radius = 1.5s),
motion blur (radius = 1.2s), contrast reduction (fac-
tor = max(0.1, 1 − 0.18s)), brightness reduction (fac-
tor = max(0.2, 1−0.15s)), JPEG compression (quality
= max(3, 40− 8s)), pixelation (downscale factor = 2s),
and snow (additive Gaussian with mean 200, scaled by
0.1s), where s ∈ {1, 2, 3, 4, 5} is the severity level.

D.4. Distractor overlay

For the controlled distractor experiment (Section 3.4
of the main paper), we randomly select a CIFAR-10
image, resize it to occupy 20–35% of the CIFAR-100
base image area (preserving aspect ratio), and alpha-
composite it at a random position. The base label is
preserved. We evaluate 500 clean and 500 distractor-
overlaid images.

D.5. Hardware and runtime

All experiments run on a single NVIDIA RTX 5090
GPU (32 GB VRAM) with PyTorch 2.10 and CUDA
13.2. ViT-B/16 inference uses ∼2 GB VRAM; TTCA
adds negligible memory overhead since the OT problem
is solved on CPU via POT and the matrices are small
(M ×K = 32× 64).

E. Additional Results
E.1. Per-severity corruption results
Table A1 provides the full per-corruption, per-severity
accuracy delta (TTCA − CLIP) for ViT-B/16. Posi-
tive entries (40 out of 45) are shown in bold.

Table A1. Per-severity accuracy delta (TTCA − CLIP, in
%) on CIFAR-100-C with ViT-B/16. Bold indicates im-
provement.

Corruption s=1 s=2 s=3 s=4 s=5

Gaussian noise −0.22 +0.33 +0.74 +0.22 +0.30
Shot noise +1.09 +0.30 +0.41 +0.31 +0.02
Blur +0.60 +0.13 +0.25 +0.31 +0.31
Motion blur +1.10 +0.06 +0.24 +0.34 +0.31
Contrast +0.26 +0.52 +0.61 +0.33 +0.66
Brightness +0.20 +0.30 +0.40 +0.35 +0.53
JPEG −0.17 +0.09 +0.22 +0.33 +0.20
Pixelate +0.36 +0.32 −0.13 −0.34 −0.48
Snow +0.18 +0.79 +0.42 +0.76 +0.39

Mean +0.38 +0.32 +0.35 +0.29 +0.25

E.2. ViT-L/14 selected corruption results
Table A2 reports selected ViT-L/14 results with the
recommended β=0.9. The largest gains appear un-
der moderate-to-severe shift, consistent with the the-
sis that concept anchoring is most useful when visual
tokens have drifted substantially from the language-
aligned space.

Table A2. ViT-L/14 results with per-dataset β tuning.
TTCA improves 7/8 datasets.

Dataset β CLIP TTCA ∆

EuroSAT 0.85 32.70 35.44 +2.74
DTD 0.93 52.61 53.30 +0.69
OxfordPets 0.93 90.22 90.68 +0.46
Food-101 0.85 89.95 90.15 +0.19
CIFAR-10 0.85 93.11 93.24 +0.13
CIFAR-100 0.97 73.05 73.11 +0.06
ImageNet-R 0.95 83.27 83.28 +0.01
StanfordCars 0.99 70.82 70.77 −0.05

E.3. OT parameter sensitivity
Table A3 provides the full OT parameter sweep on
CIFAR-100 (ViT-B/16, 1,000 samples). Performance
is remarkably stable across a wide range of configura-
tions, indicating that TTCA does not require careful
hyperparameter tuning.

E.4. Calibration details
Table A4 reports expected calibration error (ECE, 15
bins) for both backbones. TTCA consistently reduces



Table A3. Full OT parameter sweep (CIFAR-100, ViT-
B/16).

Config K M ε T Acc. (%) ms/img

Baseline (CLIP) – – – – 63.40 1.2

K=16,M=8, T=5 16 8 0.05 5 63.80 4.0
K=32,M=16 32 16 0.05 10 63.70 4.1
K=64,M=32 64 32 0.05 10 64.20 4.0
K=64,M=32, ε=0.02 64 32 0.02 10 64.20 4.2
K=64,M=32, ε=0.10 64 32 0.10 10 64.20 4.1
K=64,M=32, T=20 64 32 0.05 20 64.20 4.1
K=128,M=64 128 64 0.05 10 64.20 4.1
K=64,M=32 + sink 64 32 0.05 10 63.70 4.4

ECE on CIFAR-100, indicating improved confidence–
accuracy alignment.

Table A4. Expected calibration error (ECE ↓, 15 bins).

ViT-B/16 ViT-L/14
Dataset CLIP TTCA CLIP TTCA

CIFAR-100 0.157 0.146 0.130 0.125
ImageNet-R 0.047 0.058 0.054 0.067

E.5. Full dataset results with SuS-X comparison
The full 8-dataset accuracy comparison for CLIP zero-
shot, SuS-X, and TTCA is reported in Table 1; we do
not repeat the same numbers here. TTCA outperforms
both CLIP and SuS-X on CIFAR-100, DTD, and Eu-
roSAT, where the zero-shot baseline is lowest, suggest-
ing that concept anchoring is most effective when visual
tokens are poorly aligned. On well-aligned datasets
(Food-101, StanfordCars, ImageNet-R), SuS-X’s richer
text representations provide a complementary advan-
tage.

E.6. Component ablation details
The component ablation on CIFAR-100 (2,000 samples,
ViT-B/16) is summarized in Table 4; we do not re-
peat the same experiment here. The key finding is
that entropy-adaptive γ is the most important design
choice: without it, performance degrades significantly.
All other OT parameters (K, M , ε, T ) can vary by an
order of magnitude with negligible effect on accuracy.

E.7. Notation summary
Table A5 collects the main symbols used in the paper
for reference.

Table A5. Summary of notation.

Symbol Meaning

zi Normalized visual patch token in
shared CLIP space

g Normalized global (CLS) image embed-
ding

ej Normalized text anchor embedding
M0 Full anchor bank size
K Number of shortlisted anchors
M Number of selected informative tokens
a, b Source (token) and target (anchor)

marginals
C Cosine-distance cost matrix
P Optimal transport plan
ε Entropic regularization strength
T Number of Sinkhorn iterations
wij Row-normalized transport weight
z̃i Barycentric projection of token zi
γi Per-token anchoring strength (entropy-

adaptive)
γmax Maximum anchoring strength
ẑi Residual-fused anchored token
β Global feature fusion weight
ĝ Anchored global feature
τ Reject sink cost
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