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Abstract

Mass surveillance technologies rely on person re-
identification (ReID), the task of matching images of
the same person by appearance across changes in pose,
viewpoint, time, and camera. ReID datasets are built from
footage of pedestrians, students, and shoppers, recorded by
surveillance cameras in public space without their consent.
These datasets have drawn sustained ethical criticism, yet
they remain openly hosted and widely used, defended by
the claim that the models trained on them are useful for
surveillance deployment. We test that claim on the tasks the
footage was collected to enable, and it does not hold. We find
that models finetuned on ReID datasets do not deliver their
claimed deployment benefits: retrieval accuracy degrades
outside the training corpus, tracking does not improve over
a general pretrained encoder across eight architectures and
three pedestrian-tracking benchmarks, and having more data
does not change this. We further find that the representations
this training produces encode stereotypes: clothing colour
becomes far more decodable after finetuning, finetuned
encoders are less likely to distinguish between different
people wearing same clothing and saliency for the matching
decision localises on clothing. We add empirical depth to the
ethical case against ReID datasets, which until now made on
the consent violation alone. We conclude that these datasets
are built from non-consensual data and have no significant
benefit in downstream deployment, thus these datasets should
not be built.

1 Introduction
Advances in artificial intelligence have driven demand for
computer vision in mass surveillance (Browne 2015). In re-
search, most computer vision papers extract data about hu-
man bodies, and the patents that cite them mostly lead to
surveillance applications (Kalluri et al. 2023). A major com-
ponent of surveillance is person re-identification (ReID),
the task of matching cropped images of the same person
by appearance, across changes in pose, viewpoint, time,
and camera. Research on ReID has been published contin-
uously at top computer vision conferences (CVPR, ICCV,
and ECCV) since the early 2010s, with dedicated surveys,
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Figure 1: ReID datasets are built from non-consensual
surveillance footage, and finetuning on them does not im-
prove tracking. (a) Query (red frame) and matching gallery
images (teal frames) from MARKET-1501, CUHK03, and
CUHK-SYSU, three ReID datasets built from footage of
people recorded without consent. (b) Models finetuned on
these datasets do not significantly outperform pretrained
ones on tracking: mean IDF1 across eight architectures and
three benchmarks, with the shaded band marking the ±2 pp
equivalence margin around the PRETRAINED mean.

toolkits, and benchmark suites (Ye et al. 2021; Zhou and Xi-
ang 2019). ReID models are trained on datasets extracted
from passers-by recorded on surveillance cameras at uni-
versity campuses, subway stations, and other public sites,
often without any consent (Zheng et al. 2015; Loy, Xiang,
and Gong 2009; Prabhu and Birhane 2020). Most of these
corpora remain openly hosted on academic and community
platforms (Harvey 2021). Researchers continue to train and
publish on these corpora on the premise that the resulting
models deliver identity-preserving matching at deployment
in mass-surveillance settings (Wang 2013). In this paper,
we counter this argument and empirically demonstrate that
models trained on ReID datasets do not deliver the deploy-
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ment benefits claimed for them.
We list the openly available ReID datasets in Table 1, with

their collection sites, identity counts, and documentation sta-
tus. One of the datasets is GRID, which consists of CCTV
recordings from a London Underground station, supplied to
Queen Mary, University of London by the UK Home Office
under the i-LIDS programme (Loy, Xiang, and Gong 2009).
For MARKET-1501, six cameras were set up in front of a
campus supermarket at Tsinghua University, and students
going to the classes were recorded without consent (Zheng
et al. 2015). DUKEMTMC-REID draws on eight surveil-
lance cameras on the Duke University campus, recording
students and visitors moving through public spaces (Zheng,
Zheng, and Yang 2017). In 2019, the dataset was retracted
after reporting traced its use to mass surveillance research
used in public, and a subsequent Duke review found that it
had been distributed beyond the scope of the original IRB
approval (Harvey 2021). Even so, it has continued to appear
in published work and remains available on Kaggle, in tor-
rents, and on GITHUB (Peng, Mathur, and Narayanan 2021).
The ReID literature defends these corpora on two grounds.

Claim 1. Finetuning on ReID corpora improves
tracking-based surveillance as ReID re-associates a
person through occlusion, pose change, and camera
handover, and tracking which helps in public-safety
policing, missing-persons recovery, and retail analytics
(Wang 2013; Ye et al. 2021; Zhou and Xiang 2019).
Rebuttal. ReID is a retrieval task: given a query crop
from one camera, the model is asked to find the same
person in a gallery from other cameras, and performance
is reported as Rank-1 accuracy and mean average preci-
sion (mAP). These metrics measure retrieval, not track-
ing. Retrieval gains therefore carry no evidence about the
extrinsic task, and the tracking benefit the claim is about
has never been measured.

The public-safety framings in Claim 1 all involve identi-
fying individuals across cameras without their knowledge,
and scholars have documented that ReID datasets and mod-
els get deployed in policing, defence research, and surveil-
lance industry products, including products sold by com-
panies sanctioned for human-rights abuses (Harvey 2021;
Kalluri et al. 2023; Whittaker et al. 2018).

Claim 2. An encoder trained on footage from one
collection site transfers to deployment at unseen but
similar sites, and collecting larger corpora would
help in improving this transfer (Lan, Zhu, and Gong
2019; Lin, Li, and Kot 2020; Wei et al. 2018).
Rebuttal. Retrieval accuracy degrades as soon as the test
corpus changes, and the literature concedes this cross-
domain degradation while recommending the models for
deployment regardless (Song et al. 2019).

This paper tests whether the usage of ReID datasets is jus-
tified. Vision-based mass surveillance, as the ReID literature
describes it, consists of tracking pedestrians within a cam-
era and re-identifying them across cameras, and Claims 1

and 2 defend building these datasets by their contribution
to these two tasks. We therefore measure what the justi-
fication claims: cross-corpus retrieval, tracking, and prob-
ing the finetuned representations. We develop our argument
from the empirical critique of facial recognition technology
(FRT). There, scholars have shown that models tend to rely
on ‘shortcuts’ like skin tone and illumination rather than sta-
ble identity, which result in errors on marginalised people
(Buolamwini and Gebru 2018; Stark 2019; Stark and Hut-
son 2022). Geirhos et al. (2020) name this pattern shortcut
learning: a feature that predicts the target inside the bench-
mark but does not transfer to deployment. In ReID, each
identity is recorded at one location over a short window,
which could result in shortcuts to appear like clothing colour
or body shape. We anticipate the same pattern in ReID and
extend the empirical critique of FRT to test it: we mea-
sure cross-domain retrieval between the corpora themselves,
evaluate ReID-finetuned encoders on tracking benchmarks,
and probe the features they encode. Our experiments return
two findings.

Finding 1: We find that finetuning on ReID datasets do
not deliver its claimed deployment benefits (Sections 4–
6). Encoders finetuned on one ReID corpus lose most of
their retrieval accuracy on every other corpus. On track-
ing, across eight architectures and three benchmarks, FINE-
TUNED encoders have insignificant gain over the equivalent
PRETRAINED baseline. Concatenating all five corpora into
a single training set also does not show any improvement in
tracking.

Finding 2: We find that the representations pro-
duced by ReID finetuning encode stereotypes, particu-
larly about clothing (Sections 7–9). From our probing ex-
periments, we find that ReID finetuning encodes shortcuts
like clothing color to match people. FINETUNED represen-
tations are less likely to distinguish between two different
people wearing same clothing color; and finetuning gradi-
ents tend to localise more on the shortcuts.

These findings ask a harder question to researchers and
policymakers: why are non-consensual ReID datasets still
being built? We find no empirical basis for continued
surveillance ReID research, and we oppose continued re-
search on surveillance ReID on that basis.1

2 Background And Related Work
In this section we provide the necessary background on
the technologies used in mass-surveillance research, and an
overview of the critical literature on facial recognition tech-
nology from which we extend our arguments.

2.1 What is involved in mass surveillance?
Tracking pedestrians across a network of surveillance cam-
eras combines three components running in sequence: an
object detector, a tracker, and a re-identification model.

1Surveillance covers a wide range of practices, including data
retention, communications interception, and financial monitoring.
In this paper we scope the term in its most immediate, visual sense:
computer vision systems that track and re-identify people through
cameras.
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• An object detector like YOLOX processes each frame
and returns axis-aligned bounding boxes around every
visible pedestrian (Ge et al. 2021).

• A tracker like BYTETRACK (Zhang et al. 2022) or
DEEPSORT (Wojke, Bewley, and Paulus 2017) asso-
ciates those boxes within each camera into per-identity
trajectories, using a motion model alongside appearance
similarity to handle short occlusions and crossings.

• Person re-identification (ReID) supplies the appearance
signal for both association roles: re-associating a person
within one camera through occlusion and crossings, and
linking trajectories across cameras whose fields of view
do not overlap (Zheng, Yang, and Hauptmann 2016; Ye
et al. 2021). Trackers such as DEEPSORT train this ap-
pearance model on ReID corpora (Wojke, Bewley, and
Paulus 2017).

Each cropped person box is mapped to a fixed-length fea-
ture vector. Under the training objective, two crops of the
same person yield nearby vectors while two crops of dif-
ferent people yield distant ones, including when the crops
come from different cameras at different times. Pedes-
trian tracking is evaluated against benchmarks of densely
populated public-space footage with annotated identity
tracks. The MOTCHALLENGE suite covers everyday street
scenes (Dendorfer et al. 2020a), MOT20 contributes highly
crowded sequences (Dendorfer et al. 2020b), CROWD-
TRACK adds difficult real-world scenes with frequent oc-
clusion (Fu et al. 2025), and PERSONPATH22 draws from
surveillance, sports, and broadcast footage (Shuai et al.
2022). IDF1 is the F1 score of the bipartite matching be-
tween predicted and ground-truth identities across a se-
quence (Ristani et al. 2016). IDF1 drops when one identity
is split across multiple tracks, or two identities are merged
into one track. This makes it more sensitive to the appear-
ance encoder than detection-only metrics are.

2.2 What datasets are ReID models being trained
on?

ReID models are trained on corpora of cropped pedestrian
images built from public-space CCTV footage of people
who were never asked: pedestrians, transit riders, students
on a campus, shoppers in a store. Table 1 lists the five
corpora used in our controlled comparison, their collec-
tion sites, and the documentation status of each introduc-
ing paper. A typical corpus contains tens of thousands of
images organised by identity across non-overlapping cam-
eras. MARKET-1501 comprises 32,668 images of 1,501
identities filmed by six cameras outside a supermarket at
Tsinghua University (Zheng et al. 2015); DUKEMTMC-
REID comprises 36,411 images of 1,812 identities filmed
by eight cameras on the Duke campus (Ristani et al. 2016);
MSMT17 comprises 126,441 images of 4,101 identities
filmed by fifteen cameras at a university campus (Wei et al.
2018). The systems trained on these corpora are intended
for deployment in the same public spaces, against the same
kinds of publics from whom the training data was taken.
Evaluating such a system only for accuracy or fairness re-
produces the harm rather than naming it: it accepts the sys-

tem’s premises and sets aside the prior question of how it
redistributes power between those who watch and those who
are watched (Kalluri 2020). Kalluri et al. (2023) show that
people-targeting tasks are the single largest downstream use
of academic vision data, and that benchmark research is con-
sistently cited in operational surveillance work. The same
pattern of non-consensual collection runs across vision cor-
pora (Prabhu and Birhane 2020), and ReID corpora are the
acute case because the downstream task is itself surveil-
lance. Harvey (2021) identifies the cameras and populations
behind specific corpora; the retraction of DUKEMTMC did
not stop circulation of derived weights and datasets (Peng,
Mathur, and Narayanan 2021).

2.3 Why do facial recognition systems have
flawed deployment?

Facial recognition technology (FRT) recognises individuals
from images of their faces. The critical literature on FRT is
the closest model for an audit of ReID: both technologies are
trained on data taken without consent, and both are deployed
in the same surveillance settings.

The FRT critical literature has documented that facial-
analysis systems respond to surface attributes rather than
the constructs they claim to measure. Arcas, Todorov,
and Mitchell (2018) reanalysed a widely-reported deep-
learning classifier that claimed to identify sexual orientation
from face photographs, and showed that the reported accu-
racy was carried by grooming, facial expression, and self-
presentation; once those surface cues were accounted for, the
classifier no longer separated the two classes above chance.
Scheuerman, Paul, and Brubaker (2019) found that com-
mercial gender classifiers respond to hair length and other
surface cues: error rates track how closely a face matches
the binary cisgender presentation dominating the training
set, and the classifiers fail systematically on transgender and
non-binary subjects. Both cases talk about shortcut learn-
ing: a decision rule that separates the training data through
superficial cues rather than the construct the benchmark is
taken to measure, and that fails once the testing conditions
change (Geirhos et al. 2020). Linear probing tests which at-
tributes a frozen representation encodes: a linear classifier
is trained on the frozen features to predict the attribute, and
its accuracy measures how linearly decodable the attribute
is (Alain and Bengio 2018; Belinkov 2021). Decodability
shows that the attribute is present in the representation, not
that a system built on that representation relies on it (Be-
linkov 2021). A representation that separates a benchmark
through superficial cues fails when those cues shift, and
ReID has documented this: cross-domain transfer between
academic benchmarks degrades sharply (Song et al. 2019),
with the analogous benchmark-to-benchmark gap also es-
tablished for image classification (Recht et al. 2019).

3 Methodology and Experimental Rationale
The community’s case for surveillance ReID corpora rely on
the claim that finetuning on these corpora produces encoders
that improve identity matching in deployment. We test this
claim three ways on the same architecture pool: by measur-
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Dataset Collection site Identities Ethics review Consent procedure
MARKET-1501 (Zheng et al. 2015) Tsinghua campus 751 × ×
CUHK03 (Li et al. 2014) CUHK campus 767 × ×
CUHK-SYSU (Xiao et al. 2016) Hong Kong urban streets 10,740 × ×
ETHZ (Schwartz and Davis 2009) Zurich pedestrian streets 146 × ×
GRID (Loy, Xiang, and Gong 2009) London Underground station 125 × ×

Table 1: ReID training corpora used in the controlled comparison: collection site, training-set identity count, and documentation
status of each corpus’s introducing paper. None of the five papers reports an ethics review (×) or a consent procedure (×) for
the filmed individuals.

ing cross-domain retrieval between the ReID corpora them-
selves (Section 3.1), by measuring tracking on three pedes-
trian benchmarks (Section 3.1), and by probing what is en-
coded in the frozen features through linear attribute decod-
ing, pair-based identity verification, and saliency attribution
(Section 3.2).

Experiment controls. Figure 2 summarises the experi-
mental design. We test whether finetuning on a surveil-
lance ReID corpus improves tracking over the matched PRE-
TRAINED condition. We hold the architecture, the finetuning
recipe, the optimiser, schedule, and augmentation pipeline
constant across conditions, and vary only the source of train-
ing data, so that the comparison measures the effect of the
training corpus rather than the effect of the recipe. Each of
eight architectures appears in both a PRETRAINED variant
and a FINETUNED variant, with the latter trained separately
on each of five ReID corpora. This design lets a difference in
tracking performance be read as a consequence of the train-
ing corpus.2

Encoder architectures. The eight encoders cover three
architectural categories. The first is two general-purpose
Convolutional Neural Network (CNN) backbones widely
used as off-the-shelf ReID feature extractors: ResNet-
50 (Residual Network, 50 layers) (He et al. 2016) and
DenseNet-121 (Densely Connected Convolutional Network,
121 layers) (Huang et al. 2017). The second is three CNN ar-
chitectures designed specifically for person re-identification:
OSNet ×1.0 (Omni-Scale Network), which aggregates fea-
tures across receptive fields of multiple scales within each
layer (Zhou et al. 2019); OSNet-AIN ×1.0, an OSNet vari-
ant with adaptive instance normalisation that targets cross-
domain transfer (Zhou et al. 2021); and MLFN (Multi-
Level Factorisation Net), which decomposes features into la-
tent factors at multiple semantic levels (Chang, Hospedales,
and Xiang 2018). These five CNNs cover the architectural
choices the ReID community currently uses or recommends,
as catalogued in the field’s standard surveys (Ye et al. 2021).
The third category is three transformer encoders that repre-
sent the current state of the art among general-purpose vi-

2Data contamination is not a concern here. IMAGENET (Deng
et al. 2009), the ReID corpora, and the tracking benchmarks (Den-
dorfer et al. 2020b) were assembled for distinct purposes (object
classification, cross-camera identity matching, and multi-object
tracking evaluation). They have different sources and were col-
lected in different eras; the three data pools do not overlap.

PRETRAINED FINETUNED

IMAGENET

Triplet + BNNeck

Pretrained model
8 architectures = 8 models

5 ReID datasets
MARKET-1501, CUHK03, SYSU, ETHZ, GRID

Triplet + BNNeck

Finetuned model
8 architectures × 5 datasets = 40 models

A. Train models: vary only the data source

model
one of 48

Video frames Cached detections ByteTrack IDF1

B. Track: swap in each of 48 models

Figure 2: Experimental design for Failure 2: architecture,
recipe, and detections are held constant.

sion backbones: ViT-B/16 (Vision Transformer, base, 16 ×
16 patch size) (Dosovitskiy et al. 2021), SwinV2-B (Swin
Transformer V2, base, with shifted-window attention) (Liu
et al. 2022), and DINOv3 ViT-B (Siméoni et al. 2025), a self-
supervised vision foundation model. All three are among the
strongest general-purpose vision encoders currently avail-
able, with state-of-the-art reported performance on standard
image-classification benchmarks such as IMAGENET-1k lin-
ear evaluation. We do not view these transformer encoders
as realistic surveillance deployments: their parameter counts
and inference cost place them above what is typically used
in the field. We include them so that the comparison covers
more than the older or lighter CNN designs the ReID litera-
ture has historically favoured, and so that any null tracking
result cannot be set aside on the grounds that the encoders in-
volved are weaker than current general-purpose backbones.

The standard ReID finetuning recipe. ReID encoders
are trained with a triplet loss (Hermans, Beyer, and Leibe
2017): for each anchor crop, the embedding distance to a
same-identity crop must be smaller than the distance to any
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Figure 3: Experimental design for Failures 4–6: Three probes on frozen PRETRAINED and FINETUNED encoders. Per-attribute
decoding (A, Section 7), pair-verification confusions (B, Section 8), and shortcut localisation (C, Section 9).

different-identity crop by at least a fixed margin m. We use
the batch-hard variant, which, for each anchor in a mini-
batch, supplies the same-identity crop at maximum distance
and the different-identity crop at minimum distance, con-
centrating updates on the triples that currently violate the
margin. A Batch-Normalisation neck between the backbone
and the classification head separates the embedding used for
retrieval from the logits used for an auxiliary classification
loss, and has been the default ReID configuration since Luo
et al. (2019). All eight architectures share this triplet + BN-
Neck head with margin m = 0.3, the default in Luo et al.
(2019) and in the torchreid library (Zhou and Xiang 2019);
holding the head and margin constant fixes the loss surface
across conditions. The PRETRAINED condition carries the
same triplet + BNNeck head and the same embedding ex-
traction path as the FINETUNED variants, and the tracker
computes the same cosine distance on the same embedding
layer under both conditions, so the two conditions differ in
the source of training data and in nothing else.

Training-data variants. The five FINETUNED variants
are produced by triplet finetuning each of the eight ar-
chitectures on MARKET-1501, CUHK03, CUHK-SYSU,
ETHZ, and GRID, and compared against PRETRAINED.
Table 1 characterises each corpus by collection site, training-
set identity count, and the documentation status of its intro-
ducing paper. We use five corpora to span diversity in col-
lection site (campus, urban streets, public transit), camera
placement (fixed CCTV, vehicle-mounted, handheld), and
identity count (146 to 10,740). We additionally test whether
scaling the training data helps by pooling the five corpora
into a single training set of 12,529 identities, which we refer
to as COMBINED-5; the per-corpus results are reported in
Section 5 and the COMBINED-5 results in Section 6.

3.1 Evaluation setup
Cross-domain retrieval. We measure retrieval on the
field’s own protocol before measuring tracking. En-
coders are finetuned on MARKET-1501, CUHK03, and
MSMT17, and each finetuned encoder is evaluated single-
query on all three corpora, with MSMT17 evaluated under
the MARKET-1501-style protocol, reporting Rank-1 accu-
racy and mean average precision (mAP). Training corpus
and evaluation corpus are crossed, so each cell of the result-
ing matrix is either in-domain (train and test from the same

corpus) or cross-domain. Six of the eight architectures enter
this comparison; the two OSNet variants are excluded. Cell
values are means over the six architectures.

Tracking. We use BYTETRACK (Zhang et al. 2022) as
the tracker: it predicts each track’s next position with a
Kalman motion model and associates detections to tracks
in two stages using spatial overlap (intersection-over-union,
IoU) and appearance similarity. We plug the encoder pool
into the appearance branch of the first stage and fix the
IoU/appearance mixing weight at α = 0.5 for every run.
α = 0.5 gives the appearance signal equal weight with mo-
tion, so the comparison runs in a regime where the manipu-
lated component can affect the outcome.

Detector. We pair BYTETRACK with YOLOX (Ge et al.
2021) for detection. YOLOX is an anchor-free single-stage
object detector, and the original BYTETRACK release in-
cludes joint YOLOX weights tuned for pedestrian MOT,
which we use unchanged. We cache the detections once and
reuse them bit-identically across every encoder run, so only
the appearance feature can change tracking output between
conditions.

Benchmarks. We evaluate the encoder pool on three
multi-object tracking (MOT) benchmarks for pedestrian
footage. MOT20 (Dendorfer et al. 2020b) contains very
dense pedestrian crowds in transit halls and public squares.
CROWDTRACK (Fu et al. 2025) extends the dense-crowd
setting to a wider range of urban scenes. PERSONPATH22
(Shuai et al. 2022) contributes longer surveillance-style
videos with persistent identities. The three benchmarks
cover the deployment conditions ReID is claimed to sup-
port, so a consistent pattern across them cannot reduce to
one benchmark’s idiosyncrasies.

Metrics. We report IDF1 (Ristani et al. 2016) as the
standard identity-preservation metric for these benchmarks.
IDF1 matches every predicted track one-to-one with a
ground-truth identity and reports the harmonic mean of iden-
tity precision and identity recall, so it captures the identity
persistence ReID training is supposed to add over a generic
encoder. IDF1 has displaced detection-weighted metrics
such as MOTA for this purpose because MOTA is domi-
nated by detection errors and moves little under association
changes (Ristani et al. 2016). The identity splits and merges
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that lower IDF1 are the error types that defeat the uses in
Claim 1: a split identity is a person lost across the camera
network, and a merged identity is two people conflated into
one.

Statistical tests. We pair every FINETUNED condition
against its matched PRETRAINED condition by architec-
ture and sequence, so the within-architecture difference
is the unit of analysis. We test paired FINETUNED-vs-
PRETRAINED differences with the Wilcoxon signed-rank
test, report 95% confidence intervals from a percentile boot-
strap with B = 10,000 resamples, and certify equivalence
with two one-sided tests (TOST) (Lakens 2017) at a ±2 pp
IDF1 margin. Published work that adds an appearance-
association branch to a tracker reports IDF1 gains from
one to ten points (Zhang et al. 2022), so a ±2 pp mar-
gin sits at the low end of the smallest such gains. The re-
peated family is the eight within-architecture comparisons,
one per architecture, so eight tests run on the same bench-
mark data and the chance of one spurious per-architecture
finding grows with each; the Holm step-down procedure
controls the family-wise error across them.

3.2 Interpretability
The tracking evaluation reports whether ReID finetuning im-
proves downstream identity preservation, not why. Figure 3
summarises the three interpretability probes we run on the
frozen encoder pool: attribute probing, pair-based identity
verification, and saliency attribution. A probe can decode
attributes that play no role in identity matching (Belinkov
2021), so we run all three rather than rely on any single sig-
nal. All three use the MARKET-1501 attribute annotations
of Lin et al. (2019). The FINETUNED pool contains the five
single-corpus variants of Section 3, four of which were never
trained on MARKET-1501, so decoding MARKET-1501 at-
tributes from those encoders is a cross-corpus measurement
rather than a within-benchmark one, and the colour result
cannot reduce to one benchmark’s collection conditions.

Attribute probing. We use attribute probing to identify
which pedestrian attributes are linearly decodable from
the frozen features. A linear probe is a logistic regres-
sion fit on the frozen encoder features with the backbone
held fixed, so its accuracy measures how directly an at-
tribute is recoverable from the representation rather than
how well the whole network could be trained to predict it.
For each attribute annotated by Lin et al. (2019), we fit
this probe and report chance-normalised accuracy, (acc −
accmajority)/(1 − accmajority), so 0 is the majority-class
baseline and 1 is perfect. The attribute set covers clothing
colour (up colour, down colour) and non-colour con-
trols (hat, backpack, bag, gender, age).3 We split
train and test by identity using GroupShuffleSplit so
no identity appears in both partitions, run five seeds per
probe, and pair encoders within each architecture, then com-
pute within-architecture FINETUNED-minus-PRETRAINED

3Gender and age in these annotations are inferred from appear-
ance by Lin et al. (2019). We feel that this approach is speculative
and we leave those results out of this paper.

deltas per seed with 95% bootstrap CIs.

Pair-based identity verification. We classify same-
identity and different-identity pairs of crops by cosine dis-
tance on the frozen features, choosing an optimal threshold
per encoder and seed, to measure how often the two crops
in a cross-identity error share an attribute. Different-identity
pairs are sampled under five regimes: a random regime,
and four hard-negative regimes that constrain the two crops
to share one attribute (hat, backpack, lower-body colour,
upper-body colour). The same pairs are reused across en-
coders within a seed, so comparisons are paired. Per regime
we report attribute-sharing lift on the verification false pos-
itives. With pFP(a) the rate at which the two crops in a
false-positive pair share attribute a and pTN(a) the same rate
among true negatives,

lift(a) =
pFP(a)

pTN(a)
,

so a lift of 1 means errors share a at the chance rate and
above 1 means they are enriched for a.

Saliency attribution. In addition to the probes, we lo-
calise where in the crop the matching decision is concen-
trated. For the convolutional encoders and SwinV2-B we
apply GradCAM (Gradient-weighted Class Activation Map-
ping) (Selvaraju et al. 2017), which weights the final spatial
feature map by gradients of the matching score to produce
a coarse heatmap over the input. This requires positions in
the feature map to correspond to spatial regions of the in-
put, which holds for the stride-32 CNN feature grids and the
stride-32 windowed-attention output of SwinV2-B but not
for the global self-attention in the final block of ViT-B/16
(Dosovitskiy et al. 2021) and DINOv3 ViT-B. For these we
apply the gradient-weighted attention rollout of Chefer, Gur,
and Wolf (2021), which composes per-block attention con-
tributions Ā = ReLU(A⊙ ∂L/∂A) multiplicatively across
blocks and extracts the classification (CLS) token row over
the 16× 8 patch grid. We report the fraction of class activa-
tion map (CAM) argmax positions falling inside the torso
bounding box, defined as the middle vertical band of the
256×128 pedestrian crop, and test against the matched PRE-
TRAINED pair with a Fisher exact one-sided test.

4 Failure 1: ReID Models Do Not Transfer
Across Domains

We find that encoders finetuned on one ReID corpus lose
most of their retrieval accuracy on every other corpus. Fig-
ure 4 reports mean Rank-1 accuracy over six architectures
for every pairing of training and evaluation corpus, under the
retrieval protocol of Section 3.1. Cross-domain, Rank-1 falls
2.7 to 81.1 pp below each corpus’s in-domain value. The
ReID literature has reported this degradation and continued
to recommend the models for deployment (Song et al. 2019;
Lan, Zhu, and Gong 2019; Lin, Li, and Kot 2020). We argue
that this recommendation is dubious on the field’s own evi-
dence. If Rank-1 drops between two academic benchmarks,
a comparable drop is expected between a benchmark and the
unseen cameras of a deployment site.
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Figure 4: ReID retrieval does not transfer across corpora.
Mean Rank-1 (%) ± standard deviation over six architec-
tures; rows are the training corpus, columns the evaluation
corpus. Cell colour encodes Rank-1 relative to the same
row’s in-domain value, so darker red marks stronger degra-
dation. Outlined diagonal cells are in-domain.

5 Failure 2: ReID Finetuning Does Not
Improve Tracking

Encoder PRETRAINED FINETUNED Equiv.

RESNET-50 25.75 25.97 ✓
DENSENET-121 26.05 26.46 ✓

OSNET 26.09 26.72 ✓
OSNET-AIN 26.12 26.63 ✓
MLFN 26.30 26.10 ✓

VIT-B/16 31.99 33.17 ✓
SWINV2-B 32.29 33.30 ✓
DINOV3 VIT-B 30.17 31.77 ✓

Table 2: ReID finetuning does not improve tracking.
Mean IDF1 (%) per architecture under PRETRAINED and
FINETUNED (mean across the five single-corpus variants),
on MOT20, CROWDTRACK, and PERSONPATH22. ✓: the
within-architecture difference is within ±2 pp under two
one-sided tests. Macro mean across the three benchmarks
∆ = +0.44 pp (95% CI [+0.23,+0.65]).

Following the methodology in Section 3, we find that
ReID-finetuned encoders do not improve tracking IDF1 over
their PRETRAINED counterparts. Across the three bench-
marks MOT20, CROWDTRACK, and PERSONPATH22,
the macro mean of the within-architecture FINETUNED-
minus-PRETRAINED difference is +0.44 pp (95% CI
[+0.23,+0.65]), statistically equivalent to zero at the ±2 pp
margin (Holm-corrected p < 0.001 on every architecture).
This shows that ReID datasets provide no empirical ben-
efit on the tracking task they are claimed to enable.

For each of the eight architectures, we ran BYTE-

TRACK with six encoders on each of the 24 sequences:
a PRETRAINED encoder, and that same encoder addition-
ally finetuned on each of five ReID corpora (MARKET-
1501, CUHK03, CUHK-SYSU, ETHZ, and GRID). Ar-
chitecture, loss, augmentation pipeline, and the cached
YOLOX detection set were held constant across runs, and
the IoU/appearance mixing weight stayed at α = 0.5, so the
only thing that varied between any two runs of an architec-
ture was the encoder’s training data.

Table 2 reports the per-architecture PRETRAINED mean
and the FINETUNED mean across the five single-corpus vari-
ants. The within-architecture FINETUNED-vs-PRETRAINED
difference falls between −0.20 and +1.60 percentage
points, every value inside the ±2 pp margin. Pooled over
all paired sequences the difference is +0.67 pp, and the
macro mean across the three benchmarks is +0.44 pp (95%
CI [+0.23,+0.65]), with per-benchmark values of −0.44 pp
on MOT20 (n = 160), +1.48 pp on CROWDTRACK (n =
400), and +0.29 pp on PERSONPATH22 (n = 400). Two
one-sided tests reject any true effect larger than ±2 pp at
p < 0.001 (Lakens 2017). None were statistically signifi-
cant after Holm-Bonferroni correction; all of them pass the
equivalence test at ±2 pp.

6 Failure 3: More ReID Data Does Not
Improve Tracking

Condition CNNs Transformers
PRETRAINED 26.06 31.48
FINETUNED 26.38 32.75
COMBINED-5 26.14 25.76

Table 3: More ReID training data does not im-
prove tracking. Mean IDF1 (%) by architecture family.
COMBINED-5 pools the five corpora into one training set
(12,529 identities); FINETUNED averages the five single-
corpus variants.

One might think: if we collect more surveillance data,
the resulting tracking would improve. We find that scaling
the ReID training data does not change the Failure 2 re-
sult. We pooled all five corpora into a single training set
of 12,529 identities, which we call COMBINED-5, and re-
ran the tracking comparison of Section 5 unchanged. Ta-
ble 3 reports mean IDF1 by architecture family across the
three training conditions. For the five convolutional archi-
tectures (n = 120) the gap to the PRETRAINED baseline is
+0.07 pp (95% CI [−0.13,+0.27]), inside the equivalence
margin and indistinguishable from zero. For the architec-
tures that converged, the equivalence holds at COMBINED-
5’s 12,529 identities just as at MARKET-1501’s 751.

7 Failure 4: Finetuning ReID Encodes
Stereotypes, Particularly About Clothing

In this section, we ask which features ReID models encode
when they are finetuned on surveillance ReID datasets. To
understand this, we run the attribute probe of Section 3.2
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five seeds; error bars are 95% bootstrap confidence intervals.
FINETUNED bars pool the five single-corpus ReID variants
within architecture.

on the frozen encoder pool, paired by seed; Figure 5 shows
chance-normalised accuracy per architecture and attribute.

The results show that colour decodability rises:
down colour by +0.21 and up colour by +0.18
on average across the pool. This lift appears in every archi-
tecture, every 95% CI excludes zero, and pHolm < 0.001.
The other cues rise slightly (backpack+0.08, bag+0.03,
hat +0.01), but none of these increases is significant after
Holm correction in any architecture.

We find that finetuning amplifies clothing colour more
than any other attribute. From this experiment, we observe
that ReID models rely on stereotypical cues like clothing
colour to track people, and these cues are amplified when
they are finetuned.

8 Failure 5: ReID Encoders Confuse
Different People In The Same Colours

We hypothesise that a representation organised around cloth-
ing colour places different people who dress alike close
together, and crowded public footage contains many such
pairs. In this section, we ask whether ReID models con-
fuse different people who wear the same clothing colour.
To understand this, we run the pair-based verification of
Section 3.2 on the same eight architectures and report the
colour-sharing lift on its false positives; Figure 6 shows the
per-architecture lift.

The results show that FINETUNED false positives pair
people who wear the same clothing colour far more often
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Figure 6: False-positive pairs share clothing colour at
three to five times the rate of true-negative pairs. False-
positive vs. true-negative upper-body-colour-sharing lift per
architecture on MARKET-1501. A lift of 1 (vertical dashed
line) means false-positive and true-negative pairs share
colour at the same rate; a lift of 4 means false-positive pairs
share colour four times as often as true-negative pairs. Bars
are the mean over five seeds; error bars are 95% bootstrap
confidence intervals. FINETUNED bars pool the five single-
corpus ReID variants within architecture.

than PRETRAINED false positives do, and that non-colour
attributes show no such pattern. For 8 of 8 architectures, the
false-positive pairs of the FINETUNED probe share upper-
body colour 3 to 5 times as often as its true-negative pairs
(pHolm < 0.001). Under PRETRAINED, the same ratio never
exceeds 2.1. The transformer encoders sit at the top of that
range, with FINETUNED upper-body-colour lifts of 4.72 for
VIT-B/16, 4.52 for SWINV2-B, and 4.47 for DINOV3
VIT-B. Lower-body colour shows the same 8-of-8 pattern.
By contrast, the non-colour attributes show no compara-
ble lift under either training regime: hat lift stays inside
[0.9, 1.1] in 7 of 8 architectures, and the FINETUNED-minus-
PRETRAINED difference on backpack lift stays within 0.3
at every architecture.

We find that FINETUNED models rely on clothing colour
to match people, and so cannot distinguish two people who
dress alike. From this experiment, we observe that ReID
models tend to confuse different people who share the
same clothing colour, producing false positives.

9 Failure 6: ReID Saliency Localises On
Clothing

In this section, we ask which parts of a person’s im-
age ReID models use to match identities. To understand
this, we run the saliency attribution of Section 3.2 on the
matched PRETRAINED and FINETUNED pairs, scoring for
each MARKET-1501 crop whether the highest-attribution
pixel lies inside the torso strip. Figure 7 shows the maps for
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Figure 7: Saliency localises on clothing under FINE-
TUNED encoders. Saliency maps for four MARKET-1501
gallery crops under the PRETRAINED and FINETUNED vari-
ants of RESNET-50 and SWINV2-B, computed by GRAD-
CAM on the final spatial feature map. The query image is
fixed within each row and only the encoder weights vary be-
tween columns. Under FINETUNED the attribution localises
on the locally most distinctive shortcut feature: the colour-
saturated garment in rows 2 and 4, the backpack region in
row 1, and the red shorts (not the white t-shirt) in row 3.

RESNET-50 and SWINV2-B.
The results show that FINETUNED attribution localises on

a few shortcut regions, the clothing colour and the backpack,
whereas identity cues are spread over the whole body (Fig-
ure 7). The highest-attribution pixel lies inside the torso strip
on 63 of 84 FINETUNED maps (75.0%) and on 46 of 84
PRETRAINED maps (54.8%), pooling 7 matched architec-
ture pairs × 12 maps per condition; Fisher’s exact one-sided
test gives p = 4.7 × 10−3, odds ratio 2.48. In the PRE-
TRAINED columns of Figure 7 the attribution is spread over
the head, limbs, and surrounding scene. In the FINETUNED
columns it localises on the locally most distinctive shortcut
feature: the colour-saturated garment in rows 2 and 4, the
backpack region in row 1, and the red shorts, not the white
t-shirt, in row 3.

We find that as models are finetuned, attribution shifts off
the head and limbs and onto the clothing. From this exper-
iment, we observe that ReID models rely on clothing re-
gions, not on the face, posture, or body shape, to match
identities.

10 Discussion
Person re-identification research is built on surveillance
footage recorded without the consent of the people in it:
recordings of students, shoppers, and commuters across uni-
versity and commercial camera networks. The stated justi-
fication for collecting and keeping this footage is that the
models it trains deliver identity matching in deployment. In
this paper, we tested this justification and provide two major
findings.

Finding 1: ReID finetuning does not improve track-
ing performance in downstream evaluation due to cross-
domain degradation. (Sections 4–6). Encoders finetuned
on one ReID corpus fail to generalise: they lose most of
their retrieval accuracy on every other corpus (Section 4).
On tracking, FINETUNED encoders gain only +0.44 pp in
IDF1 over the matched PRETRAINED baseline, a difference
statistically equivalent to zero, across eight architectures and
three benchmarks (Section 5). Training on all five corpora
at once, 12,529 identities in total, shrinks the gain further,
to +0.07 pp (Section 6). When appearance and motion are
weighted equally in the tracker, pooled IDF1 for every en-
coder is lower than for motion alone (Section 5). Finetuning
on ReID corpora does not improve tracking on the corpora,
the architectures, or the benchmarks the field itself uses.

Finding 2: The representations produced by ReID
finetuning encode stereotypes, particularly about cloth-
ing (Sections 7–9). All three interpretability experiments
find the same reliance on clothing colour. After finetun-
ing, clothing colour becomes the most decodable attribute in
the representations (Section 7). Different people who wear
the same colours are falsely matched as the same person
(Section 8). Saliency for the matching decision localises on
clothing rather than on the person (Section 9). Non-colour
attributes such as hat, backpack, and bag show minor but
insignificant reliances in all three experiments. This colour
shortcut follows from how the corpora are collected: each
person is recorded at one site over a short window, in the
same clothes, so clothing colour predicts identity within the
corpus better than any cue specific to the person. The short-
cut also explains Finding 1: clothing colour stops predicting
identity as soon as the site, cameras, or clothing change, so
the finetuned encoders neither transfer nor improve track-
ing. The benefit claimed to justify collecting this footage is
absent, and its privacy cost remains.

ReID for mass surveillance is a flawed premise. ReID
benchmarks are recorded by fixed surveillance cameras, the
same hardware that supplies a deployed tracking system
with its input. A fixed camera recording a person at ten me-
tres or more returns a body crop that is small, low in reso-
lution, and frequently occluded or motion-blurred. Such low
resolution leaves facial detail and fine texture unresolvable,
and coarse clothing colour is the appearance cue that re-
mains. This colour dependence is what the probes in Sec-
tions 7 through 9 recovered, and it is why ReID training
produced no tracking gain in Section 5: training cannot add
an identity signal that the recorded input never carried. The
limit originates in the recording conditions, and enlarging
the backbone or the training corpus does not remove it. The
decision to attempt pedestrian identification on such inputs
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is therefore a policy choice that improvements in models do
not change.

ReID for mass surveillance constitutes security the-
atre and data colonialism. ReID datasets do not deliver
the tracking improvement that would justify their collection
(Section 5). They are collected, curated, and deployed any-
way, a pattern we characterise as security theatre. The de-
ployments project an image of safer public space while pro-
ducing false positives on colour-matched pairs (Section 8).
The footage is collected without consent and framed as a
contribution to research progress, and the models trained on
it are then used to surveil the very publics from which it
was taken. We argue that this dynamic reflects data colo-
nialism (Couldry and Mejias 2019): public life appropriated
as raw material for research, with the capacity for identifica-
tion held entirely by the collectors. The people in the footage
carry the privacy cost of these collections, and the measure-
ments show no benefit in return.

The ethical arguments should be in the foreground.
We argue that algorithms which surveil public space and
harm marginalised communities should not be built, what-
ever their accuracy. Our rationale is grounded in con-
sent and disproportionate harm, and the experiments add
that the promised capability is also missing. Mass surveil-
lance is a sociotechnical problem that our paper cannot re-
solve, and addressing it requires sustained engagement be-
tween researchers, policymakers, and the communities sub-
ject to these systems. Our contribution to that engagement
is the empirical finding that training on surveillance cor-
pora neither improves tracking nor yields the identity rep-
resentations that would justify collecting them. Even if fu-
ture models were to deliver the missing tracking gain, the
footage was still recorded without consent. ReID datasets
such as DUKEMTMC-REID and MARKET-1501 consist
of footage of students and pedestrians who had no oppor-
tunity to refuse when the campus cameras recorded them.
The surveillance systems built from that footage bear dispro-
portionately on already-policed populations (Browne 2015).
For researchers, surveillance use is inherent to these cor-
pora from the moment of collection, and a dataset assembled
from non-consenting pedestrians cannot be retroactively jus-
tified by a tracking benefit the experiments do not show. For
policymakers, our results weaken the public-safety case for
collecting non-consensual surveillance footage, as we show
that collecting such datasets does not improve tracking per-
formance.

Conclusion. Encoders finetuned on ReID datasets lose
most of their retrieval accuracy outside their training cor-
pus, and across eight architectures and three pedestrian-
tracking benchmarks they do not improve tracking over the
matched PRETRAINED baseline; increasing the training data
does not change this. Instead, when these models are fine-
tuned, they tend to rely on superficial cues, especially cloth-
ing colour and accessories: colour becomes more decodable,
false positives cluster on colour-matched pairs, and saliency
localises on clothing. These false positives amplify the harm
for marginalised people at deployment. These datasets were
built on the promise of ‘AI progress’ on surveillance and
tracking; however, our experiments show that training on

these datasets does not provide any empirical benefits. What
remains is footage of students, shoppers, and commuters
recorded without their consent, built into surveillance infras-
tructure that targets vulnerable and marginalised people.
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