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Abstract. Tracking multiple non-linear text instances in videos is a complex
challenge, and most existing methods rely on supervised learning for text track-
ing. Towards multiple non-linear video text tracking, in this paper, we have pro-
posed a novel framework using Physics-Informed Path Integral Filter (PIPF), a
training-free framework that enables zero-shot video text tracking by grounding
motion in classical mechanics. PIPF formulates motion forecasting as a stochas-
tic optimal control problem, solving the Feynman-Kac path integral via Monte
Carlo sampling to minimize a thermodynamic action functional derived from the
Hamilton-Jacobi-Bellman equation. This explicitly encodes Lagrangian dynam-
ics, bounded turning, and geometric constraints, isolating motion priors from vis-
ual representations for robust, interpretable inference without any video-specific
labels or learning, which is suitable for multiple non-linear video text tracking.
A key novelty is PIPF's plug-and-play architecture, which seamlessly converts
any frozen static text detector (e.g., CRAFT or DBNet++) and foundation model
embedder (e.g., CLIP or DINOV2) into a competitive video tracker, enhancing
performance in existing architectures. By combining these with PIPF, the frame-
work handles non-linear motions, occlusions, and camera shakes effectively.
Evaluated on ICDAR 2015 Video and ICDAR 2023 DSText benchmarks, despite
of having zero video training, the proposed framework achieves comparable re-
sults with many supervised, outperforming a few older supervised methods as
well. The main strength lies in PIPF's role as a scalable Data Engine, generating
silver-standard trajectory annotations from raw videos at zero marginal cost. This
offers a rigorous, instantly deployable alternative to annotation-intensive end-to-
end supervision, with performance bounded only by the underlying detector in
extreme occlusions. The source code will be made available at
https://github.com/mdas14800-Shubham/PIPF-Paper-Repository.git.

Keywords: Video Text Tracking, Zero-Shot technique, Physics-Informed Fil-
tering.

1 Introduction

Video text tracking involves localizing textual regions in video streams while pre-
serving instance identity across video frames, which is a core capability for autonomous
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driving, augmented reality, video retrieval, document understanding, and real-time con-
tent analysis. Compared to general multi-object tracking, text tracking instances pose
extreme challenges like arbitrarily high aspect ratios, dense overlapping layouts, severe
motion blur, unconstrained orientations, and rapid appearance changes driven by cam-
era ego-motion rather than object articulation, etc. Thus, video text tracking is a chal-
lenging task.

Recent advances in video text tracking have predominantly relied on large-scale end-
to-end supervised learning [1-6]. Modern frameworks jointly train text-specific detec-
tors, re-identification networks, and spatio-temporal motion models on tens of thou-
sands of meticulously annotated video frames. While undeniably effective when abun-
dant labelled video data is available, this paradigm suffers from three critical limita-
tions: (i) prohibitive annotation cost (precise polygons on every frame), (ii) poor gen-
eralization to unseen motion patterns, blur distributions, or camera types, and (iii) ar-
chitectural complexity that hinders deployment on edge devices.

In parallel, the vision-language community has shown that powerful visual and se-
mantic understanding can be obtained without task-specific labels by leveraging large-
scale image-text pretraining (CLIP [7], Florence [8]) and static-image specialist models
(CRAFT [9], DBNet++ [10]). A natural question, therefore, arises: Can robust video
text tracking be achieved without any video-specific training whatsoever?

This work answers affirmatively. As shown in Fig. 1(a) and (b), the existing models
follow the conventional approach that uses a large number of training samples. The
proposed model does not require samples and labels for learning to determine trajecto-
ries. In addition, Fig. 2 shows that standard tracking models like Kalman motion and a
frozen CLIP-Hungarian model [7] miss the target text ID, especially for 223 and 235
frames, due to non-linear, rapid text movements. However, the proposed model detects
the target text ID accurately, irrespective of text motions in the video. This is because,
in contrast to the existing models that learn motion from linear motion models, the pro-
posed model directly imposes classical mechanics (inertia, bounded turning, image
boundary avoidance) via a stochastic optimal control formulation [11, 12] instead of
training re-identification networks. In summary, the proposed model relies on the se-
mantic invariance already captured by frozen CLIP [7] or DINOv2 [13] embeddings.
Therefore, our contributions are as follows.

(1) A novel Physics-Informed Path Integral Filter (PIPF) that formulates motion fore-
casting as a Feynman—Kac path integral over physically constrained trajectories is pro-
posed for video text tracking. (ii) A plug-and-play proposed framework that instantly
converts any frozen static text detector (CRAFT [9], DBNet++ [10]) and any founda-
tion-model embedder (CLIP [7], DINOv2 [13]) into a competitive video tracker with-
out architectural changes (iii) Unlike other methods, the proposed method can handle
multiple non-linear trajectory text instances in video (iv) To the best of our knowledge,
this is the first work where PIPF concept is used for video text tracking purpose.

The rest of the paper is organized as follows. Section 2 reviews related work. Section
3 details the proposed methodology. Section 4 presents extensive experiments and ab-
lation studies. We discuss limitations and conclusions in Sections 5 and 6, respectively.
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Fig. 1. A visual comparison of our pipeline with that of conventional methods.
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Fig. 2. Qualitative comparison of our method with baselines. Frames 223 and 235 are going through
rapid motion and occlusion for target ID. Our method PIPF (3rd row) successfully maintains the same
id while other two (1st and 2nd rows) is unable to do it. This is further discussed in the Ablation study,
Section 4.4. More video results can be found at link.

2 Literature Review

To gain an understanding of the current state of the approaches, we review here the
methods related to text tracking, including both conventional and modern techniques.

2.1 Frozen Scene Text Detection

Robust single-frame detection is the fundamental prerequisite for tracking. Early re-
gression-based methods like TextBoxes++ [14] and EAST [15] optimized anchor scales
and pixel-level regression for speed but often struggled with curve distortions. Segmen-
tation-based approaches such as PSENet [16], Differentiable Binarization (DB) [17],
CRAFT [9], and DBNet++ [10] currently dominate thanks to their ability to handle
curved and densely packed text. We treat these models as frozen priors without any
video-specific fine-tuning. In summary, there are several text detection methods for
addressing challenges of detection that are effective for single-frame or natural scene
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images, but not for video. Therefore, the scope of the models is limited to a single
frame.

2.2 Video Text Tracking: The Supervised Paradigm

Video Text Tracking has evolved from heuristic tracking-by-detection (SORT [18],
DeepSORT [19]) to fully supervised end-to-end learning. Recent transformer-based
methods [1, 2, 3] and parameter-efficient approaches [4] dominate ICDAR 2015 Video
and ICDAR 2023 DSText leaderboards by jointly learning detection, recognition, and
motion on large, annotated video collections [5, 6]. However, they remain data-hungry
and generalize poorly across domains. There are models developed in the past for track-
ing text in video that use detection and tracking of text. It is noted from the past methods
that none of the models are free-training and require labels for achieving the results. In
addition, the scope of the methods is limited to tracking a single instance with linear
motion. Therefore, the methods are not robust enough to handle real-time situations.

2.3 Zero-Shot and Foundation Models

Foundation-scale models enable perception without reliance on task-specific anno-
tations. CLIP [7] demonstrated that learning from 400 million image-text pairs yields
robust zero-shot semantics, a paradigm extended to spatio-temporal tasks by Florence
[8]. In the self-supervised vision domain, DINOv2 [13] has set a new standard for pro-
ducing discriminative visual features without text supervision. Our framework com-
bines these frozen semantic (CLIP) and geometric (DINOv2) features with physical
priors to bypass the need for task-specific training. The models used zero-shot learning
to overcome the challenge of training on a large number of samples to make the method
efficient and robust. However, these models are not tested on multiple text instances
with non-linear motions in video.

2.4  Physics-Informed Tracking and Control

To handle non-linear motion without learning, we draw on stochastic optimal con-
trol. Kappen [11] and Theodorou et al. [12] established the Path Integral (PI) control
framework, which solves non-linear control problems by weighting trajectories via a
cost functional, a method popularized in robotics by CHOMP [20]. While physics-in-
formed tracking has appeared in vision works like PhyOT [21], these often treat physics
as a regularizer for neural networks. In contrast, PIPF employs the Path Integral as the
core inference engine to forecast motion in a fully zero-shot manner. To model contin-
uous state propagation accurately, underlying state dynamics are typically anchored to
foundational stochastic parameters defined over structured motion horizons [26].

Overall, it is observed from the review on different approaches that none of the meth-
ods used the concept of PIPF for video text tracking to address the challenge of multiple
instances with non-linear motion.



3 Proposed Methodology

As noted in the previous section, tracking multiple text instances with non-linear
motions is an open challenge. To address such a challenge, we introduce a novel con-
cept, Physics-Informed-Path-Integral-Filter (PIPF), with a fully zero-shot video text
tracking framework that combines frozen detector-based polygon detection, semantic
appearance modelling using a frozen encoder model. The PIPF is proposed for motion
prediction derived from stochastic optimal control theory. We sequentially integrate
robust spatial detection, semantic re-identification, and physics-based filtering to esti-
mate trajectories T = {T;}N_,for a video sequence V = {I4, I, ..., I}, where each tra-
jectory T, = {(b,, et)};ez‘”‘gsmlencodes the spatial bounding polygon b;and semantic em-

bedding e;. The block diagram is presented in Fig. 3. The framework processes the
Input Frame t by first employing a frozen Detector and Semantic Encoder to extract
spatial polygons and normalized visual embedding. Simultaneously, the verified state
from Output Frame t — 1 (position, velocity, and reference embedding) is used to ini-
tialize Monte-Carlo Sampling, where N particle trajectories are generated via a second-
order Stochastic Differential Equation (SDE). These trajectories undergo an Action
Calculation that weights paths based on physical priors like kinetic smoothness and turn
penalties to generate a weighted Prediction ()?t|t_1). Finally, a Cost Matrix integrates
these physical predictions with the current frame's semantic detections, utilizing the
Hungarian Assignment for global association to produce the Output Frame t with main-
tained text identities.
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Fig. 3. Block diagram of the proposed model.

3.1 Scene Text Detection

Accurate spatial localization is critical for reliable embedding extraction and down-
stream tracking. We use CRAFT [9] pretrained on [22, 23] to predict pixel-wise



character region score S,and affinity score S,. The binary text instance map at pixel
p is obtained via thresholding as defined in Equation (1).

M(P) = H(Sr(p) > T, VSa(p) > Ta) (1)

where 7,.(region threshold), 7, (affinity threshold) for the CRAFT model, S, (p)repre-
sents the probability that pixela p is a character center, S, (p)indicates linkage between
adjacent characters, and I[-]is the indicator function. M (p) € {0,1}forms a binary mask
for connected component analysis.

The final bounding polygons blare generated by computing the minimal enclosing
hull for each connected component in M (p), then fitted with a minimum-area rotated
rectangle using OpenCV's minAreaRect to boxPoints, yielding exactly 4-point poly-

gons {b} € R‘*XZ}IiV:flas required by ICDAR evaluation protocol. Centroids c} =

i Zzz ) bi(k) serve as positional states for tracking.

3.2 Zero-Shot semantic Embedding

To maintain identity coherence across appearance variations (e.g., blur, scale), we lev-
erage the semantic robustness of frozen CLIP and DINOV2. For each detected 4-point
polygon b}, we extract its axis-aligned crop ci, resize to 224x224, and compute a nor-
malized visual embedding as per Eq. 2.

el = Pis(ct) € §512 2)
t i
Il Dyis(ch) I+ €
where @ is the frozen CLIP ViT-B/32 image encoder, $°'?denotes the 512-dimen-
sional unit hypersphere, and € = 10~ ?prevents division by zero. Active tracks main-
tain an exponentially smoothed reference embedding with smoothing constant «, as
per Eq. 3.

e — (1 —ay)e + a.e, where a, = 0.2 3)
Sim(e; e;) = e]e; € [-1,1] “4)

Cosine similarity is used throughout for association, shown in Eq. 4. Figure 4 shows
the strength of CLIP to form tight similar embeddings for Text Instance patches.
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Fig. 4. Shows t-SNE visualization of CLIP embeddings for a single frame. Identical text content forms
tight clusters despite viewpoint and scale changes.

3.3  Physics-Informed Path Integral Filter (PIPF)

Standard motion filters like Kalman assume linear motion with Gaussian noise, which
fails under videos having non-linearities like camera shake. We instead model each
track's centroid X, € R%as a controlled stochastic process, solving the forward predic-
tion via path integral control, a principled framework from stochastic optimal control
that marginalizes over physically plausible futures by using the Law of Least Action.
We use a fixed prediction horizon of T = 5 frames (approximately 0.2 seconds at 25
FPS), which we found sufficient to capture sharp turns and camera motion while keep-
ing computation lightweight.

State Dynamics. The state evolves under second-order double-integrator with mean
reverting accelerating noise, discretized from the continuous time Stochastic Differen-
tial Equation (SDE) as

dv = adt ++/202 dW,, da = —y,adt++/202y,dW, (52)

here W,,, W, are independent Wiener processes. The discrete form (Euler-Maruyama,
At = 1) is given in Eq. 5b.
Ve =vigtagg+n, 1~ N6,
a; = Baat—1 + Mo N, ~ N(0, Oﬁl): (5b)

Xt = Xt—l + Vt + zat_l,

with B, = e7¥2 = 0.741, y, = 0.3(acceleration reversion rate), ,, = 0.12(velocity
noise scale), o, = 0.03(acceleration noise scale). Specifically, the acceleration state
a(t) evolves as a drift-controlled Ornstein-Uhlenbeck process [26]. Because the restor-
ing force coefficient y, > 0 restricts unbounded variance expansion, the velocity vari-
ance over a finite path horizon H remains strictly bounded, preventing kinematic diver-
gence.

Path Integral Formulation. The predictive posterior over future states (horizon
H=5) is the Feynman-Kac solution to the controlled diffusion is given as follows.
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where & enumerates paths from current state to X, T = 10.0 is the temperature
(controlling exploration vs. exploitation), and S[§]is the composite action encoding pri-
ors. This formulation is derived from the Hamilton-Jacobi-Bellman equation under
quadratic costs, weights paths by their physical and perceptual plausibility.

Composite Action Functional. The Action is a simple addition of various quantities
given in Eq. 6.

S[E] = Skin + Ssem + Sroi + Stum (6)

H
Where, Sy, = Z (II Ven ||2+% Il ag,p IIZ) At is the Kinetic/Control Cost (min-
h=1

imum energy principle) penalizing high speed and jerk to favor inertial motion, Sy, =
Aeem (1 — €(X¢4p) T €,ep) is the Semantic/Appearance Cost where e (X, )is CLIP em-
bedding of a 32x32 patch at the endpoint, and A, = 5.0, S, =

Aioi O ;Iz ) softplus(m — dyoi(X¢1,) )At is the Region of Interest (ROI) Boundary avoid-

ance Cost is a soft physical constraint that heavily penalizes any predicted future tra-
jectory that would leave the visible image frame with 1,;; = 120m m=5px (margin)
and d,;(x) = min(dist to boundary edges) (> 0 inside ROI, < 0 outside), and S, =
Aurn 2H_ softplus( | £(Veyn—1, Vern) | —Bmax )AL is the turn penalty which is a soft
physical prior that strongly discourages unrealistically sharp direction changes like in-

n u'v
stant 90° turns and Ay, = 12.0, Oppax = > and «(u,v) = arccos ( )

llulllivil
Monte Carlo Approximation and Prediction. We approximate Feynman-Kac so-

lution with N = 30 forward sampled trajectories (Eq. 5b.), computing weights for each
track by Eq. 7.

we=" 5 k=Y e () )
J

T

Where, Sy, is the total Action cost of the k-th sampled future path, S,,;, is the Action
of the best (lowest cost) of the N sampled paths, the importance weight of each sampled
trajectory follows the classic Gibbs/Boltzmann form (Eq. 7). By subtracting S, we
avoid numerical overflow, and the temperature T = 10.0 yields a soft decisive selection
where physically implausible paths (high Action score) like high turn penalty, boundary
violation, or large kinetic cost are exponentially down-weighted, while smooth (low
Action score), in-frame trajectories dominate the predictive distribution. The mapping
of §[&] to Eq. 7. satisfies the localized Feynman-Kac transformation [11]. This trans-
formation guarantees that the trajectory distribution smoothly linearizes the underlying
non-linear Hamilton-Jacobi-Bellman (HJB) equations, formally ensuring that the state
estimation posterior remains structurally stable and converges on the path of least ac-
tion.

The hyperparameter values are locked based on foundational Monte Carlo numerical
simulations evaluating motion under measurement noise and synthetic occlusions.

The predicted position is simply a weighted sum, shown in Eq. 8.
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Measurement Update. Upon successful association, we perform a physics-con-
sistent measurement update, the position X, is immediately corrected to the observed
detection z, (hard update), while velocity is only softly adjusted using a momentum-
preserving moving average v, < 0.8v,_; + 0.2 %, This respects physical inertia
(no instantaneous velocity jumps) and is the direct discrete-time analogue of the “con-
trol” step in stochastic optimal control. By resetting the positional state to the high-
confidence detection while smoothing the first-order derivative (velocity), PIPF elimi-
nates the cumulative drift inherent in recursive filters without sacrificing the smooth-
ness of the trajectory. In Fig. 5 shows that our PIPF motion model beats the standard
motion model of Kalman at a sharp 90° turn, of GT, made synthetically.

(a) Trajectory Comparison on Abrupt 90° Turn (b) Euclidean Tracking Error

=+ Ground Truth
—— Kalman Filter (constant velocity)
“ PIPF (Ours)

—— Kalman Error
PIPF Error
Turn Region

8

[Qvershoo( |
prarshoot)

T

H
Error (pixels)

¥ Position (pisels)

/

—io o It ) B a 0 ) [ H 10 5 20 s 0
X Position (pixels) Time Step (Frame)
Sharp 90° Turn

Fig. 5. (a) This indicates how Kalman overshoots at a sharp turn while PIPF does not. (b) shows PIPF
gives zero error though out, Kalman error explodes at the turn. (Use 200% zoom for better visibility)

3.4  Global Data Association and Track Management

At frame t, let T;_, be active tracks and D, = {zg , eg }?’ilbe detections. We form a cost

matrix C € RVt-1Nt a5 Eq. 9.
I & —z/ |
C;=(-ele; ) +05 ——2 ©9)
o-diaL‘g
where Ogiag represents the diagonal image, rendering the metric invariant to video res-
olution, its value is taken to be 1000 for steady computation purposes. Optimal assign-
ment is done via Hungarian Algorithm (Jonker-Volgenant), shown in Eq. 10.
" =argmin ) Cj.p (10
lﬂ.’
Matched tracks are updated, unmatched tracks coast via PIPF, gain age every time, until
age =45, and are terminated.
For better understanding, pseudocode of the proposed method is given in Algorithm 1.

Algorithm 1: Physics-Informed Path Integral Filter (PIPF)
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Input: Video sequence V = {I;}T_,; Frozen Detector D; Frozen Encoder ®; Hyperparame-
ters: T, T, N, a,.
Output: Set of trajectories T'.
1. Initialization: Set active tracks T, ;4. < @, globaltrackID k « 0.
2. For each frame [, € V do:
» Detection & Feature Extraction:
= Extract polygons {b}} using D. Filter detections by confidence score
= For each polygon b}, compute normalized visual embedding e} via
d.
»  Physics-Informed Motion Forecasting (PIPF):
=  For each track t, € T ;.. do:
¢ Initialize = N particles  from  current  state
(Xe-1)Veo1, Q1)
¢+ For each particlen € {1 ...N} do:
e Sample future paths via discretized SDE
over horizon T
e  Calculate Composite Action S[,]
¢+ Compute importance weights w,, as eq. 7
¢+  Forecast predicted position X¢¢—1
=  Global Data Association:
¢+ Construct Cost Matrix C
¢+ Solve optimal assignment m* via the Hungarian Algo-
rithm
=  Track Management & State Update:
¢+ Matched Tracks:
e  Update position x; « z+ (hard update).
Zt—Xt—1

e  Soft-update velocity vy < 0.8v,_; + O'ZT

to respect inertia.
=  Unmatched Detections: Initialize new tracks, age=0; k « k + 1.
=  Unmatched Tracks: Increment track age; "coast" using the PIPF
prediction.
=  Termination: Delete tracks where age > 45 frames.
3. Return Final trajectories T

4 Experimental results

4.1 Datasets and Evaluation Metrices

We evaluate two standard video text benchmarks: ICDAR 2015 Text in Video, which
contains 49 videos (25 Training and 24 Test set videos), and contains relatively smooth
camera motion, sparse text, etc., [CDAR 2023 DSText, which contains 100 videos (50
Training and 50 Test). The second dataset is relatively more challenging and contains
dense and small text, like gaming, sports videos, etc. It also often shows heavy motion
and blur, making it an ideal test data for zero-shot methods.

Performance is measured using the official CLEAR MOT metrics, which are MOTA,
MOTP, and IDF1 [24, 25]. All metrics are computed on the official evaluation servers
using submitted XML tracks. To quantify the trade-off between performance and an-
notation cost, we introduce the Video Supervision Efficiency (VSE) index. VSE



penalises raw accuracy based on the logarithmic volume of video-specific training data
required, modelling the diminishing returns of large-scale supervision as defined in
Equation (11).

MOTA

B loglo(lo + Nframes)

VSE 11

where Nfygmes is the number of annotated frames in the video training set, its log
parametrization in the denominator is directly grounded in sample complexity bounds
[27] and empirical risk scaling laws [28]. This metric isolates the marginal value of
video supervision, where a higher VSE indicates a more data-efficient tracking para-
digm. For ICDAR 2015 Video Nfygmes = 13,400, ICDAR 2023 DSText Nygmes =
28,000. As PIPF requires no video training, therefore N¢yqpmes = 0. All experiments
are conducted on a single RTX 2080 Ti (11 GB). No video-specific training is per-
formed by us at any stage.

4.2  Plug-and-Play Experimentation results

To isolate the novelty and effectiveness of PIPF, and to demonstrate its generalization
capability, we conducted experiments by swapping detector models and embedding
models.

Table 1. Results of the plug-and-play experimentation.

Experiments ICDAR 2015 ICDAR 2023 DSText
Measures MOTA MOTP IDF1 | MOTA MOTP IDF1
DBnet + CLIP + PIPF 24.11 7341 43.64 | 23.82 75.51 4193
CRAFT + DINO + PIPF 29.05 73.73  49.03 | 21.74 71.02  41.55
DBnet + DINO + PIPF 25.86 7341 47.18 | 26.39 75.51  46.73
CRAFT + CLIP + PIPF (Baseline)  27.45 73.72  43.63 | 20.16 71.03  37.75

To validate PIPF as a model-agnostic motion interface, we systematically swapped
upstream detectors (CRAFT [9] vs. DBNet++ [10]) and semantic embedders (CLIP [7]
vs. DINOv2 [13]). This plug-and-play evaluation isolates PIPF's role, confirming it
translates static model upgrades directly into tracking gains without modifying the path
integral motion model, as shown in Table 1.

Superiority of Self-Supervised Features: Across benchmarks, DINOv2 consist-
ently outperforms CLIP on ICDAR 15 and DSText in terms of IDF1. This highlights a
key insight for zero-shot tracking: DINOv2's patch-level, geometrically self-supervised
features provide finer-grained discrimination for visually similar text under occlusion,
surpassing CLIP's global, language-aligned vectors. Detector Sensitivity and Domain
Fit: PIPF's performance is bounded by the detector's domain alignment, but the motion
model adapts robustly. On ICDAR 2015, CRAFT's character-level affinities excel for
curved text compared to DBNet++ in terms of MOTA. On dense DSText, DBNet++
prevails over CRAFT in terms of MOTA. This shows PIPF as a stable interface that
scales with detector quality via simple frontend swaps. New Zero-Shot Baseline: The
DBNet++ + DINOv2 combo sets a zero-shot SOTA, with 25.86 MOTA /47.18 IDF1
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on ICDAR 2015 and 26.39 MOTA / 46.73 IDF1 on DSText vs. baselines like CRAFT
+ CLIP (20.16 MOTA / 37.75 IDF1). This establishes PIPF as a scalable Data Engine,
generating high-fidelity silver-standard trajectories from raw videos at zero training
cost.

4.3 Comparative study

We compared PIPF with some SOTA, shown separately for the two benchmarks.

Table 2. Comparison on ICDAR 2015 video data

Methods Supervision IDF1 1 MOTPt MOTA 1 VSE?

AJoUu” Video-trained  36.07 72.71 16.44 3.98

SRCB2 Video-trained ~ 39.4 68.51 23.09 5.59
HIKocr? Video-trained ~ 57.92 76.78 43.16 10.45
TransDETR? [2] Video-trained  65.33 74.01 48.86 11.83
CoText*[3] Video-trained  67.4 73.6 50.3 12.18
GoMatching++ [4] Video-trained  72.87 77.94 62.41 15.12
CRAFT + DINO + PIPF No training 49.03 73.73 29.05 29.05

CRAFT + CLIP + PIPF (Baseline)  No training 43.63 73.72 27.45 27.45

Table 3. Comparison on DSText data

Methods Supervision IDF11 MOTP1 MOTA 1 VSEt

TextTrack? Video-trained 50.22 74.03 25.75 5.79
TransDETR™ [2] Video-trained  55.61 77.15 39.98 8.99
GoMatching++[4] Video-trained  58.44 80.01 48.0 10.79
TencentOCR? Video-trained 75.87 79.88 62.56 14.07

DBnet + DINO + PIPF No training 46.73 75.51 26.39 26.39
CRAFT + CLIP + PIPF (Baseline) No training 37.75 71.03 20.16 20.16

We compare PIPF against supervised SOTA methods on ICDAR 2015 Video and
2023 DSText benchmarks in Tables 2 and 3, respectively. All baselines are trained end-
to-end on video splits (~13k frames for ICDAR1S5, ~28k for DSText), while PIPF uses
zero video training. The PIPF achieves the best VSE on both datasets compared to ex-
isting models. This justifies that the proposed model is efficient due to zero video train-
ing. However, the PIPF closes a sufficient IDF1 gap to SOTA, performing better than
some old supervised methods, demonstrating physics priors' power for zero-shot pattern
recognition in motion. PIPF achieves almost equal MOTP, falls short of outperforming
the SOTA on MOTA and IDF1 scores because it is completely untrained on the specific
video sequence domain, but still achieves comparable results to the SOTA, whereas in
Data efficiency, PIPF performs almost double better to that of the supervised models.
Therefore, one can conclude that the proposed model is very data-efficient but at the
cost of accuracy. Also, PIPF is Detector-Agnostic, a better off the shelf can be plugged
into it to improve the results, as shown in Table 1, leaving room for improvement in
future. (Scores taken : “ICDAR leaderboards , *from [4])
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4.4  Ablation Study

To validate the contributions, we conducted an ablation study using two zero-shot
variants with our PIPF on the same CRAFT detection and CLIP embeddings pipeline.
The variants are designed to be orthogonal in purpose: (i) Kalman Motion. Uses pure
geometric motion modelling via a constant-velocity Kalman filter with loU-based Hun-
garian association, (ii) Appearance-Hungarian. It uses semantic discrimination using
CLIP cosine similarity with Hungarian assignment and exponential embedding smooth-
ing. It is essentially PIPF without its motion model, (iii) PIPF (Ours). It integrates
both orthogonal aspects via physics-informed path integral control (Section 3.3), where
motion priors guide predictions, and CLIP embeddings inform association. Results are
reported separately for each dataset to highlight domain-specific behaviours (Table 4).

Table 4. Ablation on the ICDAR 2015 video and DSText

Steps ICDAR 2015 ICDAR 2023 DSText
Measures MOTA? MOTP? IDFI1t FPSt | MOTAt MOTP7 IDFI1t FPSt
Kalman Motion -10.86 73.61 36.64  3.96 -31.6 70.25 17.66  0.25
Appearance-Hungarian 22.65 73.67 40.8 6.1 15.87 70.96 35.02  3.59
Proposed 27.45 73.72 43.63 049 20.16 71.03 37.75 1.76

On both benchmarks, the constant-velocity Kalman baseline collapses to —10.86 /
—31.6 MOTA, indicating thousands of identity switches because linear extrapolation
cannot cope with handheld jerk, sharp turns, or border cropping. Replacing motion with
pure CLIP-based appearance + Hungarian assignment recovers by exploiting CLIP’s
remarkable invariance to blur, scale, and partial occlusion. However, without any no-
tion of inertia or velocity, it still suffers severe trajectory fragmentation in long occlu-
sions and crowded scenes, yielding 15-22 % MOTA and IDF1 limited to ~35—40, per-
forming better than the Kalman.

PIPF outperforms both ablations by +4.8 MOTA /+4.3 MOTA and +2.8 / +2.7 IDF1
points than the 2™ best indicates the least identity switches of the three as CRAFT and
CLIP (when applicable) remains the same. These gains arise directly from the path in-
tegral’s exponential weighting (Eq. 7), which concentrates probability mass on low-
action trajectories that respect kinetic smoothness, bounded turning and image bound-
ary avoidance. Also, on DSText benchmark for increasing FPS and disabling forward
CLIP prediction still yields +4.3 MOTA over appearance-only, proving that pure phys-
ical priors are sufficient for robust dynamics modelling. This better performance comes
at the cost of FPS, as shown in Table 4. All the ablations use the same CRAFT model,
which is not fine-tuned on the evaluation data. Due to this zero-shot nature, overall,
MOTA remains low, leaving room for improvement.

4.5 Limitations

Although PIPF is fully zero-shot and already beats few supervised trackers, two
practical aspects remain open: both are engineering opportunities rather than funda-
mental barriers: (i) Inference speed in ultra-dense scenes DSText frequently exceeds
100 simultaneous text instances. Our Monte Carlo sampling (N=30 paths per active
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track) currently yields 1.76 FPS on an RTX 2080 Ti. Remarkably, activating the adap-
tive 'Pure Physics' mode (A, =0) not only stabilizes association in extreme clutter but
doubles speed. This confirms that our physical priors alone are sufficient in the hardest
regimes, paving the way for lightweight distillation of the path-integral policy into a <5
ms neural proxy for 15 to 25 FPS real-time deployment (ii) Upper bound by single-
frame detection like all tracking-by-detection paradigms, PIPF inherits the recall of the
frozen CRAFT detector. Prolonged severe motion blur or low-contrast text still causes
missed detections and fragmentation. However, because our motion model is training-
free and physically grounded, it naturally invites plug-and-play upgrades with any fu-
ture zero-shot or weakly supervised text spotter without retraining the tracker itself.

5 Conclusion and Future Work

We presented PIPF, a training-free Physics-Informed Path Integral Filter that achieves
competitive video text tracking solely from frozen static detectors and foundation-
model embeddings. By formulating motion forecasting as stochastic optimal control
under classical mechanics priors, PIPF achieves comparable results with double data
efficiency over the supervised models. Our results validate an underexplored yet pow-
erful direction: first-principles physics combined with modern foundation models can
serve as an interpretable, instantly deployable, and infinitely upgradable alternative to
massive end-to-end video supervision. PIPF not only closes a large portion of the per-
formance gap but also acts as a scalable Data Engine that turns any unlabelled video
archive into high-quality trajectory annotations for free. Future work includes distilling
PIPF for real-time deployment, into a lightweight, feed-forward neural proxy network
(e.g., a fast MLP or small RNN policy). We believe physics-informed paradigms will
play a central role in the next generation of efficient and trustworthy video perception
systems.
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