VLOD-TTA: Test-Time Adaptation of
Vision-Language Object Detectors

Atif Belal®| Heitor R. Medeiros®, Marco Pedersoli®, and Eric Granger

LIVIA, Dept. of Systems Engineering, ETS Montréal, Canada
International Laboratory on Learning Systems (ILLS)
{atif.belal.l, heitor.rapela-medeiros.1}@ens.etsmtl.ca,
{marco.pedersoli, eric.granger}@etsmtl.ca

Abstract. Vision-language object detectors (VLODs) such as YOLO-
World and Grounding DINO exhibit strong zero-shot generalization, but
their performance degrades under distribution shift. Test-time adapta-
tion (TTA) offers a practical way to adapt models online using only
unlabeled target data. However, despite substantial progress in TTA
for vision-language classification, TTA for VLODs remains largely unex-
plored. The only prior method relies on a mean-teacher framework that
introduces significant latency and memory overhead. To this end, we
introduce VLOD-TTA, a TTA method that leverages dense proposal
overlap and image-conditioned prompts to adapt VLODs with low addi-
tional overhead. VLOD-TTA combines (i) an IoU-weighted entropy ob-
jective that emphasizes spatially coherent proposal clusters and mitigates
confirmation bias from isolated boxes, and (ii) image-conditioned prompt
selection that ranks prompts by image-level compatibility and aggregates
the most informative prompt scores for detection. Our experiments across
diverse distribution shifts, including artistic domains, adverse driving
conditions, low-light imagery, and common corruptions, indicate that
VLOD-TTA consistently outperforms standard TTA baselines and the
prior state-of-the-art method using YOLO-World and Grounding DINO.
Code: https://github.com/imatif17/VLOD-TTA
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1 Introduction

Object detectors (ODs) localize and classify objects in images [43|, with appli-
cations in surveillance 27|, autonomous driving [11], and medical imaging [20].
Recently, vision-language ODs (VLODs) such as YOLO-World [4] and Ground-
ing DINO [22] have demonstrated strong zero-shot (ZS) generalization by align-
ing region-level visual features with textual representations through large-scale
image-text pretraining [141[32].

Despite their strong ZS capability, VLODs remain sensitive to distribution
shift at test time [33]. Although source-free domain adaptation [19[34] can mit-
igate this issue, it typically assumes access to pre-collected target-domain data
and offline adaptation. These assumptions are often impractical in deployment
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Fig. 1: Motivation for IWE. Left—right: (i) Raw predictions before thresholding
for two classes — a true positive Person (red) (bbox cluster size = 167, max score
= 0.14) and a false positive Dog (blue) (bbox cluster size = 45, max score = 0.15);
(ii) In ZS, all scores remain below the detection threshold, causing a missed detection;
(iii) Standard entropy minimization over-confidently sharpens scores, resulting in a dog
false positive; and (iv) IWE focuses updates on dense bbox clusters and suppresses
isolated boxes, producing only the correct person detection.

(iii) Standard Entropy  (iv) loU-Weighted Entropy
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Fig. 2: Motivation for IPS. Left—right: (i) ZS produces a correct Person (red)
detection but also a Dog (blue) false positive; (ii) prompt—class score heatmap, where
circles denote prompts selected by IPS and the right-margin bars show Sps — Spa,
indicating that prompt selection increases the correct person-class score; (iii) prompt
averaging (PA) reduces detection confidence, producing no detections; and (iv) prompt
selection (PS) suppresses the dog false positive while preserving the person detection.

settings, where the test environment changes over time and adaptation must be
performed online. This motivates test-time adaptation (TTA) for VLODs, which
adapts the model online during deployment using only unlabeled test data.

The only prior TTA method specialized for VLODs, TTAOD-F IEH, adopts
a multimodal prompt-based mean-teacher framework with joint text and visual
prompt tuning, together with memory-enhanced pseudo-labeling. While effec-
tive, its teacher-based design introduces substantial computational overhead at
test time due to extra model components and auxiliary feature processing. More-
over, it is tailored to transformer-based detectors and does not readily extend
to CNN-based VLODs such as YOLO-World. This highlights the need for an
efficient TTA framework for VLODs that avoids teacher-based adaptation and
extends beyond transformer-based detectors.

In parallel, TTA methods for vision-language classification often rely on en-
tropy minimization over augmented views . While entropy minimization
offers a lower-overhead alternative to teacher-based approaches, it has two key
limitations for ODs. First, it amplifies confirmation bias by sharpening the high-
est class score, which can make mislocalized proposals overly confident . Sec-
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ond, it ignores proposal structure and assigns the same weight to isolated or
cross-instance boxes as to spatially consistent overlapping proposal clusters. As
illustrated in Figure[I] standard entropy minimization can increase the scores of
both person and dog predictions without considering spatial coherence, leading
to a false-positive dog detection.

Beyond model adaptation, prompt ensembling is a common strategy for im-
proving the robustness of vision-language models (VLMs), typically by averaging
multiple prompt templates per class [29]. However, for VLODs, prompt averag-
ing provides only marginal gains and can even degrade performance, as shown
in Section [4.3] As shown in Figure[2] prompt averaging reduces the person score
below the detection threshold, resulting in a missed detection.

To address these limitations, we propose VLOD-TTA, a TTA framework
for VLODs with two key components: IoU-weighted entropy minimization
(IWE) and image-conditioned prompt selection (IPS). Modern ODs gen-
erate dense, overlapping proposals that provide partially redundant views of the
same instance. IWE leverages this spatial redundancy by assigning each pro-
posal a weight based on its local IoU affinity with overlapping, class-consistent
proposals. This biases adaptation toward spatially coherent proposals and re-
duces confirmation bias from isolated or mislocalized ones. In Figure [1I] IWE
increases scores within the dominant person cluster instead of uniformly amplify-
ing all proposals, thereby suppressing the false-positive dog prediction produced
by standard entropy minimization.

We further introduce IPS, an OD-specific prompt selection mechanism. Rather
than averaging all prompts, IPS computes an image-conditioned selection score
for each prompt and retains only the top-p fraction per class. The retained
prompt logits are then fused with the base OD logits. By conditioning on test-
image features, IPS retains the most informative, context-relevant prompts while
suppressing irrelevant ones. In Figure 2] IPS selects prompts aligned with the in-
put image and raises the person score relative to prompt averaging, resulting in
a correct detection. Together, IWE and IPS provide an efficient TTA framework
that improves VLOD robustness under distribution shift with low overhead.
Our main contributions are summarized as follows. (1) We introduce
IWE, a detection-specific entropy minimization objective for VLOD TTA that
exploits local proposal overlap and mitigates confirmation bias. (2) An IPS
mechanism is introduced that replaces prompt averaging with image-relevant
prompt fusion, improving VLOD robustness under distribution shift. (3) Com-
prehensive benchmarking on six standard detection datasets and 15 common
corruptions, covering 96 distinct test scenarios, shows that VLOD-TTA con-
sistently outperforms TTA baselines on state-of-the-art CNN- and transformer-
based VLODs.

2 Related Work

Test-Time Adaptation. TTA mitigates domain shift by updating a subset of
model parameters using only unlabeled test data. Tent [35] minimizes predictive
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entropy by updating batch normalization parameters over batches of images.
Memo [40] avoids batches by minimizing marginal entropy across augmented
views of a single test image. For VLMs, TTA methods mainly fall into two
families: prompt-tuning [8l/33] and cache-based methods [17}[39]. Prompt-tuning
methods optimize continuous prompt tokens in the text encoder for each test im-
age. Cache-based methods maintain a memory of high-confidence target features
and pseudo-labels to calibrate predictions online. These methods operate at the
image level for classification and do not involve region proposals, leaving localiza-
tion unaddressed. In contrast, VLOD-TTA performs proposal-level adaptation
for open-vocabulary detection, jointly addressing localization and classification.

Vision-Language Object Detectors. VLODs localize and classify categories
specified by text, thereby relaxing the closed-set constraint of conventional ODs.
Early methods leverage VLMs [29] to transfer language-aligned semantics into
detector classifier heads [10,/38}/41]. Vocabulary scaling further decouples lo-
calization and classification by training large-vocabulary classifiers with image-
level labels while keeping proposals class-agnostic [42]. Grounded pretraining
unifies detection and phrase grounding to learn language-aware object repre-
sentations |18]. Grounding DINO [22] fuses language into a transformer detec-
tor via language-conditioned queries and cross-modal decoding. For efficiency,
YOLO-World [4] introduces reparameterizable vision-language fusion for real-
time open-vocabulary detection. Despite strong ZS performance, VLODs remain
sensitive to domain shift, motivating the study of TTA for open-vocabulary ODs.

Test-Time Adaptation for Object Detectors. For ODs, TTA aims to im-
prove robustness under domain shift without requiring source data during de-
ployment. Prior TTA methods for ODs mainly rely on self-training and pseudo-
label refinement. These include mean-teacher adaptation with feature align-
ment [3]|, stability-aware adapter updates [36]|, object-level contrastive align-
ment with selective restoration [1], and single-image adaptation with ToU-guided
pseudo-label filtering [30]. Although effective, many TTA methods for ODs rely
on heavy augmentations and multi-step updates, which can limit deployment
practicality. Moreover, they are designed for conventional closed-set ODs with a
fixed vision-only label space and assume source-pretrained detectors. In compar-
ison, VLOD-TTA adapts VLODs in an open-vocabulary setting by leveraging
both visual and textual cues. TTAOD-F [9] is the only prior study on TTA for
VLODs. It uses a mean-teacher framework with text and visual prompt tuning
in a transformer architecture. This design incurs substantial adaptation-time
overhead, as it maintains a second detector as teacher, requires an additional
forward pass for pseudo-label generation, and uses DINOv2 [28| features for
memory-based prediction refinement. In contrast, VLOD-TTA uses an efficient
entropy-based objective that does not require a teacher forward pass and gener-
alizes to both CNN- and transformer-based VLODs.
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Fig.3: Overview of VLOD-TTA. Given an input image and a pool of class
prompts, the text encoder produces embeddings that interact with region proposals
through the vision-language head to compute similarity scores. IPS selects the top-p
prompts and averages their scores to obtain per-proposal class scores. IWE then com-
bines per-proposal entropy with loU-based weights to form the adaptation objective.

3 Proposed VLOD-TTA Method

An overview of VLOD-TTA is shown in Figure[3] Our framework consists of two
components: IoU-weighted entropy minimization (IWE) and image-conditioned
prompt selection (IPS). IWE reweights proposal entropies using local IoU con-
sistency to emphasize reliable regions during adaptation. IPS computes image-
conditioned prompt relevance and retains only the most informative prompts.
We first introduce the preliminaries and then describe each component in detail.

3.1 Preliminary Definitions

Vision—Language Object Detection. A VLOD couples a visual detector
with a text encoder in a shared embedding space. Given an image X € RE>*HxW
the visual detector outputs N candidate boxes B = {b;}Y; and corresponding
region features {v;}¥ |, where v; € R?. For each category name y; in a label
set Y with |Y| = K, the text encoder produces an embedding t; € R¢. The
similarity score between proposal ¢ and class k is
~T3 N Vi : ty

Sik = V; tk V; = tk: _—. (1)

' Y S flville [tk]2
Final detections are obtained using detector-specific post-processing, such as
score thresholding and non-maximum suppression.

Entropy Minimization for ODs. Given class scores s; j for proposal ¢ and
class k, the categorical posterior for proposal b; is p; 1, = [softmax(si,l, el si,K)} X

The Shannon entropy of proposal i is H(p;) = — Zszl Dik l0g i k. A stan-
dard TTA objective minimizes the average entropy over all proposals:

N
LEnt = %ZH(PZ) (2)

i=1



6 A. Belal et al.

This objective sharpens proposal-level class posteriors and reduces predictive
uncertainty.

3.2 IoU-weighted Entropy Minimization (IWE)

VLODs produce a large number of candidate boxes per image. In standard con-
figurations, YOLO-World (YW) produces approximately 8,400 proposals, and
Grounding DINO (GD) produces approximately 900. Although post-processing
removes most proposals, their spatial structure remains informative. Regions
containing many mutually overlapping proposals with the same predicted class
are more likely to correspond to true objects, whereas sparse or dispersed propos-
als are typically less reliable. Standard entropy minimization, such as Tent [35],
treats proposals independently and ignores their overlap structure, which can
sharpen predictions in unreliable regions and amplify confirmation bias.

To address this limitation, VLOD-TTA introduces IWE, which assigns larger
weights to groups of mutually overlapping proposals and smaller weights to iso-
lated proposals. Let ¢; = arg maxy, p; . denote the predicted class of proposal b;.
For each class ¢, we construct a class-specific IoU graph G. = (V,, E.), whose
vertices are proposals with predicted label c. Two vertices u and v are connected
by an edge if IoU(b,, b,) > 0, where 8 € [0, 1] is a fixed threshold. Let C(i) denote
the connected component of G, containing proposal i. We define the weight as
w; = |C(4)|7, where |C(7)] is the size of the corresponding connected component
and « > 0 controls the influence of component size. The IWE objective is

N . .

The weights depend only on the IoU graph and are treated as constants during
backpropagation, so gradients flow only through #(p;). This objective empha-

sizes spatially coherent proposal groups while reducing the influence of isolated
or inconsistent proposals.

LioU—Ent =

3.3 Image-Conditioned Prompt Selection (IPS)

The performance of VLMs is sensitive to prompt wording. A common strategy is
to use multiple prompt templates per class and average their text embeddings.
Although CLIP reports improved zero-shot accuracy with this approach [29],
we find that uniform prompt averaging is often ineffective for VLODs and can
even degrade performance. Instead of treating all prompts equally, IPS selects
informative prompts for each image and adapts the text representation at test
time.

For each class k € {1,..., K}, let {tx1,...,txr} denote a pool of T prompts
with text embeddings {ey: € R?}. Given N region proposals with features
{vi}ij\él, we compute prompt-conditioned similarities as z; ,,; = ‘A,;r €y, where
v; and €y, ; are {y-normalized. For each class k and prompt ¢, we define an image-
conditioned compatibility score as ry + = % Zivzl Z; k¢~ This score measures the
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average compatibility of prompt ¢ with the proposal features for class k in the
current image (see Supp. for theoretical justification). To suppress irrelevant
prompts, IPS selects, for each class k, the top-p fraction of prompts with the
highest compatibility scores ry ;. Let S;, denote the selected prompt indices. The
class score for proposal i is then computed by averaging only over the selected
prompts, Z; = ﬁ Ztesk Zi kot

To further align text and region embeddings, we introduce a lightweight
residual vector in the text embedding space |39]. Let A € R? be a learnable
residual added to each prompt embedding;:

ept +A (@)
llew: + All2

Let s; 5, denote the base VLOD class score from Equation . The final fused
score is g; k = AZik + (1 — A)s; 5, where A € (0,1).

€Lt =

3.4 Model Update

Although VLOD-TTA can in principle adapt any subset of parameters, we keep
the base network fixed and update only a small set of adapter parameters |2
13]. For YW, we insert adapters into the backbone and neck, whereas for GD,
we insert adapters only into the text encoder. This distinction reflects their
different architectures and pretraining paradigms (see Sectionfor details). Let
O denote all network parameters, with © = (Ofopen, P, A), where P represents
the adapter parameters and A is the residual parameter defined in Equation .
At test time, we zero-initialize (P, A) as (Pg, Ag). Given the final fused score
gi,k, We retain the top-M proposals ranked by maxy, g; . to accelerate IoU graph
construction. We then optimize (&, A) for a single adaptation step using the IWE
objective. Since adaptation is performed on a single test image, the updated
parameters are not expected to generalize across images. We therefore reset
(@, A) to (Do, Ag) after each prediction.

4 Results and Discussion

We evaluate VLOD-TTA on a diverse benchmark of domain shifts. We first
describe the benchmark setup and TTA baselines. We then analyze the main
results across different shift types, followed by ablations on the key design choices
of the proposed method.

4.1 Benchmarking VLOD-TTA

We compare ZS inference, four TTA baselines adapted to VLODs, and our
VLOD-TTA. The benchmark covers four types of domain shift: texture and
style, weather, illumination, and common corruptions. It includes six domain-
shift datasets and two corruption benchmarks. We report results for YOLO-
World (YW) and Grounding DINO (GD) using mean average precision (mAP) [21].
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Datasets. Watercolor, ClipArt, Comic: Watercolor, ClipArt, and Comic [15]
are stylized artistic datasets used to evaluate robustness to style shifts. Cityscapes:
Cityscapes contains urban street scenes from multiple European cities [5]. We
use it to study domain shift in driving scenes across geography, weather, and
time of day. BDD100K: BDD100K is a large-scale driving dataset spanning
day and night, multiple cities, and diverse weather conditions [37]. We use it to
evaluate robustness under real-world distribution shifts. ExDark: ExDark is a
low-light OD dataset |23]| used to measure robustness under poor illumination.
PASCAL-C and COCO-C: PASCAL-C and COCO-C |26] corrupt PASCAL-
VOC [6] and COCO |21] using 15 common corruption types at five severity levels,
following [12], to evaluate OD robustness under common corruptions.

Baselines. Zero-shot: Pretrained VLODs are used directly for inference with-
out any adaptation [4,22|. Test-Time Prompt Tuning (TPT): We adapt
TPT [33] from classification to OD by optimizing only text prompt vectors at test
time. Candidate boxes are selected based on entropy, and a marginal-entropy ob-
jective is minimized over those proposals. Visual Prompt Tuning (VPT): Fol-
lowing the TPT pipeline, we optimize only visual prompts [16]. Visual prompting
has been shown to be effective for modality adaptation [25]. DPE: We adapt
DPE [39] to OD by maintaining per-class text and visual caches constructed from
high-confidence proposals. At test time, only the residual cache parameters are
updated using a marginal-entropy objective combined with a cache-contrastive
loss. Adapter Tuning: We adapt lightweight bottleneck adapters using the
Tent objective [35]. This removes dependence on model-specific prompt param-
eters and provides a fairer comparison with our method.

Implementation Details. We report AP using the COCO APT |21]. Unless
stated otherwise, we use YW-Small and GD-Tiny. Each experiment uses a batch
size of 1 and a single adaptation step to target real-time deployment settings.
We set v = 1.1, p = 0.25, M = 600, and A = 0.3 for YW, and A = 0.1 for
GD (see Supp. for hyperparameter sensitivity analysis). Due to architectural
differences, we use Conv-Adapters [2] in YW with a reduction factor of 4 and
a kernel size of 3, and an MLP Adapter [13] in GD with a reduction factor of
r = 16 (see Supp. for details). We use T' = 16 GPT-generated prompts per class.
We use ChatGPT-5 to generate textual prompts with the instruction: “Generate
16 prompts for each object category: < category list >” (see Supp. for examples
of prompts).

4.2 Main Results

Texture and style shifts ( Watercolor, ClipArt, Comic). Results in Ta-
ble [[]show that VLOD-TTA achieves the best performance on all three stylized
datasets for both YW and GD. Among prompt-based baselines, VPT is slightly
more effective than TPT on YW, with an average gain of +0.6 AP5q, whereas
TPT is slightly more effective than VPT on GD by +0.4 AP35 on average. This
trend is consistent with the adapter placement analysis in Section [£.3] Adapter
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Table 1: Detection performance on benchmark datasets. We report mAP, APso,
and AP75 for both YW and GD ODs on six benchmark datasets — Watercolor, ClipArt,
Comic, Cityscapes, BDD100K, and ExDark. Best results are in bold.

YOLO-World

Watercolor ClipArt Comic Cityscapes BDD100K ExDark

Method mAP APs5y AP7s mAP APsy AP7;; mAP APs;, AP7;; mAP APj, AP7; mAP AP5, AP7; mAP APs, APrs
zs [i] 26.9 47.9 259 244 40.1 262 17.8 294 188 188 31.0 17.9 133 22.0 134 352 64.7 34.6
TPT (33| 27.3 48.5 26.1 249 41.3 26.8 18.1 29.9 19.1 18.8 31.1 18.0 13.4 22.2 13.5 35.8 65.1 34.7
VPT |16] 26.9 49.1 25.1 25.0 41.4  26.9 18.3 30.9 19.3 18.9 31.2 18.0 13.5 22.3 13.2 35.8 65.8 349

DPE (39| 27.2 489 263 249 415 271 189 31.7 198 19.0 31.3 18.0 13.5 223 13.3 359 66.4 35.1
Adapter 35| 28.3 51.5 26.7 269 44.1 27.8 20.8 34.7 21.7 19.1 31.3 183 13.7 21.7 13.1 35.8 66.4 35.1
VLOD-TTA 29.6 53.1 28.7 28.1 45.4 29.9 21.4 36.1 22.1 19.4 31.8 18.6 14.6 24.3 14.8 36.4 67.4 35.6

Grounding DINO

‘Watercolor ClipArt Comic Cityscapes BDD100K ExDark
Method mAP AP;5y AP7; mAP APs5y AP;; mAP AP;;, AP7;; mAP AP;y AP7;; mAP AP;y AP7;; mAP APs5y APrs
7S |22] 374 629 37.6 384 588 41.8 31.2 529 31.5 241 382 245 16.6 28.3 16.2 354 66.2 34.5
TPT|33] 37.4 63.1 37.6 386 59.1 423 31.5 53.6 31.8 246 38.6 248 16.6 284 16.2 356 66.5 34.9
VPT |16} 37.2 63.0 37.8 386 59.0 41.9 31.1 52.6 31.2 24.0 382 243 16.7 285 16.2 35.1 664 34.4
DPE [3Y] 37.6 632 381 38.2 59.3 420 31.8 533 31.7 244 383 244 167 286 16.3 352 66.6 34.3

Adapter |35] 384 63.6 39.0 386 589 41.8 31.7 54.1 320 246 39.1 246 16.8 28.7 16.6 35.7 66.8 34.5
VLOD-TTA 38.9 64.7 39.5 41.2 62.1 43.3 34.2 57.8 35.3 25.8 40.8 25.9 181 31.1 18.5 37.3 68.9 36.8

is the strongest prior baseline, improving AP5g over ZS by +4.3 on YW averaged
across the three datasets, but only by +0.7 on GD. In contrast, VLOD-TTA
delivers larger and more consistent gains. Relative to ZS, VLOD-TTA improves
YW by an average of +3.3 mAP, +5.8 AP5o, and +3.2 AP75 across the three
datasets. For GD, the corresponding gains are +2.4 mAP, +3.3 AP5g, and +2.4
AP75. These results indicate that combining IWE and IPS is particularly effec-
tive under appearance shifts that alter texture and visual style while preserving
object semantics.

Autonomous driving under varying conditions ( Cityscapes, BDD100K).
Table [I] shows that adaptation on driving scenes is more challenging than on
stylized domains, likely because these datasets contain many small objects with
weak or sparse proposal overlap (see Supp. for a detailed analysis and ways to
mitigate this issue). As a result, standard entropy-based baselines provide only
marginal improvements over ZS. On YW, Adapter even underperforms ZS on
BDD100K in both AP5q and AP75, suggesting that standard entropy can overfit
unreliable proposals in crowded scenes. In contrast, VLOD-TTA achieves the
best results on both datasets and both detectors. Averaged over Cityscapes and
BDD100K, it improves YW over ZS by +1.0 mAP, +1.6 AP5g, and +1.1 AP5.
For GD, the corresponding average gains are +1.6 mAP, +2.7 AP5y, and +1.9
APr75. Although the absolute gains are smaller than on stylized datasets, they
remain consistent, showing that VLOD-TTA is effective even in more struc-
tured and challenging driving scenarios.

Ilumination shift (ExDark). Under low-light conditions, VLOD-TTA again
achieves the best performance on both YW and GD, as shown in Table [I} On
YW, DPE and Adapter are the strongest prior baselines, both reaching 66.4
AP5o, which indicates that low-light adaptation benefits from strong prior in-
formation. VLOD-TTA further improves over ZS by +1.2 mAP, +2.7 AP5,
and +1.0 AP75. On GD, Adapter is the strongest prior baseline, while the gains
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Table 2: Detection performance on PASCAL-C. AP5g is reported for the YW
detector on 15 different data corruptions.

Noise Blur ‘Weather Digital
Method Gauss Shot Impul Defoc Glass Motn Zoom Snow Frost Fog Brit Contr Elast Pixel JPEG | Avg
7S 4] 16.9 17.2 16.2 32.4 11.3 26.9 30.1 46.4 50.6 70.4 73.6 41.3 42.0 8.9 26.1 34.0
TPT|33] 17.4 17.9 16.4 33.1 11.7 27.1 30.7 47.2 519 68.9 71.1 42.8 42.7 9.5 27.2 | 344
VPT |16] 17.8 18.2 16.7 33.0 12.3  27.7 30.5 47.7  51.3 69.9 T72.5 42.5 43.5 10.9 28.4 |34.9
DPE [3Y] 17.7 187 17.5 32.8 12,9 285 30.7 48.4 52.1 70.9 73.4 429 43.2 115 30.7 |35.5

Adapter |35] 20.5 22.8 23.1 35.9 15.1  29.0 30.2 48.1 52,5 71.1 72.1 458 46.5 16.1 36.8 | 37.7
VLOD-TTA 22,9 24.4 24.2 37.2 16.6 29.3 30.9 50.9 538 73.2 741 48.7 49.4 17.8 40.2 [39.6

of the other baselines remain limited. In comparison, VLOD-TTA improves
over ZS by +1.9 mAP, +2.7 AP5g, and +2.3 AP75. These results indicate that
VLOD-TTA improves both detection confidence and localization quality under
severe low-light conditions.

Common corruptions. Table [2| reports AP5y on PASCAL-C across 15 cor-
ruption types using YW. VLOD-TTA achieves the best performance on every
corruption and the highest overall average of 39.6 APsq. It outperforms the
strongest baseline, Adapter, by 1.9 APs5y and improves over ZS by 5.6 APs5q.
The largest gains over ZS are observed on JPEG Compression (+14.1), Pixelate
(+8.9), Impulse Noise (+8.0), Contrast (+7.4), Elastic Transform (+7.4), and
Shot Noise (+7.2). These improvements are particularly strong under noise and
digital corruptions. Overall, the results show that VLOD-TTA provides broad
and consistent robustness across common corruption types.

4.3 Ablation Studies

Contribution of individual components. We ablate the two components
of VLOD-TTA on YW across Watercolor, ClipArt, and Comic in Table
Adapter serves as the standard entropy-minimization baseline. IWE replaces
standard entropy with IoU-weighted entropy, and VLOD-TTA combines IWE
with IPS. Compared with Adapter, IWE consistently improves both mAP and
APs5p across all three datasets. Adding IPS on top of IWE yields further consis-
tent gains. These results show that both components contribute positively, and
their combination achieves the best performance.

Adapters versus batch normalization parameters. In the main exper-
iments, we optimize adapter parameters. To show that VLOD-TTA is not
restricted to a particular parameter subset, we compare adapter tuning with
batch normalization updates under both standard entropy and VLOD-TTA in
Table [l Under standard entropy, the two parameter choices yield similar im-
provements over ZS on Watercolor, ClipArt, and Comic. Applying VLOD-TTA
further improves both and consistently outperforms the corresponding entropy-
only baseline. Batch norm with VLOD-TTA nearly matches the adapter-based
version, showing that the proposed objective is effective beyond adapters. How-
ever, batch norm requires dataset-specific learning-rate tuning to achieve its best
performance, for example le—2 on Watercolor and 3e—2 on ClipArt, whereas
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Table 3: Ablation study on the com- Table 4: Adapters vs. batch norm.
ponents of VLOD-TTA. Detection as adaptation parameters. Detection
performance on three style-shift datasets. performance on three style-shift datasets.

Watercolor ClipArt Comic ‘Watercolor ClipArt Comic

Method mAP AP5, mAP AP;, mAP AP;,  Method mAP APso mAP APs) mAP AP

2 v o ai wi s mi B Ry momom e o

Adapter 283 515 269 441 208 347 Adapters 283 515 26.9 441 208 347
IWE 29.3 52,6 27.5 447 212 35.6

VLOD-TTA BN 29.4 52.9 28.3 45.3 21.3 36.1

VLOD-TTA 29.6 53.1 28.1 45.4 21.4 36.1 VLOD-TTA 20.6 531 281 454 21.4 36.1

adapters perform well with a single learning rate of 5e—3 across datasets. In
the TTA setting, the target domain is unknown at test time, which makes per-
dataset learning-rate tuning impractical for real-time detection. We therefore
use adapters in the main experiments.

Table 5: Performance and inference cost comparison on COCO-C. We report
corruption-group mAP along with total and tuned parameter counts, GPU memory
usage, and latency. All experiments are run on an RTX3090 GPU. VLOD-TTA*
denotes our method with TTAOD-F-based initialization.

Corruption Type Avg. mAP 1 |Overall | Inference Cost |
Total Params Tuned Params Memory Latency
Method Noise Blur Weather Digital Avg (Mil) (Mil) (GB) (ms/img)
ZS |22} 149 11.2 34.7 23.0 20.6 172.9 0.00 1.36 210.6
TTAOD-F \QE 21.2  14.3 37.0 31.7 26.0 629.9 0.08 11.37 701.9
VLOD-TTA 21.1 15.6 38.5 30.4 26.2 173.9 0.89 3.76 531.6
VLOD-TTA* 21.5 15.9 38.6 32.8 27.3 173.9 0.95 3.92 567.3

Comparison with TTAOD-F. TTAOD-F [9] is the only prior TTA method
designed specifically for VLODs. In Table[5] we compare it with VLOD-TTA on
COCO-C using GD, reporting corruption-group mAP together with parameter
count and latency (see Supp. for full results). VLOD-TTA improves over ZS on
all corruption groups and achieves slightly higher average mAP than TTAOD-F
(26.2 vs. 26.0), while using far fewer total parameters (173.9M vs. 629.9M) and
lower latency (531.6 vs. 701.9 ms/img), with substantially lower GPU memory
usage (3.76 vs. 11.37 GB). TTAOD-F also uses a test-time warm-start strategy
that initializes visual prompts by average pooling image tokens from the first
test sample. For fair comparison, we additionally evaluate a warm-start vari-
ant, denoted VLOD-TTA*, using the same initialization strategy as TTAOD-F.
This variant further improves the average mAP to 27.3 and outperforms both
TTAOD-F and the default VLOD-TTA across all corruption groups. In addi-
tion, VLOD-TTA keeps the tuned parameter budget small (0.89M, or 0.95M for
VLOD-TTA?*). These results show that VLOD-TTA offers a substantially bet-
ter accuracy—efficiency trade-off at test time. The latency gap is consistent with
the higher adaptation-time cost of TTAOD-F, which requires multiple forward
passes and one backward pass, whereas VLOD-TTA uses a single adaptation

L TTAOD-F uses batch size 4 (original setting), whereas VLOD-TTA uses batch size 1. Although
batch size 1 reduces TTAOD-F memory to 4.43 GB, we observe a deterioration in its performance
under this setting.
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A mAP over ZS
N w »

-

Co Eg Mu Pa Pv Pi Po Ra Sh Th Ve Avg
Dataset

Fig. 4: Improvement over ZS on ODinW-13 using Grounding DINO. VLOD-
TTA achieves larger mAP gains than TTAOD-F on 12 of the 13 datasets.

step with one forward pass and one backward pass.

Performance on ODinW-13. 0ODinW-13 consists of 13 diverse object de-
tection datasets spanning heterogeneous visual domains. As shown in Figure [d]
VLOD-TTA improves the ZS baseline from 52.8 to 56.0 mAP, corresponding
to a gain of +3.2 mAP, compared with +1.4 mAP for TTAOD-F. Moreover,
VLOD-TTA outperforms TTAOD-F on 12 of the 13 datasets. These results
demonstrate that VLOD-TTA generalizes effectively across diverse object de-
tection domains.

Scalability to larger VLODs. We further evaluate VLOD-TTA on the larger
YOLO-World-Large and Grounding DINO-Big variants. As shown in Table [6]
VLOD-TTA consistently improves AP5q across all three style-shift datasets. For
YOLO-World-Large, the gains range from +3.0 to +4.9 AP5p, while Grounding
DINO-Big improves by +2.3 to +3.3 AP5¢. These results indicate that VLOD-
TTA remains effective as model capacity increases and is not limited to the
smaller detector variants used in our main experiments.

Table 6: Scalability to larger VLODs. We report APs5o on three style-shift datasets
using YOLO-World-Large and Grounding DINO-Big.

YOLO-World-Large

Method ‘Watercolor ClipArt Comic

ZS 4] 55.3 50.6 37.9

VLOD-TTA 58.3 53.9 42.8
Grounding DINO-Big

Method ‘Watercolor ClipArt Comic

ZS [22] 70.5 77.9 64.7

VLOD-TTA 72.8 81.2 67.1

Prompt averaging vs. prompt selection. In Figure we compare two
ways of using language prompts in YW: (i) prompt averaging, which averages
multiple templates per class into a single text embedding as in CLIP [29], and
(ii) prompt selection, which retains only the most informative prompts for each
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(a) Prompt averaging vs. (b) Prompt generation strate- (c) Adapter placement across
prompt selection. gies. modules.
Fig.5: Ablation studies on prompt design and adapter placement. (a) Com-
parison between prompt averaging and prompt selection. (b) Comparison of prompt
generation strategies. (c¢) Effect of adapter placement across modules. All values report
AmAPs5, over three style-shift datasets relative to zero-shot (ZS).

image. Prompt averaging provides only a limited benefit, slightly improving Cli-
pArt while reducing AP5g on Watercolor (—0.35) and Comic (—0.30) relative to
ZS. In contrast, prompt selection improves AP5q on all three datasets, with an
average gain of +1.0 over ZS. These results show that uniform prompt aggrega-
tion offers limited benefit for VLODs, whereas prompt selection provides a more
reliable mechanism for adapting text representations at test time.

Variation with different prompt-generation strategies. Our default set-
ting uses dataset-agnostic GPT prompts. We compare this setting with dataset-
specific GPT prompts and CLIP-style prompts. The APy improvement over
7S on Watercolor, ClipArt, and Comic is summarized in Figure CLIP-style
prompts provide a small gain on Watercolor but reduce performance on ClipArt
(—0.8) and Comic (—1.3), which we attribute to a pretraining bias toward label-
only text prompts. Dataset-agnostic GPT prompts improve over ZS on all three
datasets, with gains of +0.9 on Watercolor, +1.0 on ClipArt, and 4+1.2 on Comic.
Dataset-specific prompts yield the largest gains, reaching 4+1.0 on Watercolor,
+1.6 on ClipArt, and +1.7 on Comic, which suggests that domain-specific cues
can further improve adaptation. Since such information is unrealistic in the TTA
setting, we do not use dataset-specific prompts in the main experiments.

Effect of adapter placement across modules. In Figure we insert
adapters into one module at a time and report the change in AP35, relative to
7S, averaged over Watercolor, ClipArt, and Comic. For YW, adapting the vi-
sion backbone yields the largest gain (+4.4 AP5q), followed by the neck (42.6),
whereas adapting the head or text encoder provides little benefit. This behav-
ior reflects YW’s architecture, where the detector and text encoder are largely
decoupled and interact only at the final scoring stage. As a result, updating
the text encoder mainly affects classification scores and has a limited impact on
detection performance. This observation is also consistent with YW pretraining
results, where fine-tuning the text encoder can even degrade performance [4]. We
therefore omit head adapters in the main experiments to reduce computation.
For GD, the trend is reversed. Adapting the text encoder yields the largest
gain (+3.3 AP5q), whereas adapting the vision encoder or neck slightly degrades
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Table 7: IoU-weighted pseudo-labeling mpie 8. Efficiency and perfor-
(IWPL). Integrating IoU-weighting into a . o o VYW. We report FPS
mean-teacher pseudo-labeling TTA scheme ’

. ) trainable parameters (M), and APs5g.
improves AP on three style-shift datasets.

Method FPSt Params. (M), AP5oT

‘Watercolor ClipArt Comic 7S 89 0.00 47.9

TPT 9 1.12 48.5

Method mAP AP;p mAP AP;y mAP AP; VPT 18 393 491
7S 26.9 47.9 244 40.1 17.8 294 DPE 15 0.31 48.9
Pseudo-label 28.3 50.1 25.9 423 19.2 31.9 Adapter 22 1.52 51.5
VLOD-TTA 20 1.61 53.1

IWPL 29.1 51.6 27.3 43.7 20.5 33.2

performance. This difference is consistent with GD’s early cross-modal fusion de-
sign, in which text features influence both localization and classification through-
out the detector. Consequently, adapting the text encoder is more effective in
GD than in YW. This finding also aligns with GD pretraining, where jointly
optimizing the text and vision encoders improves performance [22]. We do not
adapt GD’s vision encoder in the main experiments because it tends to overfit
to a single test image, likely due to its much larger capacity (172M parameters
for GD vs. 13M for YW).

IoU-weighted pseudo-labeling. To test whether loU-based weighting is use-
ful beyond entropy minimization, we integrate it into a standard pseudo-label-
based TTA scheme for ODs. Specifically, teacher predictions are used as super-
vision for student updates, and overlapping teacher boxes are clustered using
IoU, with each pseudo-label weighted by its normalized cluster size. As shown
in Table [7] IoU-weighted pseudo-labeling consistently improves both mAP and
APs over the standard pseudo-label baseline across Watercolor, ClipArt, and
Comic. This suggests that IoU-based proposal weighting is a general principle
that can also strengthen pseudo-label-driven adaptation.

Runtime and parameter cost. TTA introduces additional computation
beyond ZS inference, so practical deployment requires a favorable accuracy—
efficiency trade-off. Table [§] compares throughput, trainable parameters, and
AP5o on YW. VLOD-TTA is faster than TPT, VPT, and DPE, and only
slightly slower than Adapter because of IoU-graph construction. Despite this
small overhead, VLOD-TTA uses only 1.61M trainable parameters, achieves
the best APsq, and provides a favorable efficiency—performance trade-off among
the TTA baselines.

4.4 Qualitative Analysis

Figure [ compares detections from ZS, the Adapter baseline, and VLOD-TTA.
The Adapter baseline often sharpens incorrect predictions, for example, the per-
son in the bottom row, which reflects proposal-level confirmation bias under
standard entropy minimization. In contrast, VLOD-TTA suppresses isolated
proposals and yields more consistent detections with fewer false positives by em-
phasizing spatially coherent clusters of overlapping proposals. We also observe
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(a) GT (b) ZS (c) Adapter (d) VLOD-TTA
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Fig. 6: YW detections across different approaches: Each column corresponds to
a different method: (a) GT (Ground Truth), (b) ZS (Zero-Shot), (c) Adapter, and (d)
VLOD-TTA. Each color represents a different object category.

cleaner localization, including fewer duplicate boxes. Moreover, VLOD-TTA
can detect plausible objects that are missing from the ground truth or refine
loosely annotated instances. Although such cases are counted as errors under
standard evaluation, they qualitatively suggest improved localization and se-
mantic grounding.

5 Conclusion

TTA has emerged as a practical strategy for improving robustness under domain
shift, yet it remains largely unexplored for VLODs. In this paper, we intro-
duce VLOD-TTA, a TTA framework for VLODs that combines IoU-weighted
entropy minimization with image-conditioned prompt selection while updating
only lightweight adapter parameters. We validate VLOD-TTA across diverse
distribution shifts on two representative VLODs, YOLO-World and Grounding
DINO. Across these settings, VLOD-TTA consistently outperforms standard
TTA baselines and the prior state-of-the-art VLOD TTA method while main-
taining low adaptation overhead.

Despite these strong and consistent gains, IoU-weighted entropy can be less
effective in scenes dominated by many small objects with limited proposal over-
lap, such as Cityscapes. Although VLOD-TTA substantially reduces adapta-
tion latency relative to the prior method, it remains slower than zero-shot due
to backpropagation at test time. Inspired by recent TTA strategies explored for
VLMs, future work will investigate gradient-free adaptation for VLODs to fur-
ther reduce latency.

Supplementary material. It provides additional theoretical analysis, imple-
mentation details, Cityscapes failure case analysis, hyperparameter and design
ablations, robustness studies, extended COCO-C and PASCAL-C results, and
additional qualitative visualizations.
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