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1. Margin τ in the mGCL function

We analyze the impact of the margin parameter τ in the
mGCL loss (Eq. (2) in the main paper). As shown in Figure 1,
localization accuracy increases with larger margins, peaking
at τ = 0.9 with an improvement of around 2− 3%. In our
experiments, we use τ = 0.5 as the default.

2. PCA dimension for compressing local de-
scriptors

We analyze the impact of the PCA dimension used to
compress local descriptors. As shown in Figure 2, aggres-
sive compression reduces localization accuracy, whereas
performance remains stable for PCA dimensions between 64
and 128. We use 128 as the default to enable fair comparison
with R-Score [6].

3. The Aachen Day/Night v1.1 benchmark

We further evaluate our method on the Aachen Day/Night
v1.1 dataset [9], which extends the original benchmark with
broader inner-city coverage, increasing visual ambiguity. As
expected, accuracy decreases for both R-Score [6] and our
method; however, our approach still outperforms R-Score,
with an average gain of 2.3% (Table 1).

4. Runtime

Our method has comparable runtime to R-Score [6] be-
cause both rely on the same coordinate encoding. The main
difference lies in the global descriptor: R-Score uses the
heavier NetVLAD [1], while we adopt the more efficient
SALAD [5]. This yields higher overall efficiency for our
system (see Table 2).
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Figure 1. Margin τ . We analyze the impact of the margin parame-
ter τ on localization accuracy. Larger margins typically produce
more discriminative descriptors and improved accuracy, with the
best performance achieved at τ = 0.9, resulting in a gain of ap-
proximately 2− 3%. For consistency across experiments, we set
τ = 0.5 as the default.

5. Local descriptors
We conduct an ablation to assess the impact of different

local descriptors, evaluating SuperPoint [2], D2-Net [3], and
DeDoDe [4]. The results in Table 3 show that DeDoDe
performs substantially better, exceeding the other methods
by at least 40% under the 0.25m / 2◦ criterion on the Aachen
nighttime images.
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Aachen day Aachen night
Memory

requirement ↓ 0.25m/2◦ 0.5m/5◦ 5m/10◦ 0.25m/2◦ 0.5m/5◦ 5m/10◦
Average ↑

(%)

hLoc (SP+SG) [7, 8] > 7.82 GB 89.8 96.1 99.4 77.0 90.6 100.0 92.1
R-Score [6] 47 MB 76.8 90.0 97.6 53.4 82.2 97.9 83.0
Ours 53 MB 82.8 93.1 98.8 53.4 84.8 99.0 85.3

Table 1. Aachen day/night v1.1 Dataset [9]. We report the percentage of query images successfully localized under varying error thresholds.
Under the 0.25m / 2◦ threshold, our system outperforms R-Score [6] by 6.0% under day conditions, respectively.
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Figure 2. PCA dimension. We analyze the impact of the PCA di-
mension on localization accuracy. Localization accuracy decreases
as compression becomes more aggressive. Nevertheless, the accu-
racy remains fairly consistent when the PCA dimension is between
64 and 128. In our experiments, we adopt a PCA dimension of 128
as the default setting to ensure a fair comparison with R-Score [6].

Aachen day/night Dept. B1 Dept. 1F Dept. 4F

R-Score 4.35 2.29 2.16 2.21
Ours 5.46 2.42 2.89 2.28

Table 2. Frames per second. We evaluate the frame rate of our
method and R-Score [6]. While both approaches use the same coor-
dinate encoding, our method employs the more efficient SALAD [5]
for global descriptor extraction instead of NetVLAD [1]. This leads
to improved overall runtime efficiency for our approach.
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Table 3. Ablation study of local descriptors. We include the
ablation studies of different local descriptors for our system. De-
DoDe [4] outperforms other methods [2,3] by a large margin, hence
being the default choice.
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