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Abstract

Game State Reconstruction (GSR) aims to reconstruct
the 2D positions and identities of all athletes from
broadcast soccer videos, requiring robust tracking, lo-
calization, and identity association under dynamic and
unconstrained camera motions. We propose a modu-
lar GSR framework that integrates a multi-task keypoint
and line detection model with an optimization-based
homography estimation module. This approach lever-
ages dense geometric cues from lines, circles, and key-
points to achieve robust spatial localization on a frame-
by-frame basis, providing reliable alignment in diverse
broadcast scenarios. To address identity consistency,
we use appearance-based re-identification and a vision-
language-guided tracklet refinement strategy to reduce
ID switches and enforce temporal coherence. Com-
prehensive ablation studies validate the contribution of
each component, and our framework achieves state-of-
the-art performance on the SoccerNet-GSR benchmark,
outperforming existing baselines by a significant mar-
gin. The proposed framework demonstrates strong ro-
bustness, generalization across scenes, and practical
utility for structured game understanding in real-world
broadcast sports analytics.

1. Introduction

Game State Reconstruction (GSR) is an emerging and
impactful task in sports analytics that aims to produce a
structured understanding of a match by localizing play-
ers on the pitch and identifying their jersey numbers,
team affiliations, and tactical roles. Unlike standard
multi-object tracking, GSR goes beyond trajectory es-
timation to recover a semantically rich and spatially

*Equal contribution.

grounded representation of the game. This holistic un-
derstanding unlocks a wide range of applications, in-
cluding automated analytics, strategic evaluation, and
immersive fan experiences. Soccer presents a partic-
ularly challenging testbed for this task due to its fast-
paced dynamics and frequent visual ambiguities present
in broadcast footage. Recent progress has been driven
by the availability of large-scale public datasets and
benchmarks [9–11, 14], which have catalyzed research
in scalable, automated game understanding.

Achieving accurate GSR, however, remains highly
challenging due to several factors: frequent occlusions,
motion blur, varying camera viewpoints, and visually
similar player appearances (e.g. identical jerseys across
teammates), all of which complicate consistent tracking
and identity resolution. Addressing these challenges re-
quires the careful integration of multiple vision compo-
nents, including multi-object tracking [3, 10, 12, 19, 40,
46, 50], player re-identification (ReID), sports field reg-
istration [6, 16, 22, 32, 33, 37], and fine-grained athlete
identity recognition [2, 5, 24, 44, 45]. The GSR Baseline
[39] offers a strong starting point, but it struggles with
spatial misalignment and frequent identity switches, par-
ticularly under visually ambiguous or occluded condi-
tions. These limitations motivate the need for a more
robust and modular framework capable of jointly ad-
dressing localization, tracking, and identity reasoning in
broadcast sports video.

To address these challenges, we propose a modular
framework that achieves state-of-the-art results on the
SoccerNet-GSR benchmark [39]. Our system follows a
tracking-by-detection paradigm, using YOLOX [13] for
player detection, DeepEIoU [20] for trajectory linking,
and OSNet [52] for appearance-based re-identification.
To enhance identity consistency across tracklets, we in-
troduce a split-and-merge tracklet refinement strategy
guided by identity cues from a single vision-language
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model (VLM). In contrast to prior approaches [15, 39]
that rely on separate classifiers for role, team, and jer-
sey number, we formulate identity recognition as a vi-
sual question answering (VQA) task. A generative VLM
[1, 30, 47] is prompted with natural language queries
over cropped player images to jointly predict multiple
identity attributes. For sports field registration, we pro-
pose a homography estimation approach based on a uni-
fied optimization that integrates dense geometric cues
including lines, circles, and keypoints.

The main contributions of this paper are as follows:
1. A state-of-the-art modular framework for GSR that

integrates detection, tracking, identity recognition,
and sports field registration into a unified pipeline,
enabling robust analysis of broadcast soccer videos.

2. Achieving state-of-the-art performance in sports field
registration on the SoccerNet-GSR benchmark, our
joint optimization effectively leverages keypoints,
lines, and circle constraints.

3. A tracklet refinement strategy leveraging VLM-
predicted identity cues to reduce ID switches and en-
hance temporal coherence of tracklets.

2. Related Work
2.1. Game State Reconstruction
Game State Reconstruction (GSR) from broadcast soc-
cer videos aims to estimate the positions and identities of
players in a top-view pitch coordinate system. Somers et
al. [39] introduced the first end-to-end minimap recon-
struction pipeline under the SoccerNet benchmark [7–
9, 11, 14, 31], combining detection [4, 13, 35, 36, 51],
tracking, re-identification [17, 29, 38, 52, 53], and sports
field registration to provide structured game state out-
puts. Building upon this, Golovkin et al. [15] proposed
improvements in camera calibration, spatial alignment,
and identity continuity, achieving state-of-the-art perfor-
mance on the GSR task.

2.2. Sports Field Registration
Sports field registration is essential for projecting player
positions onto the pitch under challenging broadcast
views. TVCalib [42] performs 3D calibration using
line and circle reprojection error without keypoints.
NBJW [16] directly estimates 3D camera parameters
from hierarchical keypoints using DLT and RANSAC in
a minimalist geometric setup without refinement. Oo et
al. [33] also use DLT and RANSAC for initial homogra-
phy estimation, but refine it via a refinement network.
BroadTrack [27] integrates optical flow with detailed
camera models for smooth tracking, while Magera et
al. [28] resolve under-constrained views via conic fitting
on circular markings. In contrast to these approaches,
our work introduces a unified, optimization-based ho-

mography framework that robustly integrates dense ge-
ometric cues from lines, circles, and keypoints within a
single objective, enabling accurate frame-wise estima-
tion without reliance on temporal priors or complex 3D
camera models.

2.3. Athlete Identification
Consistent identity tracking remains a core challenge
in GSR. Traditional appearance-based ReID methods
[52, 53] often struggle under occlusions and uniform
similarity. Jersey number recognition offers a more ro-
bust alternative. Early work by Chan et al. [5] com-
bined CNN-LSTM architectures, while Balaji et al. [2]
selected keyframes with clear jersey visibility. Re-
cent approaches employ transformers [24, 44] or vision-
language models [17] under weak supervision. PRTreID
[29] learns foreground embeddings from body parts and
jointly predicts player role and team affiliation through
multi-task learning. Other recent approaches [15, 39]
use separate models per identity attribute, such as jer-
sey number, role, and team. In contrast, our approach
is jointly predict all three identity cues using a single
vision-language model. This unified design simplifies
the pipeline, removes the need for task-specific modules,
and enables more coherent identity reasoning via shared
visual-language representations in GSR task.

3. Methodology

Our proposed framework (Fig. 1), Broadcast2Pitch, re-
constructs structured game states from broadcast soc-
cer videos using a modular pipeline. It consists of
five key components: 1) player detection and tracking,
2) sports field registration via keypoint and line detec-
tion and homography estimation, 3) athlete identifica-
tion, 4) identity-aware tracklet refinement using a split-
and-merge strategy, and 5) post-processing. We adopt
YOLOX [13] for detection, DeepEIoU [20] for tracking,
which utilizes OSNet [52] ReID features with expan-
sion IoU for improved association. LLaMA-3.2-Vision
[30] predicts jersey number, color, and role from player
crops. Each module in the pipeline is designed to ad-
dress specific challenges in broadcast settings, including
frequent occlusions, dynamic camera motion, and ap-
pearance ambiguity due to similar uniforms.

3.1. Sports Field Registration
The goal of GSR is to localize athlete positions on a
top-view pitch. To achieve this, we estimate a map-
ping between image-space coordinates and their corre-
sponding pitch coordinates through a sports field reg-
istration process. Each athlete’s image-space position
is approximated by the bottom center of their detected
bounding box, which typically corresponds to their foot
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Figure 1. Overview of our Broadcast2Pitch framework.

position on the ground plane. This mapping is modeled
by a homography matrix H ∈ R3×3, which transforms
image-space coordinates pi ∈ R2 into pitch coordinates
Pi ∈ R2:

Pi = π(H · p̃i), (1)

where p̃i = [xi, yi, 1]
⊤ denotes the homoge-

neous image point, and π(·) denotes the projection
from homogeneous coordinates to 2D: π([x, y, z]⊤) =
[x/z, y/z]⊤.

We estimate H using a unified optimization that min-
imizes the residuals between a canonical pitch template
of standardized dimensions (e.g., 105 m × 68 m) and
dense geometric cues—keypoints, lines, and the center
circle—detected in the image. In the following sections,
we describe the keypoint and line detection network that
provides dense geometric cues (Sec. 3.1.1), and then we
present the optimization-based homography estimation
procedure that integrates line, circle, and fallback key-
point constraints (Sec. 3.1.2).

3.1.1. Keypoint and Line Detection Model
To predict pitch geometry under broadcast condi-
tions, we adopt a multi-task encoder–decoder built on
EfficientNetV2-S with an attention-gated U-Net decoder
(Residual EfficientNet–Attention U-Net [33]). The skip
connections are modulated by channel–spatial attention
gates that suppress irrelevant encoder activations and
emphasize strong geometric responses, thereby enhanc-
ing spatial sensitivity and reducing redundancy. The net-
work jointly predicts heatmaps for 97 pitch keypoints
(Fig. 2(a)) and 18 pitch lines (Fig. 2(b)) in [26], and is
trained with a heatmap regression approach.

Given an input broadcast frame I ∈ R3×H×W ,
the network outputs keypoint heatmaps

Mkpt ∈ [0, 1]97×H×W and line heatmaps
Mline ∈ [0, 1]18×H×W . The keypoint maps local-
ize discrete anchors on the field, while the line maps
capture extended geometric structure (e.g., sidelines,
penalty areas, and the center circle). Used jointly, these
two representations provide dense constraints for the
homography estimation stage.

3.1.2. Homography Estimation
In the homography estimation step, we solve for the
inverse transformation G = H−1, which maps points
from the pitch template to the image space, allowing us
to compute residuals directly where the keypoints and
lines are detected.

Line constraints. For each pitch line excluding center
circle, L (Fig. 2(b)), we extract high-confidence sam-
ples {(xL,j , yL,j , wL,j)}Nj=1 from its predicted heatmap,
Mline in Sec.3.1.1, by thresholding (τ > 0.8) and ran-
domly sampling up to N points from the remaining
high-intensity pixels; each sample retains its heatmap
value as a confidence weight wL,j .

Let ℓL be the line L expressed in homogeneous co-
ordinates in the canonical pitch template. This line is
projected to the image space as ℓ′L ∼ G⊤ℓL. For each
image-space sample p̃L,j = [xL,j , yL,j , 1]

⊤, we com-
pute a confidence-weighted algebraic line residual:

rline
L,j(G) = wL,j · ℓ′L⊤p̃L,j , (2)

which measures how well the sampled point aligns with
the projected line.

Circle (conic) constraint. Let C denote the center cir-
cle on the pitch, centered at o = (x0, y0, 1)

⊤ with radius
r (e.g., 9.15m). In the pitch template space, this circle is
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(a) (b)

Figure 2. Canonical pitch layout with keypoint and line rep-
resentations. (a) The 97 pitch keypoints (red dots) serve as
discrete anchors for localization. (b) The 18 pitch lines (col-
ored polylines) capture extended geometric structures, includ-
ing sidelines, penalty areas, and the center circle. Together,
these representations provide dense geometric cues for robust
homography estimation.

represented as a conic, defined by the matrix:

C =

 1 0 −x0

0 1 −y0
−x0 −y0 x2

0 + y20 − r2

 , (3)

which corresponds to the homogeneous form of the 2D
circle equation (x − x0)

2 + (y − y0)
2 = r2, expressed

as x⊤Cx = 0 for x = [x, y, 1]⊤.
Under homography, the conic transforms as C′ =

H−⊤CH−1 = G⊤CG. Similar to line con-
straints, we extract high-confidence samples p̃k =
[xk, yk, 1]

⊤ from the detected center circle heatmap,
Mline, each with confidence weight wk. We compute
the confidence-weighted algebraic conic residual:

rcirc
k (G) = wk · p̃⊤

k C
′p̃k. (4)

Keypoint fallback (when lines are sparse). When the
number of detected lines is insufficient, we incorporate
confidence-weighted point correspondences from pre-
dicted keypoint heatmaps, Mkpt. Let (pi,Pi, ci) denote
an image–template keypoint correspondence with con-
fidence score ci. The confidence-weighted reprojection
residual is:

rkpt
i (G) = ci ·

∥∥π(G−1pi)−Pi

∥∥
2
, (5)

Homography objective and solver. We estimate G
by minimizing the least-squares objective of lines, cir-
cle, and keypoints:

min
G

∑
L

∑
j

(
rline
L,j(G)

)2
︸ ︷︷ ︸

Lines

+
∑
k

(
rcirc
k (G)

)2
︸ ︷︷ ︸

Circle

+
∑
i

(
rkpt
i (G)

)2

︸ ︷︷ ︸
Keypoints

(6)

We initialize G using a DLT[18] estimate from at
least four keypoint correspondences (when available),

and otherwise default to the identity matrix; then re-
fine it using Levenberg–Marquardt algorithm. The hy-
brid line–conic terms anchor the global pitch geometry,
while the keypoint fallback improves robustness in cases
with sparse line visibility.

3.2. Athlete Identification
Athlete identification is a core component of GSR, in-
volving the recognition of roles, jersey numbers, and
team affiliations. These identity cues are critical in
sports scenarios where players often appear visually
similar, making traditional appearance-based tracking
ambiguous [20, 46]. We formulate identity recognition
(jersey number, color, and role) as a multimodal au-
toregressive generation task. Specifically, we leverage
LLaMA-3.2-Vision [30], an instruction-tuned vision-
language model, to estimate the conditional likelihood
of a sequence of identification tokens given both a nat-
ural language prompt and visual embeddings extracted
from cropped athlete bounding boxes:

P (x | q, v) =
T∏

t=1

P (xt | x<t, q, v) (7)

where x = (x1, x2, . . . , xT ) denotes the sequence of
identity tokens, q is the instruction prompt (e.g., ”Clas-
sify role, jersey number, and jersey color”), and v rep-
resents the visual embedding produced by the model’s
visual encoder.

Instruction-tuned VLMs offer strong visual ground-
ing and language understanding, offering several key ad-
vantages for athlete identification: 1) improved gener-
alization to unseen identity attributes (e.g. novel jersey
colors), which is essential for open-set recognition, 2)
reduced annotation and engineering overhead, as prompt
tuning enables flexible multi-task inference without re-
quiring architectural modifications, and 3) scalability
and adaptability across a wide range of sports environ-
ments and game formats.

3.3. Tracklet Refinement
After generating initial tracklets with DeepEIoU [20],
we apply a split-and-merge refinement strategy inspired
by [41], with a key distinction: rather than relying on ap-
pearance features (e.g., ReID) for splitting, we leverage
frame-wise identity predictions (jersey number, color,
role) obtained from the VLM, hence the name ID-Aware
Tracklet Refinement (IDATR). This avoids unnecessary
splits caused by unreliable ReID features under occlu-
sion—common in sports footage. For merging, we in-
corporate identity consistency in addition to the spatial-
temporal constraints of [41]. Below, we present the for-
mulation of our split-and-merge method.
Split. We observe that identity switches often arise
when a tracklet contains a large temporal gap, typically
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reflecting a player’s exit and re-entry. In such cases,
appearance- and IoU-based methods [20] often fail due
to similar visual features across players or unreliable
IoU due to large frame jumps. To address this, we split
tracklets where the frame gap exceeds a threshold τgap.
Let F = [f1, f2, ..., fN ] denote frame indices where the
tracklet appears, and let ∆f = fi+1−fi denote the tem-
poral gap between consecutive frames. We define the
split points as G = {g | ∆f > τgap}, and segment
the tracklet into [S1, S2, ..., S|G|+1]. We then evaluate
whether adjacent segments Si and Si+1 should remain
split by checking consistency in jersey number, role, and
color, using an identity inconsistency indicator, I:

I(X,Y ) =


1

if Maj(RX) ̸= Maj(RY )

∨ Maj(JX) ̸= Maj(JY )
∨ Maj(CX) ̸= Maj(CY )

0 otherwise,

(8)

where Maj(RX), Maj(JX), and Maj(CX) denote the
majority-voted role, jersey number, and color for X , re-
spectively. If I(Si, Si+1) is equal to 1, then split occurs.
Merge. After splitting, we perform a merging step to
produce coherent tracklets. Two tracklets Ta and Tb are
merged if their ReID features ra and rb are sufficiently
similar, as measured by cosine distance:

dcos(ra, rb) = 1− ra · rb
∥ra∥∥rb∥

< τcos. (9)

To ensure robustness, we incorporate the following con-
straints: (1) Spatial constraint — ∥penda − pstartb ∥2 <
τspatial, where penda and pstartb denote the spatial posi-
tions at the end of Ta and the start of Tb, respectively,
and τspatial is a spatial continuity threshold. (2) Tempo-
ral constraint — Fa ∩ Fb = ∅, where Fa and Fb are the
sets of frame indices occupied by Ta and Tb, ensuring
the same identity does not appear in multiple locations
at the same time. (3) Identity consistency constraint —
I(Ta, Tb) = 0. Formally, tracklet merge occurs when
M(Ta, Tb) = 1, where

M(Ta, Tb) =



1, if dcos(ra, rb) < τcos

∧ ∥penda − pstartb ∥2 < τspatial

∧ Fa ∩ Fb = ∅
∧ I(Ta, Tb) = 0

0, otherwise.
(10)

3.4. Post-processing
After obtaining tracklets from IDATR and LLaMA-3.2-
Vision [30], team affiliation (left/right) is inferred by
clustering jersey colors and comparing the mean spa-
tial x-position of each cluster — assuming players tend
to stay closer to their own half. While dynamic game

scenarios such as high pressing or set pieces can mo-
mentarily obscure spatial distinctions between teams,
we argue that players generally exhibit a persistent po-
sitional bias toward their own defensive half. Conse-
quently, even during dynamic phases of play, the aver-
age x-positions of players from opposing teams tend to
remain meaningfully separated over time, as offensive
advances are typically met with coordinated defensive
retreats that preserve this spatial distinction. We further
discuss the validity of our assumption in Section 4.6.
A final post-processing stage improves identity consis-
tency and team-level coherence. This includes majority
voting within each tracklet for jersey number, role, and
team affiliations, and filtering unreliable tracklets (e.g.,
tracklets with length less than 20 and detections outside
of the soccer field in pitch coordinate) to ensure robust
reconstruction.

4. Experiments
4.1. Dataset
We evaluate our GSR framework on the SoccerNet-GSR
dataset [39], which contains 200 broadcast video clips,
each 30 seconds long. It extends SoccerNet-Tracking
[9] and provides dense geometric annotations over 9.37
million line points for pitch localization and camera cal-
ibration, as well as over 2.36 million athlete positions
on the pitch, role, team, and jersey number. The dataset
is split into 57 training, 58 validation, 49 test, and 36
challenge clips.

4.2. Evaluation Metrics
GSR. We evaluate our GSR results using GS-HOTA
[39], a metric specifically designed to assess GSR by
jointly measuring detection accuracy, identity associa-
tion, and localization accuracy. Formally, GS-HOTA is
computed as follows:

GS−HOTA(P,G) = LocSim(P,G)×IdSim(P,G),
(11)

where

LocSim(P,G) = eln(0.05)
||P−G||22

r2 , (12)

and

IdSim(P,G) =

{
1 if all ID attributes match,
0 otherwise.

(13)
LocSim(P,G) quantifies the spatial proximity between
predicted and ground-truth tracklets in pitch coordi-
nates, while IdSim(P,G) penalizes the framework’s
performance if any of the three identity attributes—role,
jersey number, or team—are misclassified. This high-
lights the importance of not only accurate tracking but
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Framework Detection Tracking Sport Field Registration Athlete Identification

GSR Baseline
[39]

YOLOv8
[43]

StrongSORT
[12] TVCalib [42]

PRTReID [29] +
MMOCR [25]

Golovkin et al.
[15]

YOLOv5
[23]

DeepSORT
[46]

SegFormer [48]
+ ResNet50

OSNet [52] + ResNet-18
+ WideResNet [49]

Ours YOLOX
[13]

DeepEIoU
[20]

EfficientNet-Attention
U-Net [33]

LLaMA-3.2-Vision
[30]

Table 1. Component-level comparison of Game State Re-
construction (GSR) frameworks. The table highlights the
backbone models chosen for each core module—detection,
tracking, field registration, and athlete identification—showing
the differences between prior works and our approach.

also comprehensive identity preservation across all at-
tribute dimensions. GS-HOTA uses a 5-meter spatial tol-
erance to account for localization errors in pitch space.
As the primary evaluation metric for the SoccerNet-
GSR benchmark, GS-HOTA provides a holistic view
of system performance. In addition to the GS-HOTA,
we report its sub-metrics—GS-DetA (detection accu-
racy), GS-AssA (association accuracy), and IDF1—to
quantify our approach’s effectiveness in detecting all
relevant subjects and maintaining consistent identities
across time.
Sports Field Registration. We evaluate homography
accuracy using standard calibration metrics [26]. The
Jaccard index for calibration (JaC) measures the per-
centage of field markings correctly reprojected within
a pixel threshold; we report JaC5 and JaC10 at 5 and 10
pixels, respectively. Mean Reprojection Error (MRE)
and Median Reprojection Error (MedRE) measure the
average and median pixel distance between the projected
field markings and the ground truth. Completeness Rate
(CR) denotes the percentage of frames with a valid ho-
mography estimation.

4.3. Implementation Details
We employ YOLOX [13], trained on the SoccerNet-
Tracking dataset [9], and OSNet [52], trained on the
SportsMOT dataset [10], for player detection and re-
identification, respectively. Our keypoint and line detec-
tion model is trained for 25 epochs with a learning rate
of 1e−4 on the SoccerNet-GSR [39] train set, each re-
sized to 384×384 pixels. The LLaMA-3.2-Vision model
is fine-tuned [30] on the SoccerNet jersey dataset [8]
for just one epoch with a learning rate of 1e−5. For
the hyperparameters used in IDATR, we set τgap = 25,
τcos = 0.4, and τspatial = 0.8. All experiments are con-
ducted on a single NVIDIA RTX 4090 GPU with 24 GB
memory using the PyTorch framework.

4.4. Quantitative Evaluation
We evaluate the effectiveness of our Broadcast2Pitch
framework as well as our homography model on the
SoccerNet-GSR test set. This dual evaluation pro-
vides a comprehensive assessment of player localiza-
tion, identity tracking, and geometric alignment of the

Framework GS-HOTA ↑ GS-DetA ↑ GS-AssA ↑ IDF1 ↑
GSR Baseline [39] 22.26 10.67 46.46 -
Golovkin et al. [15] 55.82 41.67 74.86 -
Ours 61.48 48.47 78.00 64.20

Table 2. Performance comparison on the SoccerNet-GSR
test set. We compare our framework with other baselines on
GS-HOTA and related metrics.

pitch model.
GSR. Table 2 presents the quantitative results on the
SoccerNet-GSR test set, comparing our method against
the GSR Baseline [39] and Golovkin et al. [15]. The cor-
responding framework details are provided in Table 1.
Our approach achieves a GS-HOTA score of 61.48, sub-
stantially outperforming Golovkin et al. and far sur-
passing the original GSR baseline. We also obtain the
highest reported scores in detection accuracy (GS-DetA:
48.47) and association accuracy (GS-AssA: 78.00), in-
dicating both precise spatial localization and robust tem-
poral association. In addition, our method attains an
IDF1 score of 64.20, demonstrating strong temporal
consistency in player tracking. These results establish
a new state-of-the-art on SoccerNet-GSR test set and
highlight the effectiveness of our integrated framework,
combining vision-language identity reasoning, homog-
raphy estimation, and tracklet refinement under uncon-
strained broadcast video conditions.
Sports Field Registration. For the task of sports field
registration, our method establishes a new state-of-the-
art on the SoccerNet-GSR test set, with results detailed
in Table 3. Our approach significantly outperforms prior
works, achieving a JaC5 of 69.38 and a JaC10 of 92.84.
This result demonstrates robust performance at the strict
5-pixel threshold and comprehensive accuracy at the 10-
pixel threshold. We also report the lowest reprojection
errors (MRE: 4.47, MedRE: 2.21), further highlighting
the precision of our method. We attribute the signifi-
cant performance gains to the proposed unified homog-
raphy estimation, which integrates line, circle, and fall-
back keypoint constraints within a single optimization
framework.

4.5. Qualitative Evaluation
Figure 3 presents qualitative comparisons with the GSR
baseline [39]. While both methods detect athletes across

Method JaC5 ↑ JaC10 ↑ MRE ↓ MedRE ↓ CR ↑
TVCalib [42] 19.88 50.42 12.40 – 99.93
NBJW [16] 37.14 68.24 10.28 – 93.67
BroadTrack [27] 56.88 79.79 5.02 2.37 100
Oo et al. ∗ [33] 40.44 68.34 9.36 3.70 99.98
Ours∗ 69.38 92.84 4.47 2.21 100

Table 3. Evaluation of sports field registration performance
on SoccerNet-GSR test set. Metrics for TVCalib, NBJW, and
BroadTrack are reported from [27] while methods with an as-
terisk (*) are evaluated with our implementation from [26].
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Figure 3. Qualitative comparison on SoccerNet-GSR test set. Our results (bottom) show improved jersey number recognition and
pitch localization compared to the baseline (top).

Modules Metrics

HE(Keypoint) HE(Line) IDATR GS-HOTA ↑ GS-DetA ↑ GS-AssA ↑ IDF1 ↑

✓ × × 48.23 34.77 66.91 51.68
× ✓ × 56.39 42.77 74.40 61.31
✓ ✓ × 58.51 44.63 76.72 61.57
✓ ✓ ✓ 61.48 48.47 78.00 64.20

Table 4. Ablation study on homography estimation (HE)
and tracklet refinement. The detector (Sec. 3.1.1) is identical
across all settings. We vary the HE module (Sec. 3.1.2) by
using only keypoints, only lines, or both. IDATR denotes the
Identity-Aware Tracklet Refinement module.

frames, our approach achieves notably more accurate
pitch localization through robust homography estima-
tion and significantly improves jersey number recogni-
tion – even under severe occlusions compared to the
baseline. Additional qualitative examples over full se-
quences are provided in the supplementary videos. Ta-
ble 6 illustrates the impact of IDATR on identity con-
sistency. In the first row, the same player is incorrectly
split into two tracklets, while in the second row, two dis-
tinct players are mistakenly merged into one. Applying
IDATR effectively resolves both issues, yielding more
coherent and accurate player tracklets over time.

4.6. Ablation Study
Sports Field Registration and IDATR. We perform
ablation studies to assess the contribution of homogra-
phy estimation and IDATR (Table 4). We keep the key-
point and line detection model (Sec. 3.1.1) fixed and
vary the geometric cues used during homography es-
timation. Using only keypoint predictions with DLT
and RANSAC yields a GS-HOTA of 48.23, reflecting
the limitations of sparse correspondences under broad-
cast conditions. Switching to our optimization using line
and circle constraints (Sec. 3.1.2), without keypoint fall-
back, significantly improves GS-HOTA to 56.39, high-
lighting the strength of dense geometric constraints. In-
tegrating lines, circles, and keypoints in the joint op-
timization further improves alignment, reaching 58.51

GS-HOTA. Finally, adding our IDATR boosts perfor-
mance to 61.48 GS-HOTA and 64.20 IDF1, underscor-
ing the synergy between accurate spatial registration and
consistent identity association.

Athlete Identification and GS-HOTA Components.
To select the best athlete identification model for
our Broadcast2Pitch, we compare three different ap-
proaches, with results shown in Table 5. The first
approach employs specialized models tailored to each
identity attribute: PRTReID [29] for role classifica-
tion, EasyOCR [21] for jersey number recognition, and
ResNet-18 trained on the SoccerNet jersey dataset [8]
for jersey color classification, which is subsequently
used for team affiliation. The second approach explores
the use of a vision-language model (VLM) by leverag-
ing a CLIP [34] encoder for general-purpose represen-
tation learning, combined with attribute-specific classi-
fication heads for role, jersey number, and team pre-
diction. The third approach corresponds to our pro-
posed method. The results show that VLMs are sig-
nificantly more effective than using separate, attribute-
specific models. Notably, CLIP achieves strong results
(GS-HOTA 60.13, IDF1 62.20), demonstrating the ben-
efits of large-scale pretraining. Our proposed LLaMA-
3.2-Vision achieves the best overall performance (GS-
HOTA 61.48, IDF1 64.20) by jointly reasoning over
role, team, and jersey attributes in a unified backbone.
We adopt LLaMA-3.2-Vision for its coherent multi-
attribute reasoning and simplified architecture, while ac-
knowledging that its modest accuracy gain over CLIP
comes at higher computational cost.

To assess how incorporating identity attributes into
the evaluation metric impacts overall performance, we
conduct an ablation study, with results summarized in
Table 7. Adding identity attributes to the evaluation met-
ric (rows 2–6) imposes stricter criteria compared to the
pitch-only setting (row 1), which solely measures spa-
tial tracking accuracy. In these stricter settings, the GS-
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Model GS-HOTA ↑ GS-DetA ↑ GS-AssA ↑ IDF1 ↑
PRTReID [29] +
EasyOCR [21] + ResNet-18 18.11 6.54 50.14 10.62

CLIP [34] 60.13 46.88 77.15 62.20
LLaMA-3.2-Vision [30] (Ours) 61.48 48.47 78.00 64.20

Table 5. Comparison of athlete identification models on
athlete identification within our GSR framework. LLaMA-
3.2-Vision achieves the best performance on the SoccerNet-
GSR test set.

HOTA score is penalized even when the spatial localiza-
tion is correct if any of the specified identity attributes
are misclassified. Accordingly, we treat the pitch-only
setting as an upper bound and examine the performance
degradation as additional attributes are introduced.

Incorporating role or team into the evaluation results
in only a marginal drop in GS-HOTA, not only indicat-
ing that the VLM handles these attributes effectively,
but also supporting the validity of our underlying as-
sumption for team affiliation. However, the inclusion of
jersey numbers leads to a substantial decline in perfor-
mance, identifying jersey recognition as the primary bot-
tleneck. This difficulty arises from the nature of broad-
cast footage: jersey digits are often blurred, occluded,
or visible in only a few frames of a tracklet. The chal-
lenge is further exacerbated by the tracklet-level eval-
uation protocol: jersey number predictions are aggre-
gated via majority voting, which is particularly fragile
when correct digits are sparsely observed. Further, al-
though IDATR enhances initial tracking performance by
improving identity association, it does not produce per-
fect tracklets. As a result, residual ID switches can still
occur post-IDATR, leading to erroneous jersey number
predictions and further degrading the final GS-HOTA
score.

Before IDATR → After IDATR

Table 6. Comparison of tracking results before and after
IDATR.

5. Conclusion
We propose a modular and robust framework for Game
State Reconstruction (GSR) from unconstrained broad-
cast soccer videos, addressing key challenges in player
localization, spatial alignment, and identity preserva-
tion. Our method is built on three core components: (1)
a multi-task model that detects keypoints and lines, pro-
viding dense geometric cues for a unified, optimization-

GS-HOTA Components Metrics

Pitch Role Team Jersey GS-HOTA ↑ GS-DetA ↑ GS-AssA ↑ IDF1 ↑
✓ × × × 79.52 85.97 73.60 83.40
✓ ✓ × × 79.20 85.18 73.68 83.14
✓ × ✓ × 73.58 74.46 72.77 76.97
✓ × ✓∗ × 77.39 81.35 73.66 81.17
✓ × × ✓ 64.70 53.96 77.59 68.97
✓ ✓ ✓ ✓ 61.48 48.47 78.00 64.20

Table 7. Ablation study on GS-HOTA components. We
evaluate the impact of incorporating Role, Team, and Jersey at-
tributes—alongside Pitch—on overall performance. Samples
SNGS-126, 131, 197 are incorrectly annotated for the team at-
tribute in the SoccerNet-GSR test set. Asterisk (*) indicates
the exclusion of these samples.

based homography estimation, (2) a vision-language
model that performs joint recognition of player roles,
teams, and jersey numbers from a single input, and (3)
IDATR – a tracklet refinement strategy that leverages
vision-language identity cues to resolve association er-
rors and ensure temporal coherence. Evaluated on the
SoccerNet-GSR benchmark with the GS-HOTA met-
ric suite, our approach achieves state-of-the-art perfor-
mance across all evaluation metrics. Ablation studies
confirm the effectiveness of each module, showing that
leveraging dense lines, circle and keypoints constraints
significantly improves homography estimation over us-
ing keypoints alone, while identity-aware tracklet asso-
ciation offer complementary improvements in both ac-
curacy and consistency.

6. Limitations and Future Work

While our ablation study demonstrates that the assump-
tion used for team affiliation is generally robust, we ac-
knowledge that it is not universally reliable. The as-
sumption may break down in edge cases such as cor-
ner kicks or sustained high-pressing scenarios. Addi-
tionally, the LLaMA-3.2-Vision model achieves state-
of-the-art results in identity recognition by jointly rea-
soning over multiple attributes. However, its high com-
putational cost presents a significant challenge for real-
time deployment. Although IDATR improves associa-
tion accuracy, it requires task-specific hyperparameter
tuning and limits its generalizability across different do-
mains. As future work, we aim to make the tracklet re-
finement module learnable, enabling it to adapt to di-
verse scenarios and generalize beyond the specific con-
ditions of the initial tracking module. This would allow
the refinement process to move beyond fixed heuristics
and better handle variations in player motion, occlusion,
and identity switches. Overall, our findings highlight
promising directions for joint vision-language reasoning
and adaptive identity modeling, particularly in complex,
real-world sports analytics scenarios.
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