
Supplementary Material for
Differentiable Product Quantization for Memory

Efficient Camera Relocalization

In this supplementary material, we first discuss architectural and imple-
mentation details in Section A. Next, we provide additional ablation studies of
the proposed quantization approach for different local image descriptor matchers
in Section B and report additional quantitative and qualitative results in Sec-
tion C. Finally, we discuss potential negative impact of this work in Section D.

A Implementation Details

For our single MLP decoder architecture, we use an 2-layer MLP with hidden
dimension 256. The ReLU activation is used for the decoder. For experiments
on the Aachen Day-Night dataset [6,7], we extract local image descriptors from
database images and create training and validation splits. We optimize our ran-
domly initialized model for 30 epochs with batch size 1000 which takes about
7 hours on a single NVIDIA RTX2080Ti GPU. The model has 131072 parame-
ters in total which is less than 0.5MB of memory. For the Cambridge Landmarks
dataset [3] and the 7 Scenes dataset [8], we use our model pre-trained on Aachen.
However, instead of fine-tuning the whole model on corresponding training and
validation splits, we optimize only LoRA [2] weights of 2048 parameters resulting
in an overhead of 8KB memory.

B Ablation

In this section, we first conduct several ablation studies to verify the effectiveness
of the proposed approach, including different loss functions in Section B.1 and
different local image descriptor matchers in Section B.2.

B.1 Ablation of Different Loss Functions

To evaluate the effectiveness of our differential product quantization layer, we
conduct ablation studies on the Aachen Day-Night dataset with three different
loss functions. Specifically, we consider: a) combined Triplet loss (as discussed
in the main part); b) vanilla L2 loss [10]; c) the N-pair loss [9]. Unlike tra-
ditional loss functions that typically compare a single pair of examples, e.g .,
contrastive loss or triplet loss, N-pair loss extends this idea to consider multi-
ple negative examples simultaneously for each positive pair. This approach aims
to improve the quality of the learned embeddings by enforcing a wider margin
between the positive pairs and the multiple negative examples. Given a batch
with pairs of examples, each pair consists of an anchor x and a positive example
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Table 1: Ablations of different loss functions. Using the proposed triplet loss
improves localization quality, with the percentages of accurate localized queries at
three thresholds (0:25=2); (0:5=5); (5; 10)m=o.

Aachen Day-Night
Day-time queries Night-time queries

PQ4 81.2 88.6 92.8 45.9 53.1 62.2
D-PQED + L2 86.0 93.3 97.2 70.4 80.6 89.8
D-PQED + N-pair (N=10) 86.0 93.4 97.6 76.5 86.7 95.4
D-PQED + N-pair (N=20) 84.7 92.2 96.6 73.5 83.7 94.9
D-PQED + Triplet loss (m=0.5) 86.3 93.3 97.9 76.5 90.8 95.9
D-PQED + Triplet loss (m=0.3) 86.8 93.8 97.8 73.5 86.7 96.9
D-PQED + Triplet loss (m=0.9) 86.8 93.1 97.8 79.6 88.8 95.9

Table 2: Ablation of different matchers. We observe that using the nearest neigh-
bor (NN) mutual matcher leads to a significant drop for both hard (PQ) and differential
D-PQED quantization techniques.

Aachen Day-Night
MB Day-time queries Night-time queries

N
N

HLoc-avg. 618 85.3 91.3 95.6 74.5 84.7 92.9
PQ4 4 72.3 80.0 86.4 38.8 40.8 52.0
D-PQED 4 70.0 77.1 82.0 38.8 40.8 44.9
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HLoc-avg. 618 88.5 95.8 98.8 84.7 93.9 100.0
PQ4 4 81.2 88.6 92.8 45.9 53.1 62.2
D-PQED 4 88.1 95.4 98.4 81.6 89.8 98.0

x+, and for each pair, there are N − 1 negative examples x−
1 , x

−
2 , ...x

−
N−1. The

N-pair loss aims to make the anchor closer to its positive example than to any
of the N − 1 negatives and can be defined as follows:

L =
1

N

N∑
i=1

log

1 + N−1∑
j=1

exp
(
f(xi) · f(x−

ij)− f(xi) · f(x+
i )

) (1)

Here, f(xi) is the embedding function for the anchor, f(x+
i ) is the embedding

of the positive example associated with the anchor xi, and f(x−
ij) represents the

embedding of the jth negative example for the anchor xi. The outer sum iterates
over each of the N anchor-positive pairs in the batch, and the inner sum iterates
over the N − 1 negative examples associated with each anchor-positive pair.

We observe that using the proposed combined triplet loss function leads to the
best results indicating that metric learning losses are beneficial compared to the
reconstruction loss L2 [10] for the camera relocalization task. The quantitative
results are presented in Table 1.
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Table 3: Results on 7Scenes. We report storage requirements (MB), median trans-
lation (m), and rotation (�) errors and the average accuracy (%) on 7Scenes.

7Scenes
MB chess fire heads office pumpkin redkitchen stairs avg

HLoc [4, 5] 9688 0.02/0.80/0.94 0.02/0.77/0.97 0.01/0.74/0.99 0.03/0.83/0.84 0.04/1.05/0.62 0.03/1.12/0.72 0.05/1.26/0.54 0.03/0.93/0.81
HLoc-avg 616 0.02/0.79/0.94 0.02/0.77/0.96 0.01/0.73/0.99 0.03/0.84/0.83 0.04/1.05/0.63 0.03/1.12/0.72 0.04/1.19/0.57 0.03/0.94/0.80

PQ32 37 0.02/0.80/0.94 0.02/0.77/0.97 0.01/0.73/0.99 0.03/0.84/0.83 0.04/1.07/0.60 0.04/1.07/0.60 0.05/1.19/0.51 0.03/0.93/0.78
PQ16 19 0.02/0.81/0.94 0.02/0.76/0.97 0.01/0.73/0.99 0.01/0.73/0.99 0.04/1.09/0.60 0.03/1.13/0.72 0.05/1.33/0.46 0.03/0.94/0.81
PQ8 9 0.02/0.80/0.94 0.02/0.76/0.97 0.01/0.75/0.99 0.01/0.75/0.99 0.04/1.11/0.60 0.03/1.14/0.71 0.06/1.45/0.44 0.03/0.97/0.80
PQ4 5 0.02/0.82/0.93 0.02/0.79/0.96 0.01/0.76/0.99 0.03/0.84/0.83 0.04/1.12/0.60 0.03/1.16/0.71 0.06/1.49/0.41 0.03/1.00/0.78
PQ2 2 0.02/0.81/0.93 0.02/0.81/0.93 0.01/0.77/0.98 0.03/0.86/0.82 0.04/1.16/0.58 0.04/1.16/0.58 0.06/1.62/0.40 0.03/1.03/0.75

PQ32 + �:008 0.3 0.05/1.60/0.53 0.04/1.39/0.65 0.02/1.17/0.7 0.07/1.89/0.36 0.09/2.29/0.27 0.07/2.01/0.33 0.18/5.76/0.23 0.07/2.3/0.44
+ D-PQED 0.3 0.04/1.50/0.56 0.04/1.34/0.69 0.02/1.13/0.71 0.07/1.80/0.37 0.08/2.07/0.32 0.07/1.95/0.34 0.15/4.48/0.26 0.07/2.04/0.46
PQ4 + �:064 0.3 0.03/0.99/0.87 0.02/0.90/0.88 0.01/0.79/0.94 0.03/0.99/0.73 0.05/1.39/0.47 0.04/1.33/0.61 0.06/1.65/0.40 0.04/1.15/0.70
+ D-PQED 0.3 0.03/0.97/0.89 0.02/0.92/0.87 0.01/0.8/0.94 0.03/0.97/0.74 0.05/1.25/0.49 0.04/1.28/0.63 0.05/1.36/0.52 0.03/1.08/0.73
PQ2 + �:128 0.3 0.03/0.92/0.91 0.02/0.89/0.90 0.01/0.81/0.95 0.03/0.93/0.77 0.05/1.27/0.52 0.04/1.36/0.63 0.06/1.51/0.42 0.03/1.09/0.73
+ D-PQED 0.3 0.03/0.87/0.92 0.02/0.99/0.87 0.01/0.82/0.94 0.03/0.91/0.78 0.05/1.18/0.54 0.04/1.30/0.65 0.06/1.48/0.44 0.03/1.08/0.73

B.2 Ablation of Different Matchers

To further analyze the localization performance of the proposed differentiable
quantization layer, we further tested our model with different local descriptor
matchers. Specifically, we consider the mutual Nearest Neighbor (NN) matcher
and SuperGlue [5]. The results presented in Table 2 demonstrate that neither
PQ nor its differentiable counterpart (D-PQED) is compatible with the NN
matcher showing a significant drop in localization accuracy. This is quite an
interesting observation. We hypothesize that this behavior could be explained
by SuperGlue’s ability to leverage the global context. Given its learning-based
nature, SuperGlue is trained to handle real-world imperfections in descriptors
and can still perform well even when descriptors are not perfectly discriminative
on their own. In contrast, the performance of the NN matcher heavily depends
on the discriminative power of individual descriptors and it does not consider
the overall geometry or the relationship between keypoints making it prone to
mismatches in challenging scenarios, i.e. localizing night-time queries (cf . the
right-most part of Table 2).

C Additional Results

In this section, we provide more qualitative and quantitative results for three
datasets: Aachen Day-Night [6, 7], 7Scenes, and Cambridge Landmarks [3]. We
show more visualizations in Fig. 1, Fig. 2, Fig. 3, Fig. 4. Specifically, we evalu-
ate SuperPoint [1], PQ64 and the proposed differentiable D-PQED descriptors
on Aachen and Cambridge. The SuperGlue [5] matcher is used to establish cor-
respondences between keypoints extracted from a query and its corresponding
database image. Compared to the hard PQ descriptors, the proposed approach
provides better correspondences leading to more accurate localization perfor-
mance with a smaller memory budget compared to SuperPoint. The localization
results on the 7Scenes dataset and Cambridge Landmark dataset are provided
in Table 3 and Table 4, respectively.
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Table 4: Results on Cambridge Dataset. We report storage requirements (MB),
median translation (m), and rotation (�) errors.

Cambridge
MB GreatCourt KingsCollege OldHospital ShopFacade StMarysChurch Avg

HLoc [4, 5] 5440 0.18/0.11 0.11/0.21 0.15/0.31 0.04/0.20 0.07/0.22 0.21/0.11
HLoc-avg 518 0.18/0.11 0.11/0.21 0.15/0.32 0.04/0.19 0.07/0.22 0.21/0.11

PQ32 32 0.18/0.11 0.12/0.21 0.14/0.29 0.04/0.20 0.07/0.22 0.11/0.21
PQ16 16 0.19/0.11 0.12/0.21 0.15/0.29 0.05/0.23 0.07/0.23 0.12/0.21
PQ8 8 0.20/0.11 0.12/0.23 0.16/0.31 0.04/0.24 0.07/0.23 0.12/0.22
PQ4 4 0.22/0.12 0.13/0.22 0.17/0.30 0.05/0.24 0.08/0.24 0.13/0.23
PQ2 2 0.24/0.13 0.12/0.22 0.16/0.32 0.05/0.25 0.08/0.25 0.13/0.23

PQ32 + �:008 0.3 0.63/0.25 0.25/0.38 0.37/0.57 0.08/0.36 0.15/0.47 0.29/0.41
+ D-PQED 0.3 0.46/0.19 0.25/0.37 0.28/0.42 0.06/0.34 0.13/0.42 0.24/0.35
PQ4 + �:064 0.3 0.44/0.22 0.18/0.31 0.25/0.42 0.06/0.31 0.11/0.35 0.21/0.32
+ D-PQED 0.3 0.25/0.13 0.16/0.28 0.16/0.29 0.06/0.28 0.09/0.27 0.14/0.25
PQ2 + �:0128 0.3 0.41/0.21 0.16/0.28 0.20/0.31 0.06/0.30 0.10/0.32 0.18/0.28
+ D-PQED 0.3 0.22/0.12 0.15/0.25 0.15/0.29 0.05/0.26 0.08/0.26 0.13/0.24

D Societal Impact

Our method can efficiently relocalize the camera with minimal memory require-
ment, which can be applied in augmented reality, robotics, and autonomous
driving. However, it’s crucial to also acknowledge potential negative impacts.
Specifically, the widespread adoption of advanced localization technologies could
lead to heightened surveillance and privacy concerns. Additionally, the reliance
on such technologies in critical systems like autonomous driving raises safety
and reliability issues; any failure or manipulation of the localization process
could have dire consequences. Ethical considerations around the deployment of
these technologies must be carefully weighed against their benefits, ensuring that
safeguards are in place to prevent misuse and that efforts are made to minimize
inequalities in access and impact.
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(a) SuperPoint+SuperGlue (618MB) (b) PQ4 (4MB)

Fig. 1: Qualitative results on Aachen: SuperPoint vs. PQ4 descriptors. We
evaluate both descriptors on the Aachen Day-Night localization dataset [6, 7] and vi-
sualize local descriptors correspondences produced by the SuperGlue matcher [5]. Al-
though having significantly low memory consumption, the hard PQ descriptors struggle
to provide accurate correspondences leading to weak localization performance. Please
zoom in to see the details.
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