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Abstract. Artificial Intelligence (AI) systems have become increasingly
powerful tools used by businesses and governments to increase produc-
tivity, earnings, efficiency, and more. With this significant power comes
the responsibility of balancing innovation with ethical considerations.
We aim to increase transparency and trust in Computer Vision embed-
ding models by suppressing unwanted identifiable features from a model
trained on re-identification of traffic participants. This is achieved by
using Sparse Autoencoders as a dictionary learning technique to extract
highly interpretable features from our model. Unwanted identifiable fea-
tures are suppressed and we analyse the effects on performance. Using
this technique, we demonstrate that it is possible to create a transparent
and highly interpretable model with a limited reduction in performance
(a decrease from 0.98 mAP@0.6 to 0.90 mAP@Q0.6).

Keywords: Mechanistic Interpretability - Sparse Autoencoder - Open-World
Re-Identification

1 Introduction

The use of Artificial Intelligence (AI) systems has expanded significantly in recent
years, with applications emerging across sectors such as finance [4], healthcare [2],
and government [30]. While these systems provide major benefits, they also bring
new challenges, one of the most pressing being privacy concerns. Addressing these
concerns is crucial both for ensuring compliance with regulations such as GDPR
[7] and the EU AI Act [6], and for building public trust in AI technologies. Central
to this challenge is the need for explainability and transparency. If the internal
workings of an AI model can be examined, biases and unwanted correlations
can be identified and potentially removed. This is the central aim of the field of
mechanistic interpretability, which seeks to uncover the internal reasoning behind
AT decisions. One domain where privacy and interpretability intersect strongly
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is re-identification (re-ID). Re-ID refers broadly to the task of determining
whether two observations belong to the same entity, even if they are recorded
under different circumstances [14]. It has applications ranging from security
and surveillance to biometric authentication and multimedia retrieval [12]. In
computer vision, re-ID is commonly formulated as an image-based task, in which
the objective is to match entities across variations in viewpoint, illumination,
occlusion, and temporal conditions.

An important application of re-ID is traffic participants, where systems
recognize and track pedestrians or vehicles across cameras to support urban
mobility, safety, and intelligent transportation [29]. However, while such systems
have achieved remarkable accuracy, they raise two pressing concerns. First,
these models often act as “black boxes”, offering little insight into which visual
features drive their decisions. Second, re-ID by nature touches on privacy-sensitive
information, since it relies on identifying and matching individuals. Together,
these issues make transparency and accountability essential in deploying re-1D
systems responsibly.

To address this, research on explainability and transparency in Al offers a
promising perspective. If we can understand which visual features an embedding
model relies on when matching two images, then biases, identifiable attributes, or
privacy-sensitive patterns become more susceptible to detection and, if necessary,
suppression. This could support compliance with regulations such as GDPR
[7] and the EU AI Act [6], and more broadly inform societal debates on the
responsible use of Al-based surveillance technologies.

Building on these insights, our research applies the concept of interpretable
sparse features to computer vision embedding models for re-ID of traffic partic-
ipants. Our aim is to create a concise set of visual features that explain how
the model matches two images, and then to investigate whether identifiable
or undesired features can be selectively suppressed without severely impacting
re-ID performance. More concretely, we ask how an interpretable set of features
can be constructed to increase transparency in re-ID while minimising the cost
to performance, and how identifiable or undesired features can be suppressed
once such transparency is achieved. Finally, we present both quantitative and
qualitative results before discussing the broader implications for trustworthy
re-ID problems.

2 Related Work

Privacy concerns in Al systems can be understood along three key stages: data
gathering, data processing, and data outcomes [§|[I7][I]. At the stage of data
gathering, issues arise around the collection of personal information such as
facial images, addresses, or financial records. For example, facial recognition
in mobile devices or police surveillance systems raises questions about storing
and comparing sensitive data [20]. At the level of data outcomes, concerns
emerge when sensitive information is revealed or can be inferred from a model’s
predictions, as in cooperative UAV systems whose real-time object identification
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and re-identification outputs can expose individuals’ identities and trajectories
if not properly safeguarded [24]. Our research, however, focuses on the stage of
data processing: how models use internal representations to make predictions,
and how potentially undesirable features can be identified and suppressed.

Within computer vision, privacy concerns are particularly acute in re-ID,
where models aim to match individuals across different cameras or time points.
Re-ID has evolved from hand-crafted descriptors to deep embedding models
optimised via metric learning and, more recently, transformer-based architectures.
For a comprehensive overview of modern techniques, datasets, and evaluation
protocols in pedestrian re-ID, we refer to Sun et al.’s recent survey [25]. While
this literature establishes strong performance baselines, it devotes comparatively
limited attention to the transparency of the learned embeddings. As a result,
the features driving re-ID decisions remain largely opaque, highlighting the need
for methods that explain and control internal representations. This is precisely
where the field of mechanistic interpretability becomes relevant.

Mechanistic interpretability aims to uncover the internal workings of Al
models, with the goal of making their decisions more transparent and controllable.
By identifying which patterns are extracted and how they relate to outcomes, it
becomes possible to directly target unwanted correlations or privacy-sensitive
features, such as those that could reveal an individual’s identity. While work on
addressing data gathering concerns often removes biases from training datasets
[28], this approach is limited: hidden correlations are hard to eliminate fully, and
unwanted patterns can still appear in inference data. Analysing the processing
stage through interpretability therefore offers a more direct way to expose and
suppress problematic features, which is central to our approach.

Research in interpretability can be broadly grouped into three directions:
interpretability by design, post-hoc explanations, and mechanistic analysis of
generalisation [23][I5]. Interpretability-by-design approaches create models whose
internal reasoning is inherently transparent. These approaches, while powerful in
terms of transparency, often involve trade-offs in performance or flexibility and
are not easily applicable to embedding models like those used in re-ID.

Post-hoc methods, in contrast, seek to explain decisions of already-trained
models. Techniques such as SHAP [16] and LIME [2I] approximate feature
contributions to individual predictions. In embedding spaces specifically, concept-
based interpretability via Testing with Concept Activation Vectors (TCAV) probes
model sensitivity to human-defined concepts [I1], with recent guidance refining
best practices and limitations for CAV-based analyses [18]. These methods are
valuable for exposing major contributing concepts, but they generally probe
sensitivity without offering a sparse, disentangled basis that can be directly
modified to suppress undesired features.

Finally, mechanistic approaches focus on understanding how models inter-
nally represent and process data. Of particular relevance, Bricken et al. [3] and
Huben et al. [10] demonstrated that sparse autoencoders can extract semanti-
cally interpretable features from large language models, even in the presence of
superposition [5]. Crucially, activating or suppressing such features was shown to
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consistently alter model behavior. Inspired by these advances, and complemen-
tary to concept-probing approaches like TCAV, we apply sparse autoencoders
to computer vision embedding models, aiming to recover a sparse, interpretable
feature basis that both explains re-ID decisions and enables targeted suppression
of privacy-sensitive or otherwise undesired features.

3 Data

In this study, we employ a proprietary dataset supplied by Technolutiorﬂ de-
veloped as part of a collaborative effort to investigate transparency in re-ID
systems. The dataset was specifically constructed for training an embedding
model on the task of re-ID of traffic participants. In total, it comprises 262,400
images, distributed across 12,396 unique tracks. On average, each track (a set
of sequential images corresponding to a single individual or object) contains 21
images, each recorded from a single camera angle. The dataset covers three traffic
modalities: 17% vehicles, 77% cyclists, and 6% pedestrians. Data were collected
across multiple urban locations, ensuring diversity in terms of backgrounds,
viewpoints, and environmental conditions.

Figure [] illustrates the dataset. Each sample consists of an already cropped
object of interest, resized to 224 x 224 pixels to match the model’s input require-
ments. In other words, no detection within full-frame images is performed since
the dataset provides only the isolated object crops. While this resizing introduces
minor geometric distortions, it also minimises background context, encouraging
the model to attend to salient object features rather than environmental cues
[1326/19).

In addition to the training set, Technolution supplied a dedicated test set
consisting of 6,248 images across 772 tracks. The class distribution is comparable,
with 13% vehicles, 79% cyclists, and 8% pedestrians. Although collected under
similar conditions, the test set contains no overlap with the training set and
includes additional out-of-distribution data involving novel locations, tracks with
limited samples (as few as two images), and cases of occlusion or obstruction.

4 Methodology

In this section, we outline the methodology of our study. We begin with the back-
bone embedding model, which produces compressed intermediate representations
for re-ID. These embeddings serve as input to the sparse autoencoder, which
derives a sparse and interpretable feature basis. We then describe the evaluation
setup, followed by the procedure for identifying and suppressing undesired or
privacy-sensitive features.

4.1 Embedding Model

The backbone of our approach is a fine-tuned version of MobileNetV3 [9], trained
on the dataset introduced in Section [3| Training was performed using the Triplet

4 |https: //www.technolution.com/
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Fig. 1: Sample images from the dataset, illustrating different traffic
modalities, viewpoints, lighting conditions, and backgrounds.

Loss function [22], which enforces that embeddings of the same identity are pulled
closer together while embeddings of different identities are pushed apart. As
described in Section [3] the input images were provided at a resolution of 224 x 224
pixels, in line with MobileNetV3’s architecture. The final model was trained for
250 epochs, showing stable convergence. The Adam optimiser was used with a
learning rate of 0.0003.

The trained network outputs embeddings as 128-dimensional vectors, each
normalised to the unit norm. After training, the model achieved a mean Average
Precision (mAP)@0.6 score of 0.9760 on the training set and 0.9846 on the test
set (see Section for the formal definition of mAP). These embeddings form
the input to the sparse autoencoder described below. In Section [0} we evaluate
the effect of the autoencoder on both interpretability and re-ID performance.

4.2 Sparse Autoencoder

Our sparse autoencoder is inspired by the autoencoder introduced in Bricken et
al. [3], tailored to our use caseﬂ We apply the autoencoder to the final layer of
our embedding model, which has a dimensionality of 128 (n). An overview of the
model architecture can be found in Figure [2 It is worth noting that the output
of the global average pooling layer of MobileNetV3, our embedding, also serves
as the input layer for the sparse autoencoder. The dimensionality of the encoder
layer in the sparse autoencoder is defined as m, where m > n. Additionally,
we define W, as the encoder weights (W, € R™*™), W, as the decoder weights
(Wy € R ™) b, as the encoder bias (b, € R™), and by as the decoder bias
(bd S Rn).

> Example code can be found at https://github.com/JorisHeemskerk/sparse |
autoencoder _example.
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Firstly, for each input embedding x in dataset X, by is subtracted using
T =ux— by,

which will later be added back in the decoding step. The output of the encoder
(f) is defined as
f= ReLU(We T+ be).

This is where the sparse features live. The encoder output gets translated back
towards the model input with

t =Wy f+bg.

The model gets trained using an Ls loss to enforce input reconstruction as well
as an L penalty to encourage sparsity. These are defined as

1
Lo=—I|lz—2|2 d
2 |X‘Hx xHQ’ an
Ly = M| fl-

where the L; penalty can be scaled using A. The total loss is the sum of the
individual losses.

sparse autoencoder
Input MobileNetV3

m >=n

Fig. 2: A general overview of our model configuration, showing a
simplified version of the MobileNetV3 CNN backbone
architecture, along with the new sparse autoencoder head.

Dead neuron resampling During training, we performed neuron resampling in
accordance with Bricken et al., doing so every 25,000 global steps. At each of these
checkpoints, we identified all neurons ¢ € {1,...,m} for which the activation
fi(x) = 0 for all x over the past 12,500 training steps. These neurons were labelled
as dead and all such neurons were resampled. Here, f(x) denotes the encoder
output for input x, and f;(x) is its ith component.

To resample a dead neuron ¢, we first evaluated the model’s reconstruction
loss over a randomly sampled subset B = {x1,x3,...,2,}, consisting of 10% of
the training data. For each input sample x; € B, we computed its reconstruction
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#; = f(x;) and assigned it a sampling probability p; proportional to the square
of its total loss: . N2
o o =13
DA

where z; and x;, denote individual input samples from the batch B, and Z;, &%
are their corresponding reconstructions.

For each dead neuron i, we then sampled an input (¥ from B according to
this distribution {p;}, and computed its normalised form as

RERIE

The decoder weight vector chz’i) was then set to #(¥), effectively initialising the
neuron to reconstruct z(9). For the encoder weights, we scaled the direction of
£ by a small factor relative to the average norm of the active encoder weights:

Z W99y and o = 0.2,
JEA

W) = a-@ -9, where @ = 1
A
and A= {j : fj(z) > 0 for some x € X} denotes the set of active neurons. The
factor a = 0.2 serves as a scaling constant (following [3]) to ensure that the newly
initialised encoder weight has a relatively low norm, encouraging the neuron to
activate weakly at first. The encoder bias term was reset to béi) = 0. Finally, we

reinitialised the optimiser state (e.g., Adam moment estimates) for all modified
weights and biases associated with neuron i, resulting in faster convergence.

Hyperparameters We found a large variation between different hyperparameter
configurations in terms of interpretability and re-ID performance. Because of
this, we decided to analyse a multitude of different values for some of the
hyperparameters to establish an optimal configuration for our model.

Firstly, for our encoder dimensions m we decided on the following four values:
128, 256, 512, and 1024. According to Bricken et al., features found in encoders
with a lower dimensionality split into more specific features when more encoder
neurons are added. For example, in our situation this could mean that lower
dimensional models learn more general features like a feature looking at all grey
vehicles, where a higher dimensional model might split this feature into grey cars,
grey vans and grey trucks. By analysing different encoder sizes we aim to find a
model with the right level of detail regarding features, such that they are easily
interpretable.

Secondly, finetuning the L1 penalty is crucial for balancing model performance
and interpretability. A A that is too low causes the model to not be sparse, leading
to no or less interpretable features. A A that is too high results in the model
becoming 100% sparse by not using the encoder at all, relying instead on the
decoder weights to always predict the average input embedding. For our A we
used values ranging from 5e~3 to le~7, alternatingly dividing by 5 and 2 for
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each step. This allowed us to quickly find a range striking a balance between
re-ID performance and interpretability, which we then zoomed in on, taking more
granular steps of 1le~%. This approach enabled us to decide on a specific model
to manually interpret.

All other hyperparameters were held constant, as preliminary experiments
indicated no meaningful effect on interpretability or re-ID performance. A batch
size of 200 was selected as it maximised GPU utilisation without exceeding
memory constraints. Each model was trained for 100 epochs, at which point both
reconstruction and sparsity losses had stably converged. The learning rate was
fixed at 1 x 107°, chosen to ensure gradual convergence and stability during
training. All autoencoders were optimised using Adam, with an 80/20 split
between training and validation data. Specifically, 210,628 images (80% of the
available tracks) were used for training and 51,772 images (20%) for validation,
with the split kept identical across all configurations to ensure comparability of
results.

4.3 Evaluation Set-Up

To evaluate our trained sparse autoencoders, we used two quantitative metrics to
establish model performance and manually interpreted and compared the features
of the highest performing models to validate interpretability. We describe these
metrics in the next section. In addition, we describe our method for identifying
and suppressing features.

Quantitative Evaluation We evaluated the sparse autoencoders on two quan-
titative metrics. Firstly, we validated the re-ID performance using the mean
Average Precision (mAP). We did so by comparing a set of query images @ to
the full dataset X, specifically at a certain Euclidean distance threshold. We
define this set as S; for each query image ¢ € (), and arrange it in ascending
order. For example, mAP@0.5 means a threshold of 0.5 was used. For each item
in Sy, the relevance is defined as

1 if the identities of (S;); and ¢ are the same,
a(F) :
0 otherwise.

The precision at rank k for query ¢ is defined as

k .
>i—17q(%)
k )
which measures the fraction of retrieved items in top k that are relevant. The
Average Precision (AP) is the average of the precisions, computed at every rank
k where a relevant item is found. The number of relevant items found is defined
as

Pq(k) =

Sl

Ry=> r4(k).

k=1
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If at least one relevant item is retrieved (i.e. R, > 0), then

[Sql
APy = =3 (rg(K) - Py(R)).

9 k=1

otherwise AP, = 0. Lastly, the mAP is defined as

1
mAP = — 3" AP,.
QI =2

The highest mAP score here would be 1.0, as it is on the unit norm, which would
only be achieved if a model was able to have S, to consist of exclusively the
identity of ¢, for every ¢ € Q.

For our results we primarily use a threshold of 0.6, as this is the previously
used standard by Technolution, providing them the best real-world performance.
They came to this threshold by consulting the number of False Positives and
False Negatives given the available recorded annotated tracks. For completeness
however, we also compute results with thresholds of 0.1, 0.3, 0.5, 0.7, and 0.9.

In addition to the mAP, we computed a statistic that helped in our qualitative
analysis. Namely the median number of features used to encode a given input.
If the model uses too many to encode an input image, this might result in
an overload of explanations. Ideally, we are looking for a small set of features,
combined with a high mAP.

Feature Interpretation In order to validate a feature on interpretability, we
relied on manual qualitative analysis. For this, we considered the entire dataset
and fed it through the different models. For each encoder neuron, we visualised
the top 0.1% of all images, by neuron activation, and grouped them by track
(saving only the highest activating sample per track). This results in a set of
images from unique identities, supposedly sharing similar attributes. For each
encoder neuron we compared these images (target set) with an equal set of
random images with an activation value of zero (control set). An example can be
found in Figure[d This way each neuron could be manually analysed and we could
validate consistency and exclusivity for each neuron’s feature interpretability. For
example, for a feature seemingly describing vehicles, we analyse how consistently
different attributes are present in the target set, that simultaneously are not
present in the control set (e.g. colour, position, or shape).

Identifiable Features The notion of (re-)identifiability presents a conceptual
challenge, as virtually all features can be construed as identifying in some form.
For example, a feature that detects yellow cars is inherently identifying those
vehicles, yet such a definition lacks analytical precision. To refine this concept,
we define a feature as identifiable if it either (1) encodes information that can
directly reveal the identity of a specific individual (e.g., license plate recognition),
or (2) captures a highly distinctive attribute that is shared only by a very limited
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subset of individuals (e.g., unique facial structures or company-specific branding).
Within this framework, features can be systematically analysed and filtered.
Practically, this can be achieved by applying a binary mask at the output of the
encoder layer, thereby suppressing identifiable features through zero-assignment.
While this suppression may reduce the accuracy of reconstructed embeddings for
instances previously reliant on such features, it effectively mitigates the risk of
the model exploiting personally identifiable attributes.

4.4 Experimental Set-Up

We systematically evaluated combinations of the hyperparameters for encoder
size (m) and the sparsity penalty A. As stated in Section for m we decided
on values 128, 256, 512, and 1024. For the sparsity penalty we used 20 values
ranging from 5e~3 to le™7, resulting in a total of 80 experiments. Using the
metrics described in Section we report three comparative analyses. Firstly,
we compare the L; coefficient (A\) and mAP, to analyse the trade-off between
sparsity and re-ID performance. Secondly, we compare the L, coefficient and
median number of features used to encode a given input, thereby quantifying
dataset coverage per neuron under different sparsity levels. Finally, we compare
the mAP and the median number of features used, with the aim of identifying
the optimal balance between re-ID performance and dataset coverage.

5 Results

The quantitative outcomes, based on the test dataset described in Section [3] are
presented in Figure [3| across three comparative analyses as described in Section

The first graph shows the relationship between the L; coefficient and re-ID
performance, measured by mAP@0.6. Reducing the sparsity constraint improves
performance, whereas overly stringent constraints render the models unable to
complete the task. Re-ID performance begins to emerge at an L; value of approx-
imately le®. At 1e~ %, the models reach near-maximal mAP@0.6, approaching
the performance of the encoder input (i.e., the output of the MobileNetV3-based
embedding model), represented by the dashed black reference line. Encoder size
has only a limited effect on mAP@O0.6.

The second graph reports the relationship between the L coefficient and
the median number of features required to represent an image. Relaxing the
sparsity constraint increases the number of features utilised per image, with
each encoder neuron contributing to multiple representations. In contrast, strong
sparsity constraints lead to near-complete suppression of features, as the model
minimises loss primarily through the sparsity objective. At very low sparsity
constraints, the influence of encoder size becomes more pronounced, with larger
encoders employing proportionally more features per image.

5 The full interactive figure can be found at https://jorisheemskerk.github.io/
identifiable feature suppression in_traffic re-identification/\
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The third and last graph examines the trade-off between interpretability
and performance by comparing the median number of features per image with
mAP@Q.6. Configurations using approximately 25 median features achieve an
effective balance, as further increases in features provide only marginal gains in
mAP@O.6. Across these configurations, models attain an mAP@O0.6 of approxi-
mately 0.9, compared to 0.985 for the encoder input. This difference reflects a
reduction of roughly 0.085 mAP@Q.6, attributable to the increased interpretability
of the representations. Encoder size has no substantial effect on this trade-off.

L1 Coefficient L1 Coefficient vs Median Featuress/Image
vs mMAP@0.6 - Median Featuress/Image vs mAP@0.6
& .
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Fig. 3: Quantitative results of variations in encoder dimension, Lq
coefficient and the median number of features used (non-zero
activation value) per image of test dataset

Table (1] reports the mean Average Precision (mAP) scores across multiple
thresholds for both the suppressed and non-suppressed configurations. Overall,
the results indicate minimal differences between the two configurations, suggesting
that suppressing identifiable features has little impact on model performance. A

more detailed discussion and contextualization of these findings can be found in
Section

Table 1: mAP before the use of an autoencoder, and mAP of model
512 before and after suppressing identifiable features. We
observe a negligible drop in performance after suppressing
identifiable features.

Model information Dataset | mean Average Precisions (mAPs) @ thresholds
Non-Interpretable @0.1 @0.3 @0.5 @0.6 @0.7 @0.9
Without autoencoder Train 1.0 0996 0.982 0.976 0.968 0.961
Test 1.0 0.995 0.988 0.985 0.978 0.963
Interpretable @0.1 @0.3 @0.5 @0.6 @0.7 @0.9
Not Suppressed Train | 0.999 0.950 0.898 0.895 0.895 0.895
Test |0.999 0.977 0.905 0.896 0.892 0.892
Suppressed Train [ 0.999 0.950 0.898 0.895 0.894 0.894
Test 0.999 0977 0.904 0.895 0.892 0.891
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6 Discussion

This study set out to apply sparse autoencoders to learn a concise set of visual
features that explain how two images are matched within computer vision em-
bedding models for re-ID of traffic participants. And then to investigate whether
identifiable or undesired features can be selectively suppressed without severely
impacting re-ID performance. Our results only show quantitative analysis of
model sparsity and performance. In this section, we discuss our qualitative
findings by manually analysing the models with the strongest quantitative perfor-
mance, through a qualitative assessment of their extracted features. Additionally,
we demonstrate the use of a binary mask to suppress unwanted features, with-
out measurable harm to overall re-ID accuracy. Lastly, we describe the general
observed patterns and discuss their meaning.

6.1 Interpretability—Specificity Trade-Off

To assess interpretability across architectures, we analysed one representative
model per encoder size, each selected for achieving a median of approximately 25
features per image and an mAP@Q.6 close to 0.9. For each model, the twenty
most prominent features were manually examined, with representative examples
presented in Figure [4]

Models with smaller encoders exhibited features that were comparatively
global and abstract, thereby limiting interpretability. As illustrated in Figure [,
the extracted feature corresponded primarily to black vans, but also included
unrelated vehicle types (e.g., a white car), suggesting insufficient specificity.

By contrast, models with larger encoders yielded features of high specificity,
which were also difficult to interpret. Figure fkc exemplifies this pattern, combining
the presence of a centrally positioned face, a dark jacket, and a lighter-colored
central object. Such highly specific features are less accessible to human inter-
pretation, as they require extensive sampling of the feature space for accurate
characterisation.

Overall, the encoder of size 512 achieved the most favorable balance between
interpretability and representational specificity. Trained with an L; coefficient of
5e~ 9, this model attained an mAP@0.6 of 0.896 with a median of 24 features per
image. As demonstrated in Figure [dp, the extracted features retained sufficient
global structure to remain interpretable, while also exhibiting a degree of speci-
ficity absent in smaller encoders. Accordingly, the encoder size 512 configuration
was selected for subsequent analyses.

6.2 Suppressing Identifiable Features

As established in Section[6.1} the encoder of size 512 yielded the most interpretable
feature representations. For the remainder of this analysis, we therefore refer to
this configuration as Model 512. To systematically investigate the presence of
identifiable features, we manually analysed all extracted features. This procedure
revealed a small subset that can be considered potentially identifiable.
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Fig. 4: Samples from target (T) and control (C) image sets from
the models with encoder sizes 128, 512 and 1024.

An illustrative case is feature 77, as shown in Figure [5] which corresponds to
grey taxis from multiple companies characterised by green logos and roof-mounted
signs. The degree of specificity exhibited by this feature, combined with its likely
rarity in real-world traffic distributions, qualifies it as identifiable under our
definition. Accordingly, we conclude that this feature should be suppressed.

A second case is feature 410, also shown in Figure [5] This feature appears to
capture either (1) a specific brand logo displayed on vehicles, which coincidentally
also activates in instances of bicycles carrying red or pink bags, or (2) red and
pink bags, which coincidentally co-occur with the aforementioned brand logo.
Owing to this semantic ambiguity, we adopt a precautionary stance and classify
this feature as identifiable, thereby warranting its suppression.

In Model 512, features 77 and 410 were suppressed by applying a binary mask
to the encoder layer, thereby setting the corresponding neuron activations to zero
and preventing their participation in the construction of the final embedding.
The outcomes, summarised in Table [T, demonstrate that suppression does not
incur any statistically meaningful degradation in performance, with observed
differences limited to fluctuations at the fourth decimal place.

A detailed analysis indicates that feature 77 is expressed in 7,598 training
images (2.90%), while feature 410 is expressed in 12,811 training images (4.88%).
Given that the median number of features utilised per image in this configuration
is 25, we infer that the relative contribution of these features is insufficient to
produce a measurable impact on aggregate performance metrics.

6.3 Central Observations

In the sections above, we highlight the trade-off between sparsity and performance.
Reducing the sparsity constraint improves re-ID accuracy, whereas overly stringent
constraints prevent meaningful feature utilisation. Re-ID performance begins to
stabilise at an L; value of approximately le~°, with near-maximal mAP@0.6
reached at 1e=®. Across most configurations, encoder size has only a limited
influence on performance. However, under sufficiently weak sparsity constraints,
larger encoders employ proportionally more features to describe each image. This
observation aligns with the expectation that increased model capacity enables
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Fig. 5: Samples of the target (T) and control (C) image sets for
features 77 and 410 of model 512.

the subdivision of features into more specific components. In such cases, the
subdivided features may still be used jointly when representing images, resulting
in a comparable amount of information, albeit in a more specialised and nuanced
form.

Manual inspection of encoder features further supports this interpretation.
Smaller encoders tend to learn global and abstract patterns, while larger encoders
develop features of higher specificity that are, at times, more difficult to interpret.
This difference likely stems from the limited representational capacity of smaller
encoders, which necessitates broader feature coverage to sustain performance.
By contrast, larger encoders, when using a similar median number of features
per image, face fewer representational constraints and can allocate features to
narrowly defined attributes without performance degradation. The emergence
of such narrowly scoped attributes may, however, reflect a tendency toward
overfitting to the training data distribution.

Taken together, our findings underscore the viability of sparse autoencoders
as a principled means of embedding transparency into computer vision embedding
models for re-ID of traffic participants. They address one of the key limitations
of contemporary re-ID systems, their interpretability. In addition, the ability to
suppress unwanted features may be relevant for regulatory contexts such as GDPR
and the EU AI Act, and could inform broader discussions on trustworthy Al.
Beyond traffic participant re-ID, the approach outlined here may also serve as a
reference for introducing interpretability into other embedding-based applications.

CESERIYE
Eod <ENs2

7 Conclusion and Future Work

We have demonstrated that the sparse autoencoder technique introduced by
Bricken et al. [3] provides an effective means of uncovering interpretable feature
bases in re-ID embeddings, enabling targeted suppression of privacy-sensitive
attributes while incurring only a minimal reduction in re-ID performance. Specif-
ically, our best performing model produced highly interpretable features and
achieved an mAP@0.6 of 0.90, compared to 0.98 for the non-interpretable baseline
embedding model. Furthermore, we established that identifiable features can
be effectively suppressed via masking at the encoder layer, obviating the need
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for retraining and without inducing significant performance degradation. This
was demonstrated through the identification and suppression of two features
associated with company-specific logos, whose removal had no measurable im-
pact on mAP performance suggesting that sparse autoencoder-based approaches
provide a principled mechanism for constructing transparent and interpretable
embedding models.

Several directions for future research emerge from this study. First, model
selection was guided by configurations with a median of approximately 25 explana-
tory features per image, as adding further features yielded diminishing returns
in performance. Although this threshold provided a practical trade-off between
accuracy and interpretability, we were unable to establish a more principled
justification for this number. Future research should examine how explanation
size aligns with stakeholder needs, and to what extent semantic interpretability
is preserved when models rely on varying numbers of features.

Second, the sparse autoencoder approach may allow semantic attributes to be
distributed across feature activations, leading to poly-semantic representations.
While our findings are broadly consistent with prior work suggesting that higher
activations correspond to stronger feature presence, the persistence of low-level
activations complicates interpretability. To encourage more mono-semantic fea-
tures, future work could explore alternative sparsity constraints (e.g., penalising
the number of datapoints activated rather than total activation magnitude) or
investigate top-k activation mechanisms, such as those employed in VQ-VAE
models [27].

Additionally, this research relied on the use of a proprietary dataset, as it
contained potentially privacy-sensitive features. We encourage future research to
develop a benchmark dataset for problems similar to ours, such that alternative
methods can be developed and compared. We also suggest future research to
apply the proposed technique to existing benchmark datasets, to both compare
feature interpretability with other methods and to analyse the scalability of the
proposed method.

Finally, the process of annotating and interpreting learned features was con-
ducted manually, which introduces subjectivity and potential bias. To strengthen
reliability, future work should incorporate controlled perturbations to input im-
ages. For example, removing license plates from vehicles or applying systematic
augmentations to pedestrian faces to assess how these modifications affect fea-
ture activations. Such experiments would help to validate whether the learned
features capture the intended semantic content or encode unintended identifiable
attributes.
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