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Appendix
This appendix presents further model settings (§A), ablation
studies (§B), quantitative (§C), and qualitative results (§D).

A. More Model Settings
Hyperparameter setting. For fair and consistent evalua-
tion, we use a unified hyperparameter configuration for all
datasets without dataset-specific tuning. The detailed set-
tings are summarized in Table A1.

Table A1. Fixed hyperparameter setting used for all datasets.

Config τs β ϵ κ λ τ

Value 0.5 10 10−6 5 1 1

B. More Ablation Studies
Alignment Objective. We further analyze the behavior
of Procrustes Alignment (PA) on V21 [11]. PA is applied
only to the last self-attention layer, where patch-text log-
its are formed, and aligns the key basis to the query basis
(K → Q) to correct token geometry with minimal distur-
bance to the original similarity structure. As an orthog-
onal Procrustes map, R⋆ is the minimum-change, inner-
product-preserving transformation under an orthogonality
constraint, which explains why simpler variants such as
centering only, whitening, or global rotation are consis-
tently inferior. As shown in Fig. B1(a), PA makes the cen-
tered query/key clouds substantially better aligned in the
projected space. Fig. B1(b) shows that the learned rota-
tions have non-trivial yet well-behaved magnitudes across
image-head pairs, while Fig. B1(c) indicates a positive cor-
relation between alignment-error reduction and mIoU im-
provement. The component ablation in Fig. B1(d) further
confirms that the full weighted formulation performs best,
improving over its unweighted counterpart by 4.1 mIoU. Fi-
nally, Fig. B1(e)-(f), together with Tables B2 and B3, show
that the iterative Newton-Schulz (N-S) solver is stable in
practice: it matches SVD in accuracy while being substan-
tially faster, and both the N-S iterations and the conjugate-
gradient (CG) iterations exhibit clear performance plateaus,
motivating the default settings used in all experiments.
Alignment Solver. Consistent with the trend in Fig. B1(e),
Table B2 compares SVD and the N-S iterative solver inside
our Procrustes alignment. Both solvers achieve the same

Table B2. Ablation analysis of different alignment solvers (cf .
§3.2). “N-S” denotes the Newton-Schulz iterative algorithm.

Solver with BG without BG Avg.
V21 PC60 Object V20 PC59 Stuff City ADE

SVD 64.2 35.2 37.2 86.7 38.6 26.3 37.9 19.2 43.2
N-S 64.1 35.1 37.3 86.9 38.6 26.3 37.6 19.4 43.2

Table B3. Inference latency (ms/img) comparison of alignment
solvers. “N-S” denotes the Newton-Schulz iterative algorithm.

Latency with BG without BG Avg.
V21 PC60 Object V20 PC59 Stuff City ADE

SVD 60.9 199.7 239.3 59.6 198.8 212.1 975.9 192.3 267.3
N-S 48.7 111.7 149.4 47.1 111.2 120.7 498.5 115.4 150.3

average mIoU (43.2), and the per-dataset differences are
within 0.3 points: SVD is slightly better on V21/PC60/City,
while N-S is slightly better on Object/V20/ADE, indicating
that the choice of solver has a negligible impact on accu-
racy. In terms of efficiency, Table B3 further shows that
N-S consistently yields lower inference latency across all
datasets (e.g., 48.7 vs. 60.9 ms/img on V21 and 498.5 vs.
975.9 ms/img on City), reducing the average latency from
267.3 to 150.3 ms/img. This speedup is possible because
our Procrustes module only requires the orthogonal factor
of the SVD of a small C×C matrix: this factor coincides
with the orthogonal polar factor M(M⊤M)−1/2, where
the inverse square root (M⊤M)−1/2 can be efficiently ap-
proximated by the N-S iteration (cf . §3.2) using only matrix
multiplications on the GPU. Therefore, we adopt the SVD-
free N-S variant as our default solver, which preserves ac-
curacy while substantially improving efficiency.
Key-Key Self-Correlation. As shown in Table B4, we
evaluate the effect of adding a key-key self-correlation term
to our Procrustes Alignment (cf . §3.2) and enabling this
term (w/ ) improves results on all datasets. In the “with
BG” group, it brings gains of +0.9, +0.4, and +0.5 mIoU on
V21 [11], PC60 [19], and Object [18], respectively. In the
“without BG” group, it yields +0.5, +0.3, +0.2, +3.0, and
+0.7 mIoU on V20 [11], PC59 [19], Stuff [3], City [7], and
ADE [26]. Overall, the average mIoU increases from 42.4
to 43.2 (+0.8), with no degradation on any dataset and a par-
ticularly notable boost on City (+3.0), where long-range de-
pendencies and cluttered scenes are common. In our imple-
mentation, Procrustes Alignment first recenters queries and
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Figure B1. Diagnostics of Procrustes Alignment on V21 [11]. (a) PCA projection of centered queries and keys before and after PA. (b)
Distribution of the per-(image, head) rotation magnitude ∥R⋆ − Id∥F . (c) Correlation between alignment-error reduction ∆err and mIoU
gain ∆mIoU. (d) Component ablation of centering (C), whitening (W), rotation (R), full PA without weights (F0), and full weighted PA
(FW). (e) Stability of the Newton-Schulz iterations used in PA. (f) Stability of the conjugate-gradient iterations used in TLP.

keys using the token weights πn in Eq. (5) and solves the
orthogonal Procrustes problem in Eq. (6), either via SVD
or via an SVD-free Newton-Schulz approximation of the
polar factor, to obtain an orthogonal map R⋆ that aligns
the key basis to the query basis. Aligned attention scores
are then computed as in Eq. (7), and we add a lightweight
key-key term constructed from the centered keys, KcK

⊤
c ,

scaled by a factor α = d−1/2. Geometrically, the Pro-
crustes term aligns the cross-covariances (K⊤

c Qc) at the
first order. Meanwhile, the key-key Gram matrix captures
the self-correlation of Kc, serving as a second-order reg-
ularizer for the attention kernel. Since Kc is already de-
biased by weighted centering (which suppresses dominant
background and CLS tokens), this self-correlation term re-
inforces coherent foreground regions while dampening iso-
lated noise. Consequently, the attention mechanism merges
query alignment with the internal structure of the key space.
This yields more stable token interactions and drives the
segmentation improvements shown in Table B4.
Impact of Conjugate-Gradient Iterations. Table B5 and
Fig. B1(f) ablate the number of CG iterations used to solve
Eq. (13) in our Text-aware Laplacian Propagation (TLP) on
V21 [11]. To balance segmentation quality and efficiency,
we define a Precision-Efficiency Score (PES) that averages
normalized mIoU, pAcc, Latency and GPU Memory for
each setting. For each metric q ∈ {mIoU, pAcc} and r ∈
{Latency,Memory}, let qmax = maxj qj , qmin = minj qj
and rmax = maxj rj , rmin = minj rj . The normalized
scores are represented as follows:

qnormk =


qk − qmin

qmax − qmin
, qmax > qmin,

1, otherwise,
(1)

rnormk =


rmax − rk
rmax − rmin

, rmax > rmin.

1, otherwise.
(2)

Here, mIoU and pAcc are “the higher the better”, while La-

Table B4. Ablation analysis of a key-key self-correlation term.

key-key with BG without BG Avg.
V21 PC60 Object V20 PC59 Stuff City ADE

w/o 63.2 34.7 36.8 86.4 38.3 26.1 34.6 18.7 42.4
w/ 64.1 35.1 37.3 86.9 38.6 26.3 37.6 19.4 43.2

Table B5. Ablation analysis of conjugate-gradient iterations on
V21 [11] (cf . §3.3). “PES” denotes the precision-efficiency score.

Iteration Precision Efficiency PES
mIoU pAcc Latency (ms/img) Memory (GB)

5 61.5 87.4 31.7 1.32 0.50
15 63.2 88.2 40.5 1.32 0.73
25 64.1 88.5 48.7 1.32 0.80
35 64.4 88.7 58.5 1.32 0.79
45 64.6 88.7 66.5 1.32 0.75

tency and GPU Memory are flipped so that lower cost yields
higher normalized scores. For this ablation, GPU Mem-
ory is constant across k, so its normalized term is identical
for all rows and does not affect the ranking. The overall
Precision–Efficiency Score is:

PESk =
1

4

(
mIoUnorm

k + pAccnormk

+ Latencynormk +Memorynormk

)
.

(3)

On V21, PES peaks at CG=25, yielding clearly higher
mIoU and pAcc compared to 5 or 15 iterations. However,
further increasing CG to 35 or 45 brings only marginal ac-
curacy gains while incurring noticeably higher latency, thus
reducing the overall PES. We therefore fix the number of
CG iterations to 25 for all experiments, as this provides an
optimal trade-off between precision and efficiency.

C. More Quantitative Results
Table C6 presents a quantitative comparison with recent
open-vocabulary semantic segmentation methods. For all



comparison baselines, we keep their default post-processing
(e.g., PAMR [1] or DenseCRF [16]), while PEARL is eval-
uated with CLIP ViT-B/16 only and without any mask re-
finement. Even in this setting, PEARL achieves the highest
average mIoU of 43.2% across the eight benchmarks. It
surpasses the strongest baseline, CASS [15] with DINOv3
(42.6%), by 0.6 points and outperforms other training-free
CLIP-based methods, such as NACLIP [12] (42.5%) and
SFP [13] (41.6%). This demonstrates that our alignment
and propagation modules provide clear improvements with-
out relying on stronger backbones or extra training data.

D. More Qualitative Results
As illustrated in Figs. D2-D9, we provide additional quali-
tative results of our PEARL on all eight benchmarks: Pas-
cal VOC 21 (V21) [11], Pascal Context 60 (PC60) [19],
COCO-Object (Object) [18], Pascal VOC 20 (V20) [11],
Pascal Context 59 (PC59) [19], COCO-Stuff (Stuff) [3],
Cityscapes (City) [7], and ADE20K (ADE) [26]. These ex-
amples include both successes and typical failure cases.

For each example, we show the input (Image), our pre-
diction (PEARL), and the ground-truth (GT) mask. All
visualizations utilize CLIP ViT-B/16 as the vision back-
bone, and no post-processing (e.g., PAMR [1] or Dense-
CRF [16]) is applied. Therefore, the masks directly reflect
the behavior of our training-free pipeline. On V21/V20 [11]
and PC60/PC59 [19], our PEARL produces accurate ob-
ject extents and clean boundaries for a wide variety of cat-
egories, including animals, vehicles, and artificial objects.
The method remains robust under large appearance changes
(e.g., illumination and pose) and complex foreground-
background compositions, and it preserves small details
such as thin structures and disconnected parts in many
cases. On the Object [18] and Stuff [3] datasets, our
PEARL can localize both foreground instances and amor-
phous “stuff ” regions, showing that the proposed Procrustes
alignment and text-aware propagation generalize well from
object-centric images to more cluttered scenes.

For the more challenging City [7] and ADE [26] bench-
marks, our PEARL still captures the dominant layouts and
most large regions (road, building, sky, vegetation, cars),
but some fine-grained structures and rare categories are not
perfectly segmented. The failure cases in figures mainly fall
into several patterns: boundary leakage between adjacent
regions, missing or fragmented small objects, and confusion
between semantically related classes under cluttered scenes
or weak visual evidence. These failure modes highlight
the remaining gap between current open-vocabulary se-
mantic segmentation and fully supervised models on large-
scale, high-resolution urban or scene parsing datasets: long-
range context, small distant objects, and heavily overlap-
ping classes remain difficult to resolve using frozen back-
bones and text prompts alone. We hope that these visualiza-

tions will motivate future work on stronger open-vocabulary
priors and the better exploitation of geometric and contex-
tual cues in complex, real-world scenes.
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Figure D2. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the V21 [11] dataset. Our PEARL use
CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D3. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the PC60 [19] dataset. Our PEARL
use CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D4. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the Object [18] dataset. Our PEARL
use CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D5. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the V20 [11] dataset. Our PEARL use
CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D6. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the PC59 [19] dataset. Our PEARL
use CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D7. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the Stuff [3] dataset. Our PEARL use
CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D8. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the City [7] dataset. Our PEARL use
CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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Figure D9. Qualitative results of open-vocabulary semantic segmentation. Results are shown on the ADE [26] dataset. Our PEARL
use CLIP ViT-B/16 [20], and no post-processing (e.g., PAMR [1] or DenseCRF [16]) is applied for a fair comparison.
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