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Semantic Alignment and Locality-Driven Open-Vocabulary Semantic Segmenta-

tion

Wang Xinjing, Gao Ying, Zou Yaqi, Zhu Zhengyu, Xu Chunxue, Zhao Qi
Qingdao University of Science and Technology, Qingdao, Shandong Province 266000, China

Abstract: Objective For embodied intelligence and humanoid robotic systems that demand real-time and robust percep-
tion, accurate and fine-grained scene understanding remains a key challenge. In particular, when applying vision —
language models to pixel-level segmentation, issues such as localization blur and sensitivity to scale and viewpoint often
hinder reliable spatial reasoning. Open-vocabulary semantic segmentation (OVSS) offers a promising solution by enabling

pixel-level recognition of arbitrary textual categories without relying on exhaustive pixel-wise annotations. However, large-
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scale vision—language models (VLMs) like CLIP are primarily optimized for image- or region-level tasks, leading to limited
spatial granularity and degraded dense prediction performance. To address these limitations, this paper proposes a training-
free inference paradigm that enhances the pixel-wise discriminability and engineering readiness of VLM-based OVSS frame-
works without modifying pretrained model weights, thereby improving their applicability to real-time robotic perception and
decision-making. Method We introduce TG-CLIP, a practical framework built on a frozen CLIP (ViT-B/16) backbone that
implements two lightweight, complementary inference-stage operators designed first to inject text-conditioned semantic bias
into local visual representations and second to amplify prediction robustness across scales and viewpoints. The first opera-
tor, Text-Guided Recalibration (TGR) , treats text queries as conditional semantic probes: given a set of class queries
encoded into normalized query vectors, TGR computes per-location query—visual affinities and back-projects the resulting
semantic signal into the local feature space. The injected signal is blended with the original visual features under a tunable
injection strength and renormalized so that the final logits retain a cosine-similarity interpretation. Importantly, TGR is a
parameter-free forward operator requiring no pixel-level supervision or fine-tuning; it leverages only the pretrained visual
and textual encoders to effect a semantic recalibration of local responses. The second operator, Multi-view Consistency
Reasoning (MCR) , aggregates evidence across a compact set of resampling scales and mirrored views. MCR first resa-
mples the input at multiple scales that are rounded to integer multiples of the model’s patch grid to avoid misalignment arti-
facts, then performs forward inference (optionally via an overlap-aware sliding window) and up-samples logits back to the
original image resolution. For each scale, MCR also computes a horizontally mirrored view, maps its outputs back to the
canonical coordinate frame, and aggregates the mirrored and canonical predictions. A final cross-scale averaging yields the
comprehensive dense prediction. The overall design explicitly preserves the zero-shot characteristics of the underlying VLM
while using only forward-time operations to improve spatial precision. Result We evaluate TG-CLIP on eight public segmen-
tation benchmarks that represent diverse settings with and without explicit background classes. Benchmarks include
PASCAL VOC, PASCAL-Context, COCO-Object, ADE20K, COCO-Stuff, Cityscapes, and commonly used VOC subsets.
For feature extraction, we use the CLIP ViT-B/16 encoder in a frozen configuration. All experiments are performed without
any additional training or pixel-level fine-tuning; hyperparameters are kept consistent across datasets. Across the evaluated
benchmarks, TG-CLIP achieves an average mloU of 45. 5%, outperforming several recent baselines. Notably, TG-CLIP
exceeds the second-ranked ProxyCLIP (40. 1%) by 4. 4 percentage points in averaged mloU. Qualitative inspections indi-
cate that TG-CLIP yields crisper boundaries, better preservation of thin structures, and reduced spurious activations in
complex scenes. Detailed ablation studies confirm that both operators contribute additively to performance gains: TGR pri-
marily improves local category separability and boundary fidelity, while MCR increases robustness to scale and viewpoint
variability. Sensitivity analyses show that TGR is robust to a wide range of temperature and injection-strength settings, and
MCR exhibits a measurable accuracy—efficiency tradeoff dictated by the number of scales and whether mirrored views are
included; we report and recommend practical operating points that balance latency and accuracy for real-world deploy-
ment. TG-CLIP demonstrates that carefully designed inference-stage interventions can substantially close the gap between
region-optimized VLM representations and the needs of dense, pixel-level segmentation without retraining. Because all
modifications occur at inference time, our framework is particularly attractive for engineering-constrained scenarios such as
embedded perception or rapid prototyping where re-training is costly or infeasible. Nevertheless, some limitations remain :
the multi-scale and mirrored inference steps introduce extra computation proportional to the number of scales and views;
performance on extremely small or heavily occluded instances is still bounded by the spatial granularity of the frozen
encoder; and our method does not obviate the potential gains from task-specific supervised fine-tuning when labels are
available. Finally, while our experiments include multiple standard benchmarks, further validation on real-world robotic
perception tasks and diverse domain shifts would better elucidate generalization properties. Conclusion We propose TG-
CLIP, a training-free inference methodology that combines Text-Guided Recalibration with multi-scale flipped fusion to
enhance pixel-level semantic discrimination and robustness of VLM-based open-vocabulary segmentation. TG-CLIP is
simple to implement, preserves the zero-shot strengths of pretrained models, and yields consistent empirical gains across
diverse benchmarks. We release implementation details and deployment recommendations to facilitate adoption and further

research on inference-centric approaches for dense vision—language tasks. Codes are available at: https://www. scidb. cn/s/
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Fig. 1 TG-CLIP visualization results
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Table 1 A performance comparison of the method proposed in this paper with other methods
WIRrS VOC  VOC20  Context  Context59 C?ﬁf' COCO-Stf ADE  City  Avg
CLIP(Radford 4%,2021) 20.8 49.1 9.3 11.2 8.9 5.7 32 6.7 144
GroupViT(Xu %% ., 2022) 52.3 79.7 18.7 234 27.5 15.3 104 185 307
CLIPSurgery(Li %, 2023) 55.2 71.5 30.3 334 29.7 222 16.1 33.1 372
Mask CLIP(Ding 4§, 2023) 514 62.9 22.5 26.2 249 16.9 123 256 303
SCLIP(Wang % ., 2023) 59.7 81.5 31.7 34.5 335 22.7 16.5 323  39.1
ClearCLIP(Lan % ., 2024) 57.0 82.3 322 35.8 325 24.0 17.3 328 392
GEM(Bousselham 5, 2024)  58.7 81.7 32.0 35.6 329 239 169 326 393
LaVG(Kang %, 2024) 62.1 82.5 31.6 34.7 34.2 232 158 262 3838
NACLIP(Hajimiri 5§, 2024) 58.9 79.7 322 35.2 332 23.3 174 355 394
ProxyCLIP(Lan 5 ., 2024) 56.6 76.8 34.0 37.4 34.6 25.1 18.7 375  40.1
TG~CLIP(Ours) 66.6 86.8 37.8 41.5 394 28.2 21.0 425 455
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Fig.3 Qualitative comparison results of this method with other methods
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Table 3 Ablation experiments of each component

Jridk voc VOC20 Context Context59  COCO-Obj COCO-Stf ADE  City Avg

baseline 64.6 84.3 36.8 40.1 37.7 26.6 20.1 410 439
+ 2R — SR 665 86.8 37.7 41.2 39.1 27.5 206 418 451
+30AT | FEEME 66.6 86.8 37.8 41.5 39.4 28.2 210 425 455
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T, Nk 4 fiom, S50 AR T B RS S/ = REA &
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Table 4 Hyperparameter tuning experiments at the medium scale in Multi—view Consistency Reasoning

Scales voC Context ~ COCO-Stf ~ ADE City Avg FPST  FLOPs|  Score?
1.0 64.4 36.9 26.7 20.1 41.1 37.9 6.8 4.1 40.0
0.75,1.25 66.5 37.7 27.5 20.6 41.8 38.8 2.6 19.1 40.1
1.0,0.75, 1.25 66.5 37.8 27.6 20.8 423 39.0 1.9 23.2 40.0

1 : Score= mloU+In( 1+FPS+1/FLOPs ) , M “F0A b 4T e A1 -

& 5 0 0L — Fk R i B SR s S R
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- FH L A2 735 mloU 6 br UG T i i 1B 38. 8% 11
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© h[E KR KL AR



TRE, 54, BIH, KREF, HES, BH
BN 57 5 JE AR R AN IR Bh B FF A AR X 5 8

5 (38.6%) o HET LiRGEH A SC R 240 {1 K
T E TR AR AL E A AR L
P H SR B R 30 A SR
2.3.3 AT SERUENSEANL

ARSCHEAT T SCART | G F A v X 43 T 908
SRR, R R, LT =1.0,
0.5, 2.0 =P e TR % Erysm, 4580

= 0. 50 mloU I A 39. 1%, 1 = 2. 0
¥ mloU B F+ 2 39. 2% fEAZ B W EER, =
2. 0 X} Cityscapes 5 COCO-Stuff 45 27 + 84 4 /)
MBI, T A B e AR AR A T 2 AN T XA S
U SCA | T AR M T B S B AT R ) A
PE, HA BCHLHITE —E Ju N RERS A 15 W 45 2K 3%
SN BAHARLEE 43 A, A 23 DR B2 ) R R T 5 R AN AR

AREMRE TR B AERBARE T S =105  ERIZERINE LT, Mg

RS ZUA-HMEERBERBNASIE

Table 5 Hyperparameter tuning experiments of flip strategies in Multi—view Consistency Reasoning

B G G SR voc Context ~ COCO-Stf  ADE Gity Avg FPS 1 FLOPs |
Toil 65.8 37.6 27.4 20.6 41.6 38.6 5.2 9.6
T H 65.3 35.7 26.3 19.4 41.8 37.7 2.6 19.1
AN E VEAG R T 65.8 37.6 27.5 20.6 41.8 38.7 2.6 19.1

FERREA 66.5 37.7 275 20.6 41.8 38.8 2.6 19.1
7KV B T IA b 65.7 37.5 27.5 20.6 41.7 38.6 2.6 19.1
SN -1 ey 66.0 37.6 27.5 20.6 419 38.7 2.6 19.1
TE AR AR AT dme DA
x6 XAGSERATFEENASIR
Table 6 Hyperparameter tuning experiment on temperature in Text—Guided Recalibration
IREEC ) VOC Context COCO-Stf ADE City Avg
1.0 66.6 37.8 28.2 21.0 42.4 39.1
0.5 66.5 379 28.1 20.9 42.4 39.1
2.0 66.6 37.8 282 21.0 42.5 39.2

T L AR BT IR A (E
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YT =2, 0 P FEs g S LR B A BT
I d B AR B A AR RS 0 — Ak, AR TR A Fe i &
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3 4
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9 28 G0 e A B R it B0 1R 0 SCRRRfiE T o 4T RS
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S SO G |  FAE 7R BT 18] P SO A it £

J 5 AAE 54T patch G FAF AT LT 5 (0145
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Hiy 1 it ) R AR A TR 1 RS 5 08 A0 AR T — B0
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