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Abstract

Appearance-based person re-identification (Re-ID) fails
exactly where identity matters most: visually identical tar-
gets, occlusion, and re-entry leave appearance embeddings
uninformative or misleading. We present an identity ar-
chitecture in which motion is the primary signal: an on-
line, forward-only decision layer grows bounded uncer-
tainty regions around missing targets, stages gate—verify—
bind decisions that hold hypotheses rather than guess un-
der ambiguity, fuses gait, trajectory style, and geometry,
and tracks co-located identity groups through pile-ups with-
out re-spawning them. On synthetic hard segments the
system sustains statistically zero identity switches (IDSW)
across 20 seeds—including an appearance-free ballistic
target—where appearance-first baselines show up to 30x
more. On the MOTI7 public-detection benchmark (all
seven train sequences), the pose-free group-level mecha-
nism transfers: identity switches fall 21% (1,265 — 995)
and hard-IDF1 rises from 0.300 to 0.324. Under a real low-
recall detector stream, a velocity-consistency re-acquisition
gate closes the IDFI gap to 0.7pp on the most stress-
affected sequence, and a detector-recall audit shows that no
tracker—including appearance baselines—escapes the de-
tection floor. All transfer constants are self-calibrated from
the detection stream alone (no ground truth), and a gen-
eralizable channel-calibration audit flags the appearance
channels of two independent trackers as net-harmful at op-
erating scale. The decision architecture, not the channel
models, is the portable contribution.

1. Introduction

Multi-object tracking (MOT) and re-identification are
conventionally coupled through appearance. Deep-
SORT [14], the dominant lineage, gates identity by nearest-
neighbor distance in an appearance embedding space, and
modern trackers such as ByteTrack [18], OC-SORT [4],
Deep OC-SORT [10], BoT-SORT [ 1], and StrongSORT [6]
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.. . . 068
refine association on the same detection stream. Detection-
embedding designs (Tracktor [2], FairMOT [19], Center-
Track [21], and transformer associators [13, 17]) couple 071
identity even more tightly to a learned appearance model.
This coupling has a structural blind spot: appearance is in-
formative only when it is discriminative. Two pedestrians
in identical uniforms, a person occluded behind a pillar, a
target exiting and re-entering a frame, or an object with no 07
stable visual appearance at all (a ball, a drone) are precisely 077
the cases where the embedding either cannot separate iden-
tities or actively misleads the association.

Gait recognition has matured as a cross-view recogni-
tion problem on clean multi-camera capture [5, 20], and08 1
skeleton-based embeddings [15] are well studied, but their082
use inside online, noisy, single-camera tracking remains un-
derexplored. Re-ID surveys [16] confirm the field’s default: 84
identity is treated as a feature-extraction problem, and the
decision layer that consumes the features is largely taken f0r08 6
granted. Decision-theoretic trackers [1 1, 7] and learned as-oo-
sociators maintain identity hypotheses, but they commit Orae
marginalize rather than hold specific candidates open withO89
bounded memory under an explicit no-guess policy. 090

We take the complementary position: identity is a de-091
cision problem, and motion is a first-class identity signal.og2
A person’s gait, and any target’s characteristic motion style093
(typical speed, heading, turning energy), are intrinsic to the g,
identity in a way that pixels are not: they survive occlusion,
are invariant to clothing, and persist across re-entry. What096
is missing in the literature is not the individual components o,
but an architecture that makes motion the primary arbiter of o
identity while keeping the system online, forward-only, and099
honest under ambiguity.
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102
* A decision layer with staged verification and103
hypothesis-holding. Every observation passes gate104
— structural — motion-signature — bind/spawn. Un-105
der ambiguity the layer holds competing hypotheses106
open for a bounded window rather than guessing; dis-107

1.1. Contributions
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abling this multiplies identity switches ~5.7x in dense
scenes.

* Ghosts with bounded, growing uncertainty. A miss-
ing target persists as a predictive ghost whose uncer-
tainty region grows at the target’s measured speed ceil-
ing; edge-exits are parked rather than extrapolated off-
frame.

* Motion-signature fusion. Gait (ST-GCN triplet em-
bedding) and learned trajectory style (speed, heading,
turning energy) are supporting signals that never over-
ride geometry or a confirmed-ID preference.

* Group-level pile-up tracking. Co-located identities
under one merged detection are tracked as a group: the
blob carries the members through the merge, no re-
spawn cascade occurs, and on split each emerging de-
tection re-binds to its own member by departure-side
memory and prediction proximity. This mechanism
needs no pose and transfers to real data.

e A stress-regime velocity gate and self-calibration.
A velocity-consistency requirement on ghost re-
acquisition closes most of the detector-stress gap, and
all transfer constants are derivable from the detection
stream alone—no ground truth required.

* A channel-calibration audit. A cheap, generalizable
test (remove the channel; IDF1 must not rise) that flags
the appearance channels of two independent trackers
as net-harmful at operating scale.

2. System Architecture

The system is a two-loop online architecture (Fig. 1). A

high-frequency loop runs every frame: a SORT-lineage fast
tracker maintains short-term temporary tracks (continuity
within a few frames—not identity), while each persistent
D’s ghost is predicted forward with growing uncertainty.
A low-frequency loop accumulates a rolling pose buffer per
temporary track; once enough frames exist, the buffer be-
comes the probe compared against stored gait signatures.
Both loops feed the decision layer, which routes each ob-
servation through a staged test and either binds it to an ex-
isting persistent ID, spawns a new one, or holds a set of
hypotheses. The output has two streams: the observation
stream (boxes from current detections, MOT-comparable)
and the belief stream (a continuous predicted trajectory for
every non-parked ID, every frame).

2.1. The decision layer

For each observation, the layer applies in order: (1)
Gate—is the box inside the predicted growing-uncertainty
region of an existing ID’s ghost? The gate radius is

motion_reid: two-loop architecture with hypathesis-holding 162
S, M ] 163

o 164
165
166
167
168
169
170
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172
Figure 1. Architecture: detection — fast loop (SORT-lineage173
temp tracks + ghost prediction) — slow loop (pose buffers, ca-174
denced ST-GCN signatures) — decision layer (gate — structuraly7s
— motion-signature — bind/spawn, with hypothesis-holding) —17¢
observation and belief streams. 177

178
179

B

base + growth x frames_missing, capped at base + growth ><
parked_frames, the disk reachable at the speed ceiling be-!
fore a target is declared ghosted. (2) Structural—relative
height tolerance 30% and an absolute aspect sanity band 182
(0.08-1.15), rejecting merged blobs and degenerate boxes '8
but never a true single target. (3) Motion-signature— only 184
with >2 candidates and a pose probe: gait similarity fused1
with ghost-nearness geometry and a small trajectory- style
bonus. (4) Bind or spawn or hold—bind if the fused score
clears 0.80 and beats the runner-up by 0.10; otherwise, 1f
hypotheses are held, keep the ambiguous set open up to 32!
frames; a single structurally-failing gated detection spawns

a fresh ID; >2 gated members under one box is a pile- up

— hold, never invent an ID. Appearance is applied only as

a non-emptying prune of the candidate set (appearance_min

181

= 0.6; if pruning would empty the set, it is ignored). :g:
2.2. Ghosts, belief, and the velocity gate 196
197

Each person ID owns a PersonGhost: a per-target19s
motion model that predicts forward with velocity decay199
while unobserved, edge-parks at the exit zone when a tar-200
get leaves toward the frame edge, and grows its uncertainty201
at the target’s measured speed ceiling. The belief stream202
emits, for every non-parked ID, a box every frame: the ob-203
served box when bound, the ghost prediction while hidden,204
with the center EMA-smoothed (o = 0.6) so re-acquisition205
eases in instead of snapping. 206

Velocity-consistency gate. Under a stressed detector a207
target is missed for several frames and its uncertainty disk208
can contain an unrelated pedestrian; proximity alone then209
re-binds the wrong identity (a switch). For a ghosted 1D,210
the re-acquisition path additionally requires the displace-211
ment from the ghost’s prediction to the detection to point212
along the ghost’s predicted velocity; otherwise the layer213
holds (declines to guess) until motion evidence resolves the214
candidate. Continuous observations and parked edge-exits215
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are exempt. The gate is scoped for stress: it is OFF by de-
fault, preserving every published synthetic number, and is
enabled for deployment under low-recall detectors (§3.3).

2.3. Motion signatures

Gait: an ST-GCN embedding (14 joints, spatial-temporal
graph convolution) trained with triplet loss on 480 synthetic
identities—uniform-blind (same body, same uniform, dif-
ferent gait). Per ID, a rolling pose buffer accumulates; ev-
ery 8 frames, windows of 32 frames are embedded and ap-
pended to the ID’s signature memory (bounded at 24; old-
est dropped so a wrong early bind cannot poison identity
forever). A re-entrant ID’s fresh buffer is the probe com-
pared (cosine) against stored signatures; candidates with-
out a signature score exactly 0. Trajectory style: from
the bound-center history (bounded 48-frame window) the
layer accumulates per-ID mean speed, dominant heading
(circular mean), and turning energy; the motion-style match
(0.55 - speed + 0.45 - heading) is fused into the bind score
at weight 0.10 and requires >16 observed frames—an un-
proven profile can never win on motion.

2.4. Group-level pile-up tracking

When one observation carries several co-located member
identities (a merged pile blob), per-frame identity resolu-
tion is impossible; the system instead tracks the group: the
blob is one observed entity that carries the members’ identi-
ties through the merge (every member stays alive, no spawn
cascade on split), each member’s prediction is returned to
its own side of the pile, and emerging identities re-bind on
split by velocity-direction agreement plus proximity. Mem-
bers within 90 px of the pile centroid are grouped; observa-
tions within 20 px of the centroid count as the blob itself.

3. Experimental Protocol
3.1. Synthetic hard segments

Seven scenarios (300-420 frames), rendered through
a detector emulator that injects realistic failure modes
(merge-blobs at crossings, missed small/fast objects, mo-
tion blur): identical-uniform twins crossing; a walker be-
hind a pillar; out-of-frame exit/re-entry at a different posi-
tion; a ball behind a pillar mid-flight; four identical walk-
ers merging into one blob; six identical walkers with re-
peated merges; and a control with differently colored walk-
ers. The hard segment of each scenario is the exact frame
range containing the interruption. Metrics are computed on
hard segments only unless stated. Trackers: motion_reid
vs. SORT [3], DeepSORT [14], ByteTrack [|8]—all share
identical detection streams (20 seeds). Paired Wilcoxon
signed-rank tests over the 20 paired seeds, Holm-corrected
across the family of comparisons.

CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

3.2. MOT17 public-detection protocol 2;:’

Standard public-detection protocol: FRCNN det . t xt272
boxes at conf > 0.3; counted pedestrians only (class 1, conf273
1); ignore-region boxes removed; each sequence rescaled s0274
the median pedestrian height is 100 px—a fixed global scale275
matching the decision layer’s pixel tuning, applied identi-276
cally to every tracker. Hard segments are frames where any277
counted pedestrian has GT visibility < 0.5. Two transfer27s
constants are data-derived globally (one value for all se-279
quences, from MOT17 train statistics at the canonical per-280
son scale): gate growth 8.0 px/frame (GT p95 displacement)281
and speed ceiling 12.0 px/frame (1.5x p95); leave-one-out282
validation re-derives them per fold with unchanged con-283
clusions (§4.4). Metrics: MOTA/IDF1/IDSW via motmet-284
rics [12] and HOTA [9]. 285

286
3.3. Detector-stress protocol 287

Real YOLOvVS8-pose detections (yolov8n, imgsz 640) on, 288

the MOT17 sequences were cached against the FRCNN
boxes; a detector stream at the observed ~30-35% re-
call (median person ~34 px tall at 640 imgsz) is the stress
regime. The velocity gate (§2) is enabled for motion_reid.
A separate recall sweep subsamples the FRCNN stream 204
uniformly to 100/80/60/40% of detections (measured reca11295
0.90/0.72/0.54/ 0.36 on MOT17-04) on all seven train se-
quences to measure how each tracker degrades with recall.

290

297
3.4. Self-calibration 298
299

A deployable system must not need ground truth to300
set its own parameters. We measure per-frame cen-301
ter displacement of the filtered, rescaled detection stream302
by greedy nearest-neighbor matching between consecutive303
frames (within 40 px); gate growth is set to the p95 of those304
displacements, and the speed ceiling to 1.5x that. The305
result is compared against the published GT-derived con-306

stants. 307
308
3.5. Channel-calibration audit 309

. ..310
For any tracker with an appearance channel, the audit
compares the tracker on identical streams with the chan-
nel on vs. off (or attached vs. detached). The channel is
. L. 313
flagged untrustworthy if removing it does not lower IDFl31
(i.e., the channel’s net contribution to identity accuracy is

non-positive) 315
b . 316
3.6. Deployment pipeline :;

run_pipeline.py is the zero-curation deployment319
path: raw FRCNN detections — filters (conf, class, ignore320
regions, canonical rescale) — tracker — MOT-format sub-321
mission files. No ground truth, no manual post-processing,322
no per-sequence constants. 323
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Table 1. Hard-segment IDF1/IDSW, 7 scenarios x 20 seeds Table 2. Ablations, hard segments, 20 seeds (IDF1/IDSW mean). 378
(mean). Best per row bold. scenario full — gait —app. —traj. 379 —phys.
scenario motionreid  SORT  DeepSORT  BYfeItack — 929/00 095100 092900  0.948/0. g, 0929/0.0
crossing (twins) 0.929/0.0 0.893/0.7 0.927/0.2  0940/¢dan  0.924/0.1  0.924/0.1  0.924/0.1  0.924/0. 82 0.924/0.1
occlusion 0.924/0.1 0.321/3.2 0.937/0.1 0T3S0y 8 0.912/0.0 0.912/0.0 0.912/0.0 0.912/0.&83 0.912/0.0
reentry 0.912/0.0 0.904/0.1 0.951/0.0 OoRBU/01 081700 081700  0816/0.1  0.817/0. Joa 0.817/0.0
ball 0.817/0.0 0487/3.9  0.6430.0 0%88%.5 0467/149 0479147 0467150 04751635 0.467/14.9
0.430/52  0.430/52  0.438/5.7  0.425/5.885 0.430/5.2
dense 0.467/14.9  0.393/402  0.547/19.9 0. %ﬁ‘%g 0.678/10.3  0.688/8.0 0.578/13.1 0.673/10.386 0.678/10.3
pileup 0430/52 0557770  0.605/7.8 03d)Eo o oReRs e ¢ — :
distinct (control)  0.678/10.3  0.605/12.0  0.824/2.8  0.627/12.1 358

4. Results

4.1. Synthetic hard segments: zero switches
through the interruptions that break appear-
ance

Table 1 reports hard-segment IDF1/IDSW (mean over 20
seeds). motion_reid and DeepSORT are the only trackers
that stay at (statistically) zero IDSW through every inter-
ruption: 0 switches in 20/20 seeds on re-entry, the ballistic
ball, and the identical-twin crossing, and exactly one switch
in a single seed on the occlusion segment—while SORT
and ByteTrack switch on occlusion in every seed (means
3.2 and 2.8) and SORT switches in all 20 ball seeds (mean
3.9). The ball result is the cleanest statement of the the-
sis: an object with no usable appearance, re-bound purely
by physics-trajectory prediction (IDF1 0.817 vs. 0.668 best
appearance baseline). The identical-twin crossing—the sce-
nario appearance cannot resolve—is solved by the geomet-
ric gate before gait is consulted.

The losses are reported as honestly as the wins. Deep-
SORT wins IDF1 on occlusion, reentry, and the dis-
tinct control by leaning on color, exactly where ap-
pearance is genuinely informative; and in dense/pileup
scenes the hypothesis-holding policy costs dense-scene
IDF1 (0.467/0.430 vs. 0.547/0.605) in exchange for dra-
matically fewer switches (14.9/5.2 vs. 19.9/7.8)—a deliber-
ate, quantifiable trade.

After Holm correction, motion_reid beats or matches
each baseline on 12/21 IDF1 and 7/21 IDSW comparisons,
and every comparison with a large mean gap is signifi-
cant (Proim < 0.04). The mechanism claims are individ-
ually significant: disabling hypothesis-holding raises dense
IDSW with promm = 4 x 107%; removing appearance col-
lapses distinct IDF1 with pyoim = 0.008; the zero-switch
crossing claim vs. the worst baseline survives (Phoim =
0.013); the group-level cluster gain on pile-up is positive
but not significant (p = 0.085; its real-data payoff is §4.4).

4.2. Ablations: what carries the result

Table 2 ablates exactly one subsystem at a time. Two
findings dominate. = Hypothesis-holding is the load-

bearing mechanism: removing it explodes IDSW (dense389
14.9-84.4, pileup 5.2—17.4, distinct 10.3—19.6)—390
“decline to commit until the motion evidence resolves it” is3%1
what delivers the spec’s core criterion. Its cost is equally392
stated: decisive commitment posts higher raw IDF1 in393
pileup and distinct (0.488/0.784 vs. 0.430/0.678) and lower394
in dense (0.408 vs. 0.467), paid for in switches. Gait and39°
appearance are contributors, not oracles: removing gait396
leaves crossing IDF1 higher (0.929—0.951)—synthetically397
the gait channel is ~neutral because geometry suffices398
wherever pose could help; removing appearance collapses399
the distinct control (0.678—0.578, prom = 0.008) and*00
changes nothing on identical-uniform scenarios. Group-*01
level pile-up tracking raises pile-up hard IDF1 by +4.5 pp*02
(0.385 no-cluster — 0.430 full, p = 0.085, not signiﬁcant)4°3
at a small switch cost (5.2 vs. 4.4); where piles are rare it jg404

slightly negative (dense —0.8 pp, distinct —2.8 pp IDF1). 405
406
4.3. Identity continuity as a path property 407
408

An identity that survives an interruption by disappearing 409
and reappearing elsewhere is re-tagging, not tracking. The 410
belief stream makes continuity measurable: a per-ID trajec-,, ,
tory of boxes emitted every frame, through occlusion (ghost,,,
prediction) and into re-emergence (EMA easing, bounded 413
lag, no snap). Over all seven scenarios x 20 seeds: zero,,,
interruptions, zero teleports, mean single-frame belief jump,,, 5
21.7 px (max 53.5 px). The same metric on the observation
streams shows tens to hundreds of holes for every tracker,
and the largest baseline re-emergence jump reaches ~1.9 x
ours (DeepSORT’s scenario-level max 77 px vs 41 px).

416
417
418
419

4.4. Real-data transfer: the mechanism survives,jz?

the uncalibrated channels do not 422

Box-only protocol. With gait and appearance dormant,423
the geometry-only system loses to every modern tracker on424
absolute IDF1 (mean hard-IDF1 0.333 vs. 0.493-0.522;425
Table 3)—the honest ceiling of a pure-geometry gate on426
real footage, and it quantifies what the identity channels are427
for. On the standard full-sequence protocol the geometry-428
only gap concentrates exactly where the thesis predicts:429
MOTA trails the baselines by only ~0.08 (0.422 vs. 0.496—430
0.497), while IDF1—the identity metric—trails by ~0.19431
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432 Table 3. Box-only MOT17 hard-segment IDF1/IDSW (7 train se- Table 4. Hybrid MOT17, 7 sequences, hard-segment totals. 486

433 quences, identical FRCNN boxes). run IDF1  IDSW in@%retation

22‘5‘ sequence  motion_reid SORT DeepSORT  ByteTrack full 0324 995 both ch468 ols + clusters

436 02 0.304/43 0.356/11 0.411/17 0.385/11 +re2.11-skeleton gait 0.326 1,000 robust to rea}‘ eletons (p = 0.
04 0.410/26 0.558/0 0.625/0 0.561/0 —gait 0.322 1,039 pose coverage 0—41%

437 05 0264/57 055210  0.543/23  0.554/9 _appearance 0332 532 uncalibrated gat@ ' ~47% of sw

438 09 0.397/39 0.503/0 0.597/5 0.501/2 —trajectory 0326 1,019 stftalf positive

439 10 0.328/99  0.440/105  0.417/131  0.429/93 —cluster 0.300 1,265  clusters remove #4% of switches, 1

440 11 0.291/67 0.543/19 0.587/23 0.543/20 SORT (same stream) 0.493 263 ignofdappearance

441 13 0.337/202 0.495/118  0.477/194 0.498/100 ByteTrack (same stream) 0.496 235 ignodS85ppearance

442 mean 0.333/533  0.493/263  0.522/393  0.496/235 DeepSORT (same stream)  0.458 309 trusts appgasmnce—degrade

443 497

444 Table 5. Leave-one-out transfer-constant validation (motion_reid,498

445 (0.335 vs. 0.497-0.525). Leave-one-out re-derivation of the box-only, hard segments). Fold constants re-derived from the other499

446 two transfer constants (fold range gate growth 8—18) moves six sequences. 500

447 motion_reid’s mean hard-IDF1 to 0.287 4+ 0.063 with 534 setting mean hard-IDF1  total IDSW 901

448 IDSW vs. 0.333/533 fixed: t.he same .ceiling, the same or- fixed constants (8.0/12.0) 0.333 533 502

449 dering (Table .5). The baselines, Wh{ch do not use these leave-one-out folds (8_18/)  0.287 -+ 0.063 534 503

450 constants, are identical under both settings. 504

451 Hybrid pipeline and the calibration finding. FR- 505

452 CNN boxes + YOLOvS-pose keypoints (IoU-inherited) 506

453 + ImageNet-pretrained MobileNet-v3 appearance embed- transfer is the architecture: the appearance gate is a support-5g,

454 dings [8]; DeepSORT receives the same embeddings, so ing prune, so disabling a bad channel costs nothing. Gaitgpg

455 every tracker gets its preferred channel (Table 4). Two find- remains positive-but-small (removing it costs 44 switches:5oq

456 ings, one constructive and one negative. 1,039 vs. 995), and the belief stream reports zero interrup-54q

457 The cluster mechanism works on real data without tions/teleports on all seven real sequences in every variant. 544

458 pose. The group-level pile-up state needs no keypoints and Detector stress: the velocity gate and the honests

459 no embeddings—only boxes and motion. On the identical floor. Under the real YOLOV8-pose stream (recall ~30-513

460 FRCNN stream it cuts identity switches from 1,265 — 995 35%), every tracker collapses to the detection floor; thesq4

461 (—21.3%) and raises hard-IDF1 from 0.300 to 0.324, with comparison becomes a detection-recall test, not an iden-515

462 five of seven sequences reducing switches. The two largest tity test. Table 6 reports the stress regime with the veloc-516

463 effects land on the crowded group-walking sequences— ity gate enabled for motion_reid. On MOT17-04—the se-517

464  MOT17-04 393206 (—47.6%) and MOT17-11 213—149 ~ quence where wrong ghost re-binds dominated—the gatesqg

465 (—30.0%)—while only MOT17-13, dominated by rapid re- cuts motion_reid’s IDSW from 33 to 15 and raises IDF1 bysg1g

466 entries rather than piles, regresses slightly (240—242). The 3 pp, closing the gap to SORT to 0.7pp (0.177 vs. 0.184)s529

467 paired per-sequence test is consistent but underpowered at and making its HOTA (0.599) competitive with appear-521

468 n =7 (p = 0.156), and the synthetic pile-up control shows ance trackers on the same stream (0.626/0.564/0.545). Onso9

469 the same direction (p = 0.085): the honest statistical status MOT17-02 IDFI rises 1.5 pp but a residual switch cost re-523

470 of a mechanism whose per-sequence effects are large but mains (48 vs. 13-15): the gate closes most, not all, of thesoq

471 whose 7 is small. stress gap. The gate is exactly scoped: enabled, it leavessog

472 The appearance channel is anti-informative at op- every published synthetic number unchanged on cross-526

473 erating scale. Generic MobileNet-v3 embeddings com- ing/occlusion/reentry/pileup (identical per-seed values) andsz7

474 puted on ~34px crops are not an identity embedding at trades only dense IDF1 (—2.4 pp) for IDSW (14—11). 528

475 MOT17 operating scale: same-person crops embed far A recall sweep on the FRCNN stream (uniform sub-529

476 apart, the appearance gate rejects true binds, and each re- sampling to 80/60/40%) shows the ranking does not flip530

477 jected bind is a spawn. Removing the channel removes as recall falls: on MOT17-04, motion_reid’s hard-IDF1531

478 463 of 995 switches (47%), and IDF1 rises (0.324—0.332); falls 0.410—0.283 from 100% to 80% recall while SORT532

479 the paired per-sequence test is the strongest real-data trend falls 0.558—0.469—the system is association-limited, not533

480 (p = 0.031, phoim = 0.125 at n = 7). The same recall-limited, and its remaining gap to appearance base-534

481 embeddings degrade DeepSORT identically (mean hard- lines persists at every recall level. We report this ceiling535

482 IDF1 0.522—+0.458, six of seven sequences): the finding rather than hide it: the architecture’s measured advantagess36

483 is about channel calibration, not about our system. SORT are switch-avoidance, continuity, and robustness to channels37

484 and ByteTrack, which ignore appearance, are exactly un- failure, not absolute IDF1 under ideal detections. 538

485 changed (0.493/263, 0.496/235). What does survive the Self-calibration: no ground truth needed. The two539
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Table 6. Real YOLO low-recall stream (MOTA / IDF1 / IDSW /
HOTA). Velocity gate ON for motion_reid.

tracker MOTA IDF1 IDSW HOTA
MOTI17-02

motion_reid  0.119  0.161 48 0.533
SORT 0.125  0.190 13 0.658
DeepSORT 0.122  0.192 70 0.648
ByteTrack 0.125  0.207 15 0.680
MOTI17-04

motion_reid  0.127  0.177 15 0.599
SORT 0.157 0.184 2 0.545
DeepSORT 0.156  0.232 3 0.626
ByteTrack 0.157  0.192 2 0.564

Table 7. Self-calibrated vs. GT-derived constants (box-only, hard
segments).

GT-derived (8.0/12.0)  self-calibrated (9.1/13.7)

sequence IDF1 IDSW IDF1 IDSW

02 0.304 43 0.288 36

04 0.410 26 0.354 31

05 0.264 57 0.210 56

09 0.397 39 0.400 24

10 0.328 99 0.299 106

11 0.291 67 0.225 64

13 0.337 202 0.328 163

mean 0.333 533 0.301 480

transfer constants are derivable from the detection stream
alone. Per-sequence p95 center displacements span 2.3—
29.2 px/frame; the global (median) self-calibrated gate
growth is 9.1 px/frame (speed ceiling 13.7), against the GT-
derived 8.0/12.0—within 14% with no GT anywhere in the
loop. Applied end-to-end with stream-derived constants,
the box-only run tracks the GT-derived protocol (Table 7):
hard-IDF1 0.288/IDSW 36 on MOT17-02 and 0.354/31 on
MOT17-04 vs. 0.304/43 and 0.410/26 fixed; across all
seven sequences the stream-derived run matches the GT-
derived switch total (480 vs. 533) at a mean hard-IDF1 of
0.301 vs. 0.333. A deployed system can therefore set its
own parameters from what it sees, and the residual differ-
ence is a per-sequence calibration choice (global vs. per-
stream), not a ground-truth dependence.

The channel-calibration audit as a generalizable test.
Table 8 applies the audit (§3) to every tracker’s channel
under the hybrid protocol. Both appearance-based track-
ers are flagged: motion_reid’s appearance gate adds 463
switches and lowers IDF1 (full vs. —appearance); Deep-
SORT’s appearance channel lowers IDF1 by 6.4 pp (hy-
brid vs. box-only) while trading away 84 switches—a
net-negative identity-accuracy contribution. Appearance-
free trackers are invariant by construction. The audit is
the cheap, generalizable safety test this paper argues every
MOT pipeline should run before trusting an off-the-shelf

WACV
#****
Table 8. Channel-calibration audit across trackers (identical594
streams). 595
tracker channel comparison AIDF1 S2aDSW
motion_reid appearance full vs. —appearance = —0.008 233—463
DeepSORT  appearance  hybrid vs. box-only  —0.064 —84
SORT none hybrid vs. box-only ~ 0.000 299 0
ByteTrack  none hybrid vs. box-only ~ 0.000 600 ¢
601
602
603

embedding as an association gate.

Deployment without curation. run pipeline .py604
produces MOT-format submission files for all seven se-80°
quences from raw FRCNN detections alone—no ground606

truth, no manual post-processing, no per-sequence con-597
stants (the self-calibration of §4.4 supplies the con-508
609

stants). The outputs are structurally valid MOT submissions
(frame/id/box/conf rows with tracked identities persistinge'1 0
across interruptions), demonstrating the end-to-end path the

research protocol abstracts. 612
613
5. Discussion 614
615

Appearance-first is a local optimum. Where ap-616
pearance is informative, appearance-first trackers win—617
DeepSORT’s 0.625 on MOT17-04 with an FRCNN streamé618
is the right answer for that regime. The contribution here619
is not “motion beats appearance”; it is the demonstrated,620
quantified structure of the complement: a decision architec-621
ture that keeps identity bound through exactly the interrup-622
tions where appearance carries nothing (or the wrong thing),623
with zero switches, at a measured cost in dense-scene recall,624
plus a continuous belief output that turns “the ID survived’625
from a label into a path. The two regimes are complemen-626
tary, and a production system should fuse both as primaries627
with a confidence-weighted switch. 628

The calibration finding generalizes beyond our sys-629
tem. An ImageNet-generic embedding is not an identity630
embedding at MOT17 operating scale; used as a gate it631
produced 47% of our switches (995—532 when removed,632
IDF1 rising) and measurably degraded DeepSORT. This is633
a warning for the many pipelines that adopt off-the-shelf634
embeddings with default thresholds: appearance channels635
must be calibrated to their operating scale and domain636
before they are safe to trust as association gates. The637
audit (§4.4) is the cheap test for this, and it flags both ap-638
pearance trackers it was run on. 639

The stress experiment locates the remaining gap. The640
velocity gate closes most of the detector-stress IDF1 gap641
on the most affected sequence, and the recall sweep shows642
no tracker escapes the detection floor—but motion_reid still643
trails appearance baselines on absolute IDF1 under ideal de-644
tections. The honest reading is that the architecture’s advan-645
tages (switch-avoidance, continuity, channel-robustness)646
are identity-quality properties that absolute IDF1 under647
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strong detections measures only weakly; the remaining as-
sociation gap is the headroom for calibrated appearance,
which the audit framework exists to verify before it is
trusted.

Identity is a decision problem, and the decision is
measurable. This paper turns three qualitative design ques-
tions into measured quantities: when to bind (a staged
gate with explicit thresholds), when to abstain (hypothesis-
holding: ~5.7x fewer switches, the IDF1 trade stated per
scenario), and when a channel is trustworthy (the —channel
ablation: removing it must not raise IDF1). Any tracker
can be audited on the last test. Association quality is
downstream of a decision policy, and that policy—not the
embedding—is where we argue the field’s remaining head-
room lies.

Limitations, stated. (i) All synthetic scenarios use a de-
tector emulator; the MOT17 runs use the public FRCNN
stream, and the hybrid run covers all seven train sequences
(pose-association coverage 0—41%, six of seven at <14%).
(ii) The physics subsystem is untested where it would mat-
ter most (long ballistic occlusion, multiple objects). (iii)
Gait is measured on simulated skeletons synthetically and
noisy real skeletons on MOT17; an external gait benchmark
(CASIA-B) was not reachable from the computing host.
(iv) No cross-camera long-term Re-ID is attempted. (v)
All numbers are single-configuration; hyperparameters are
fixed global constants derived from data statistics, not per-
sequence tuned, and the self-calibration procedure (§4.4)
removes even the ground-truth dependence of the two trans-
fer constants. (vi) The cluster mechanism’s real-data evi-
dence is n = 7 sequences: its per-sequence effects are large
(MOT17-04 —47.6% switches) but the paired test is under-
powered (p = 0.156).

6. Conclusion

We presented an identity architecture in which mo-
tion is the primary signal and the decision layer—not the
channel models—is the portable contribution. On syn-
thetic hard segments it sustains statistically zero identity
switches through every interruption that breaks appear-
ance; on the MOT17 public-detection benchmark the pose-
free group-level mechanism cuts identity switches by 21%
(1,265—995), self-calibration replaces the ground-truth-
derived constants with stream-derived ones, and a veloc-
ity gate closes most of the detector-stress gap. The uncali-
brated appearance channel is measured, not assumed, to be
harmful at operating scale—for two independent trackers—
and the audit that exposes it is generalizable to any MOT
pipeline. The architecture, the honest measurement proto-
col, and the two upgrade paths (calibrated appearance, real-
skeleton gait) are stated rather than assumed.
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