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Fig. 1: Motivation: Through linear probing on SemanticKITTI [7], we find that a
fragile yet potent semantic awareness emerges natively in registration networks even
without explicit semantic supervision, and it correlates with registration accuracy.

Abstract. Unsupervised registration of large-scale LiDAR point clouds
remains challenging due to the geometric ambiguity inherent in out-
door scenes, which degrades pseudo-label quality and leads to subop-
timal convergence, particularly for sparse, low-resolution scans such as
those from nuScenes. We reveal that registration models intrinsically
encode semantic awareness that strongly correlates with registration ac-
curacy, albeit without explicit semantic supervision. However, this native
awareness is fragile: noisy supervision arising from geometric ambigu-
ity in unsupervised settings rapidly erodes the learned semantic struc-
ture, causing performance collapse. To this end, we propose CAESAR,
a teacher-student framework guided by an off-the-shelf 3D segmenta-
tion model exclusively during training. We observe that potential in-
lier matches are often buried just beneath a few spurious neighbors in
the noisy feature space, motivating Dual-Cue Guided Re-Matching to
recover them through reselection rather than simply rejecting. Build-
ing on this, a train-only Semantic-Geometric Label Mining performs
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lightweight, batch-specific teacher refinement and mines reliable pseudo-
labels under semantic guidance. We further introduce Semantic Predic-
tive Distillation to consolidate the student’s semantic awareness in the
feature space. Extensive experiments on KITTI and nuScenes demon-
strate state-of-the-art performance, with pronounced gains on the chal-
lenging nuScenes benchmark. Crucially, CAESAR incurs zero inference
overhead and requires no semantic annotations on the registra-
tion data.

Keywords: Unsupervised registration · Semantic information · LiDAR
data processing

1 Introduction

Fig. 2: Performance: Our method lever-
ages this native ability to improve unsuper-
vised point cloud registration even with re-
duced training time (Sec. 4.3).

Point cloud registration is funda-
mental to 3D perception in robotics
and autonomous driving, with broad
applications in downstream tasks
such as SLAM and scene reconstruc-
tion [29, 64]. While learning-based
approaches achieve impressive ac-
curacy, they require large, metic-
ulously annotated datasets that
are costly to obtain. Unsupervised
methods [34,41,48] offer compelling
alternatives by generating corre-
spondence pseudo-labels from inter-
nal consistency cues, thereby elim-
inating the need for pose annota-
tions.

However, the geometric ambiguity inherent in outdoor scenes (e.g ., repetitive
building facades, featureless roads) degrades pseudo-label reliability in existing
frameworks. Self-distillation methods [34], even those that mine latent contextual
cues [48], suffer from a self-referential loop. Confirmation bias from noisy pseudo-
labels gradually corrupts the teacher, which in turn degrades student supervision.
This loop is particularly damaging for sparse, low-resolution LiDAR data (e.g .,
nuScenes), where geometric cues alone are insufficient. Since internally derived
signals fail to prevent collapse on their own, stable external guidance is needed
to break this loop and preserve feature-space integrity.

Semantic information is a natural candidate for such guidance, having long
been recognized for resolving geometric ambiguity [21,52,56]. However, existing
approaches predominantly operate in fully supervised settings [21, 52, 56], leav-
ing the unsupervised regime largely unexplored. Moreover, they exhibit notable
practical limitations. Their dependence on inference-time semantic segmen-
tation models incurs substantial computational overhead and hinders general-
ization to domains where such models may be unavailable [21, 51]. Reliance on
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hard segmentation predictions for outlier rejection [52] further induces false neg-
atives and thus discard valuable correspondences, because they are notoriously
sensitive to class-boundary noise and deteriorate in out-of-domain scenes.

Beyond these practical limitations, we argue that existing approaches [21,51,
52] conceptually mischaracterize the role of semantics, treating it as an auxiliary
side-channel that remains permanently coupled to the test-time pipeline. Yet,
semantic awareness is arguably an intrinsic property of the registration model
itself. To establish reliable correspondences, a network must implicitly learn to
recognize coherent structures such as buildings or vegetation. If this hypothesis
holds, it unlocks a highly efficient paradigm, in which we could effectively pre-
serve the network’s innate semantic structure during training, thereby achieving
superior performance with strictly zero inference overhead.

Driven by this potential, we conduct pilot studies (see Fig. 1). Through linear
probing, we confirm that registration networks indeed exhibit native semantic
awareness that correlates well with registration performance. However, the lesion
analysis reveals a critical fragility. Even moderate noise in supervision disrupts
both geometric alignment and the latent semantic structure. We term this failure
mode semantic collapse, a phenomenon that is particularly devastating under the
inherently noisy supervision of unsupervised registration.

To this end, we introduce CAESAR to Crystallize and consolidAte such na-
tivE Semantic AwaReness, a teacher-student framework that leverages a frozen,
pretrained 3D segmentation model exclusively during training to provide stable
semantic anchors. As a result, it prevents semantic collapse without incurring
any inference cost and even reduces training time (Fig. 2). To mine reliable
pseudo-labels with the teacher, we observe that correct correspondences are of-
ten buried just beneath a few spurious feature-space neighbors, motivating Dual-
Cue Guided Re-Matching (DCRM) to recover them via reselection from candi-
date sets. Building on this, we propose the train-only Semantic-Geometric Label
Mining (SGLM), which efficiently refines the teacher’s feature space specifically
for each mini-batch by optimizing only a compact parameter set, and then mines
reliable pseudo-labels under semantic guidance. To train the student, we intro-
duce Semantic Predictive Distillation (SPD), which consolidates the student’s
semantic awareness by encouraging semantic understanding in the feature space.

Extensive experiments on KITTI and nuScenes demonstrate that CAESAR
achieves state-of-the-art results, with especially notable improvements on the
challenging nuScenes benchmark. Crucially, the framework incurs zero infer-
ence overhead, requiring no additional parameters or computation at test time.
Our contributions are summarized as follows:

– We identify semantic collapse as a key failure mode in unsupervised registra-
tion and are the first to propose preventing it via semantic anchoring using
a frozen segmentation model during training.

– We present CAESAR, introducing DCRM for recovering correct correspon-
dences via reselection, SGLM for efficient batch-specific teacher refinement
and reliable pseudo-label mining, and SPD for consolidating the student’s
semantic awareness.
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– We achieve new state-of-the-art results on KITTI and nuScenes with zero ex-
tra inference cost and reduced training time, while demonstrating robustness
across diverse segmentation model choices.

2 Related Work

Point Cloud Registration Learning-based methods typically follow two paradigms.
Direct regression [2, 28, 50] from global descriptors is efficient but can degrade
under low overlap, while correspondence-based methods [15, 18, 24, 39, 49, 54, 56]
establish point-level correspondences before pose estimation, offering greater ro-
bustness. Robust estimation under heavy outlier ratios is another critical direc-
tion. Learned estimators [5,13,33] surpass RANSAC [19] but require supervision;
recent non-parametric methods exploit spatial compatibility [12] or graph struc-
tures [60,61] for efficient, training-free inlier selection.

Unsupervised Registration The high cost of pose annotations motivates un-
supervised methods. Early attempts use Gaussian mixture models [27,36], neigh-
borhood consensus [41], or ICP-based reward proxies [30], yet often struggle with
the sparsity and low overlap characteristic of outdoor LiDAR data. Teacher-
student frameworks [53] reduce pseudo-label noise via spatial filtering [34] and
are further improved by contextual mining [48], but still rely solely on internal
cues from the registration model, causing quality degradation when geometric
ambiguity intensifies. We address this by harnessing the model’s intrinsic seman-
tic awareness through external semantic anchoring.

Semantic Information in Registration Prior works leverage semantic cues
for correspondence matching [52], outlier rejection [63], or dynamic-object sup-
pression [16]. Outlier rejection [63] using discrete, hard class predictions is brittle
at category boundaries. Feature-fusion approaches [21,51] combine semantic and
geometric descriptors but require frozen segmentation models at inference or 2D–
3D projection pipelines, adding considerable overhead. In contrast, we show that
registration models intrinsically develop semantic awareness, a capability that
is potent yet fragile under noisy pseudo-labels. We thus propose to stabilize and
strengthen this inherent awareness using external guidance only during training,
eliminating inference-time cost while achieving superior performance.

3 Method

Problem Formulation Given two LiDAR point clouds P = {pi} ∈ Rm×3 and Q =
{qj} ∈ Rn×3, point cloud registration aims to estimate the rigid transformation
T = {R, t} with R ∈ SO(3) and t ∈ R3 that aligns P to Q.
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Fig. 3: Overall Pipeline. DCRM recovers correct correspondences obscured by
feature-space noise by jointly considering geometric saliency and semantic similar-
ity. The train-only SGLM refines the teacher’s feature space and mines high-quality
pseudo-labels. The student is trained with its original registration loss on C and the
SPD objective to strengthen semantic awareness.

Overall Pipeline As shown in Fig. 3, CAESAR semantically anchors the teacher-
student framework with a frozen, pretrained 3D segmentation model Fsem [14,
32]. Given a point cloud pair (P,Q), the teacher extracts geometric features
(FP

geo,F
Q
geo), while Fsem provides semantic embeddings (FP

sem,FQ
sem) and per-

point class logits (zP , zQ).
For the teacher, DCRM recovers correct correspondences obscured by a few

spurious nearest neighbors in the noisy feature space, jointly leveraging geo-
metric saliency and semantic consistency. Building on this, SGLM performs
lightweight, batch-specific teacher refinement, optimizing only a compact pa-
rameter set to yield semantically anchored features (F̃P

geo, F̃
Q
geo). It then mines

high-fidelity pseudo-labels C by jointly enforcing geometric and semantic consis-
tency. The student model is trained with its original registration loss Lreg (e.g .,
Hardest Contrastive Loss [15]) on C, while a novel SPD strengthens the student’s
semantic awareness by encouraging contextual understanding rather than point-
wise mimicry. Following [34], we adopt progressive training to gradually extend
from adjacent to distant frame pairs.

Crucially, Fsem is employed solely at training time, incurring zero inference
overhead and requiring no semantic annotations on the registration data. The
framework is robust to semantic model quality, enabling training even when
off-the-shelf models are imperfect or trained on other domains (see Sec. 4.3).

Progressive Training We adopt Progressive Training [34, 48], which gradually
adapts the student to increasingly distant point cloud pairs. For each pair, the
frame interval I∈{1, . . . , Imax} is stochastically determined, where Imax increases
linearly from 1 to a predefined maximum Iend over the course of training epochs.
I=1 represents easy adjacent frames, while larger I corresponds to low-overlap
(e.g ., ≤40%) and challenging pairs.

3.1 Dual-Cue Guided Re-Matching
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Fig. 4: Cumulative Distribution Func-
tion (cdf) of Pairs from KITTI. Vari-
able C refers to the ratio of correct can-
didate sets under certain criteria. During
early training, over 80% pairs have lower
than 40% correct NN matches, whereas
most pairs include twice as many correct
matches within their top-5 candidate sets,
demonstrating the potential of reselection.

Motivation Existing methods match
each point to its nearest neighbor
(NN) in feature space [15, 26, 34, 48]
and then reject suspected outliers
via filtering [34] or clustering [48].
This paradigm faces a fundamental
dilemma: when noise dominates, fil-
tering either fails due to vast geo-
metric ambiguity, or discards most
matches, thereby “starving” [11, 12]
the registration process that requires
adequate correspondences [62].

We make a key observation (Fig. 4).
Although the nearest-neighbor point
may be incorrect, the true match fre-
quently still lies within the top-K can-
didate set. This motivates a paradigm
shift from rejection to reselection (see the toy example in Fig. 3 (Mid.)).
Rather than discarding noisy matches [34,36], DCRM selects the most plausible
correspondence from each candidate set, thereby recovering ample high-quality
matches even under severe ambiguity, which is a crucial prerequisite for accurate
registration [5, 12].

Correspondence Scoring To realize this selection strategy, DCRM scores
each candidate correspondence by jointly requiring both geometric saliency and
semantic similarity, respectively denoted as sgeo and ssem:

c(ci) = sgeo(ci) · ssem(ci), (1)

The two terms are naturally complementary, as registration models struggle with
repetitive geometric structures, whereas segmentation models are uncertain near
class boundaries. By requiring high scores in both aspects simultaneously, Eq. (1)
mitigates each source’s failure mode.

Specifically, the term sgeo rewards structural distinctiveness [4,38]. From each
point’s spatial neighborhood Nk(pi), the covariance eigenvalues λ1 ≤ λ2 ≤ λ3

yield a saliency ratio ρpi =λ1/(λ1+λ2+λ3), which peaks at non-planar regions
such as edges and corners [8]. The pairwise geometric score is then:

sgeo(ci)=ρpi ·ρqi (2)

Meanwhile, rather than solely comparing hard class assignments [52], which
are brittle near boundaries, ssem uses a weighted Jensen-Shannon divergence
(JSD) [20]:

ssem(ci) = we exp(−wc · JSD(zpi , zqj )), (3)

where z denotes C-class softmax probabilities from Fsem. The confidence weight
wc = (H(zpi) + H(zqj ))/2 logC penalizes uncertain predictions [44] via the
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entropy H(·) of the class distribution [40]. The embedding weight we = (1 +
cos(Fpi

sem,Fqi
sem))/2 captures holistic semantic context via the cosine similarity

of Fsem’s embeddings, further mitigating boundary noise and providing comple-
mentary cues for disambiguation.

Constrained Correspondence Reselection For each point pi, we construct
a candidate set from its k-NN in geometric feature space:

Si = {sk | sk = (pi,N
k
Q(pi))}Kk=1, (4)

where Nk
Q(pi) is the k-th NN of pi in Q. We select the highest-scoring candidate

with ci = argmaxsk∈Si
c(sk). Applying similarity thresholds [34, 48], we obtain

the refined set Ĉ = {ci}. Crucially, Ĉ and its candidate sets Ŝ = {Si} serve
as a feature-space quality diagnostic. In a discriminative feature space, correct
matches should rank near the top. We formalize this via the average rank (AR):

AR(C) = 1
|C|

∑
(pi,qj)∈C mink{k | Nk

Q(pi) = qj}. (5)

A low AR indicates a discriminative feature space where correct matches surface
near the top of each candidate set; a high AR signals that true correspondences
remain obscured by noise. Beyond its diagnostic role, AR also motivates a effec-
tive, differentiable training objective in SGLM (Sec. 3.2).

3.2 Semantic-Geometric Label Mining

While DCRM recovers correspondences obscured by noise, it cannot compensate
once true matches fall beyond reselection’s reach as semantic collapse intensifies
(Sec. 1, Fig. 1). The train-only SGLM addresses this root cause by stabilizing
the feature space itself, thereby preserving the teacher’s latent semantic aware-
ness. It proceeds in two stages. Semantic-aware Teacher Refining first reinforces
the teacher’s features using stable semantic anchors from Fsem by optimizing a
compact parameter set specific to each batch, and Reliable Label Selection then
selects reliable pseudo-labels from the refined correspondences.

Stage 1: Semantic-aware Teacher Refining (SATR) When pseudo-label
noise severely accumulates, reselection alone cannot reverse the ensuing semantic
erosion. Existing efforts either freeze the teacher entirely [34], forfeiting adapt-
ability to evolving noise, or adapt the full teacher per-batch [48], incurring pro-
hibitive cost and risking overfitting. With Fsem as a stable reference, we instead
design a concise train-only adapter to reinforce the eroding semantic structure
in the feature space, thereby preventing collapse during training. SATR is far
more efficient, since it optimizes a mere 0.07M parameters (vs. 8.76M adapted
in previous state-of-the-art [15]) while achieving better performance. The effi-
ciency is ensured not only by the compact design, but also through the AR
metric (Eq. (5)), which directly exposes noise-induced degradation and can thus
guide a refinement process to restore a discriminative feature space.



8 K. Xiong, S. Xu et al.

Architecture Semantic embeddings reside in a far higher-dimensional space (dsem=
512 [14] vs. dgeo=32 [15]). Naïve fusion or concatenation [21,31,35,51] risks dilut-
ing geometric details or conflating geometrically distinct points of the same class
(e.g ., separate trees/vehicles). Therefore, SATR is designed to extract a compact
semantic residual containing the absent, discriminative information present in
Fsem. Targeting the ambiguity revealed by DCRM (Eq. (5)) within candidate
sets, its parameters are freshly initialized for each batch and optimized locally in
a regularized way (Eqs. (9) and (10)). This controlled and adaptive refinement
enables CAESAR to remain effective even with imperfect semantics (see Sec. 4.3).

Specifically, the SATR comprises a residual extractor Φg and a point-wise
refiner Φr, connected via a learnable gate α. Φg projects geometric features
FP

geo ∈RN×dgeo and semantic embeddings FP
sem ∈RN×dsem into a shared latent

space and isolates discriminative semantic signals absent from the geometric
representation through a sparse convolutional block [15] fψ:

hP
g = fψ(F

P
semWsem − FP

geoWgeo)Wout. (6)

To keep these residuals faithful to the semantic source, Φg is trained to recover
the original semantic embeddings via an auxiliary projection fϕ:

LP
rec = ∥FP

sem − fϕ(F
P
geo + sg(tanh(α)) · hP

g )∥22; (7)

Owing to the complementary stop-gradient placement (cf. Eq. (8)), Lrec propa-
gates gradients only through Φg. The same applies to Q, giving Lrec = LP

rec+LQ
rec.

Next, Φr incorporates the residuals into the geometric space via the learnable
gate α and a lightweight MLP fω:

hP
r =FP

geo + tanh(α) · sg(hP
g ), F̃P

geo=hP
r + fω(h

P
r ), (8)

where sg(·) blocks gradients from Φr to Φg. Together with the sg(·) placement
in Eq. (7), these stop-gradients realize alternating optimization, in which each
loss updates one module while implicitly treating the other as fixed, allowing Φg
and Φr to specialize without conflicting gradients.

To sharpen feature discriminability with the incorporated semantic cues, we
propose a contrastive re-ranking loss that exploits the candidate-set structure
from DCRM, pulling the selected correspondence ci ∈ Ĉ closer while repelling
the remaining K−1 candidates [37]. This is achieved via a differentiable surrogate
of the AR diagnostic that smoothly relaxes Eq. (5):

Lrerank = 1
|Ĉ|

∑
ci∈Ĉ log

(
1 +

∑
qk∈Si\{qj} exp

(
s(pi,qk)−s(pi,qj)

τ

))
(9)

Please refer to the supplementary material for full mathematical proof of this
relaxation. Here, s(·, ·) denotes cosine similarity between refined features and τ is
a temperature. The same computation applies to Q. Unlike standard contrastive
registration losses [15,26,39,59], Lrerank operates locally within each Si, confining
the influence of erroneous selections to their immediate neighborhoods.
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Volumetric Regularized Objective While Lrerank and Lrec ensure each component
serves its intended role, one concern remains. Incorporating high-dimensional
semantic residuals into a compact dgeo-dimensional space risks diluting its vol-
ume [57], neutralizing the geometric discriminative capacity upon which CAESAR
relies for pseudo-labeling. We prevent this with an exploration regularizer that
maximizes the geometric volume of the feature distribution [47,57]:

RP = −γ
1

2
log det(I+

1

ϵ2
ΓP

batch), (10)

where ΓP
batch ∈ Rd×d is the batch-wise covariance matrix and γ, ϵ control regu-

larization strength. Aggregating all terms yields the full optimization objective:

LSATR = RP +RQ︸ ︷︷ ︸
Exploration

+Lrerank + Lrec︸ ︷︷ ︸
Exploitation

. (11)

This defines an effective exploration–exploitation loop. Volume maximization
creates room for semantic residuals, re-ranking (Lrerank) thereby sharpens local
discrimination, and reconstruction Lrec prevents the semantic guidance from
drifting, keeping the adapted space both expressive and semantically grounded.

Batch-Specific Optimization With the objective in Eq. (11), the optimization
of SATR is driven by Algorithm 1, freshly initialized for every mini-batch and
optimized in an Expectation-Maximization (EM) procedure [17]. We apply zero-
initialization to fω’s final layer and α, ensuring gradual, stable refinement from
the original features. In the E-step, Φr and Φg are frozen while DCRM mines
correspondences Ĉ and their candidate sets Ŝ from the current refined features.
In the M-step, these quantities are held fixed and Φr, Φg are updated by min-
imizing LSATR, with the stop-gradient decoupling (Eqs. (7) and (8)) implicitly
alternating optimization between the two components, yielding a two-level opti-
mization hierarchy. The E/M alternation terminates once AR (Eq. (5)) stabilizes,
which serves as a natural convergence criterion, since AR is the metric to re-
flect feature-space ambiguities that Lrerank smoothly surrogates. A final DCRM
pass then yields the refined proposals C̃ for Reliable Label Selection. The trained
modules are discarded after each batch, preventing confirmation bias from ac-
cumulating across batches.

Thresholds and other hyperparameters are detailed in the supplementary
material with sensitivity analyses. Empirically, Algorithm 1 converges stably and
rapidly, typically within 3–5 iterations, yielding improved pseudo-labels while
notably reducing training time compared to full model adaptation [48] (Sec. 4.3).

Stage 2: Reliable Label Selection (RLS) With refined features from the
teacher, this stage produces reliable pseudo-labels C for student training. Rather
than relying on a single transformation estimated from noisy initial correspon-
dences [34,48], we generate K transformation hypotheses {Tk}Kk=1 from the re-
fined proposals C̃ via spatial compatibility measures [12,61] and select the best by
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Algorithm 1 Batch-Specific Optimization for Semantic-aware Teacher Refining

Require: Geometric/semantic features FP
geo,F

Q
geo/FP

sem,FQ
sem; logits zP , zQ

Ensure: Refined proposals C̃
1: Initialize trainable parameters from Φr, Φg ▷ freshly initialized per batch
2: Calculate F̃P

geo, F̃
Q
geo by Eqs. (6) and (8) on FP

geo,F
Q
geo,F

P
sem,FQ

sem
3: repeat
4: E-step: Fix Φr, Φg; let Ĉ, Ŝ ← DCRM(F̃P

geo, F̃
Q
geo)

5: M-step: Fix Ĉ, Ŝ; update Φr, Φg by gradient descent via ∇Φr,ΦgLSATR

6: Calculate F̃P
geo, F̃

Q
geo by Eqs. (6) and (8) on FP

geo,F
Q
geo,F

P
sem,FQ

sem

7: until AR(Ĉ) difference converges within ϵ
8: C̃ ← DCRM(F̃P

geo, F̃
Q
geo) ▷ final proposals for Reliable Label Selection

re-weighting each hypothesis’s consensus set (i.e., sets of selected inliers [11,12])
Ck with c(·) defined in Eq. (1):

k∗ = argmaxk

(
IC(Tk) · 1

|Ck|
∑

ci∈Ck
c(ci)

)
. (12)

Here, IC(·) denotes the inlier count metric commonly used to evaluate transfor-
mation hypotheses [11,12,19,60,61]. This ensures the selected transformation is
grounded in correspondences that are both geometrically salient and semanti-
cally coherent. Using Tk∗ , we follow [34,48] to obtain C′

k∗ via NN search. The final
pseudo-labels are then selected as the top-M highest-scoring correspondences:

C = {ci | ci ∈ C
′

k∗ , i ∈ TopM({c(ci)})}. (13)

This final selection step prevents systematically incorrect pseudo-labels caused
by inaccurate transformations that are more prone to memorize [10,45], thereby
enhancing supervision quality and ultimately improving registration performance.

3.3 Initialization and Training Pipeline

Teacher Initialization and Update Unlike prior methods that require ad-
ditional synthetic pre-training [48] or assume identity transformations between
adjacent frames as ground truth [34] for initialization, the proposed approach of
semantic anchoring enables reliable pseudo-labeling on adjacent frame pairs, even
from a randomly initialized teacher. In the first stage of progressive training [34],
we therefore train the student without SPD to avoid propagating feature-level
noise, synchronizing the teacher with the student after each epoch. In subsequent
stages, the teacher is frozen and updated once per epoch via exponential moving
average (EMA) of the student weights.

Semantic Predictive Distillation for Student Training the student with the
registration loss Lreg (e.g ., Hardest Contrastive Loss [15]) on the pseudo-labels
C transfers geometric correspondence knowledge. However, Lreg carries no ex-
plicit signal about the semantic structure captured by Fsem. Directly regressing
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high-dimensional semantic embeddings is suboptimal due to the feature-space
gap (dsem≫dgeo, cf. Sec. 3.2), which collapses feature diversity and dilutes geo-
metric details. We instead formulate SPD as contextual prediction [3,42], where
the student is encouraged to reconstruct a point’s semantic embedding from its
geometric context, thereby internalizing semantic reasoning. Concretely, distil-
lation targets are restricted to high-confidence points p̃ whose correspondences
C = {(p̃i, q̃j)} ⊆ C pass mutual nearest-neighbor verification in the teacher’s
refined feature space. For each selected point, we stochastically drop r feature
channels and add Gaussian noise ϵ∼N (0, σ2) [46] to the student features, en-
couraging robustness and preventing overfitting. The objective is defined as:

LP
SPD =

∑
p̃i∈p̃ ci · SmoothL1(fθ(F

{P\p̃}
stu + ϵ),Fp̃i

sem). (14)

Here, fθ is a convolutional [14] auxiliary decoder trained alongside the student
to reconstruct the corresponding semantic embedding. ci weight predictions by
estimated quality (Eq. (1)); Smooth L1 [23] provides robustness to spurious
targets. The loss is computed symmetrically for Q, giving LSPD=LP

SPD+LQ
SPD.

Overall Student Objective The student model is trained end-to-end as a weighted
sum of both losses, with λSPD balancing the two terms:

Ltotal = Lreg + λSPD LSPD, (15)

4 Experiments

Following existing unsupervised methods for outdoor LiDAR data [34, 48], we
evaluate CAESAR on KITTI [22] and nuScenes [9]. Implementation details are
provided in the supplementary material.

4.1 Setup

Metrics Following [26, 39, 59], we report Relative Rotation Error (RRE), Rel-
ative Translation Error (RTE), and Registration Recall (RR) with thresholds
RRE<5◦∧RTE<2m. For distant scenarios, we report RR@ [d1, d2) for distance
d ∈ [d1, d2) and mean RR (mRR) [34, 48], defined as the average RR across all
distance intervals. We use the teacher’s Inlier Ratio at the first teacher-student
training epoch (tIR@1st Epoch) to evaluate pseudo-label quality [34,48].

Baselines We compare against supervised methods, including geometry-only
FCGF [15], Predator [26], SpinNet [1], D3Feat [6], CoFiNet [55], and Geo-
Trans. [39], as well as semantic-aware baselines S2Reg [51] and ML-SemReg [52],
both of which require the segmentation model at inference. For unsupervised
methods, we compare with RIENet [41], EYOC [34], and INTEGER [48]. Fol-
lowing [34,48], we use the FCGF model with RANSAC for transformation esti-
mation unless otherwise specified, ensuring a fair comparison.
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Table 1: Comparisons with State-of-the-Art Methods. Bold indicates the best
unsupervised results. “✓” in “U” column denotes the methods are Unsupervised. No-
tably, S2Reg and ML-SemReg require semantic information at inference which adds
computational overhead, while CAESAR uses semantics only during training, matching
the inference efficiency of purely geometric methods.

Dataset
Semantic
Availability
Requirement

Method U mRR RR@d ∈

[5, 10) [10, 20) [20, 30) [30, 40) [40, 50)

KITTI

N/A

FCGF – 77.4 98.4 95.3 86.8 69.7 36.9
FCGF+C – 84.6 100.0 97.5 90.1 79.1 56.3
Predator – 87.9 100.0 98.6 97.1 80.6 63.1
SpinNet – 39.1 99.1 82.5 13.7 0.0 0.0
D3Feat – 83.0 99.8 98.2 89.6 76.1 51.3
CoFiNet – 82.1 99.9 99.1 94.1 78.6 38.7
GeoTrans. – 42.2 100.0 93.9 16.6 0.7 0.0

Inference-
Time

S2Reg – 52.2 100.0 94.2 61.3 5.0 1.5
ML-SemReg – 73.8 98.1 96.3 82.0 68.1 24.3

N/A
EYOC ✓ 83.2 99.5 96.6 89.1 78.6 52.3
RIENet ✓ 50.7 96.3 72.1 38.2 24.4 22.6
INTEGER ✓ 84.0 99.5 97.1 89.6 79.6 54.2

Train-Only CAESAR ✓ 86.9 99.5 97.6 91.1 83.1 61.3

nuScenes

N/A
FCGF – 39.5 87.9 63.9 23.6 11.8 10.2
FCGF+C – 59.3 96.2 85.1 59.6 35.8 20.0
Predator – 51.0 99.7 72.2 52.8 16.2 14.3

Inference-
Time

S2Reg – 33.5 94.0 50.3 14.0 9.1 0.0
ML-SemReg – 43.5 87.0 77.1 37.5 12.6 3.2

N/A
EYOC ✓ 61.7 96.7 85.6 61.8 37.5 26.9
RIENet ✓ 47.1 96.5 57.9 36.6 25.8 18.9
INTEGER ✓ 63.1 97.1 86.9 62.9 39.6 29.4

Train-Only CAESAR ✓ 79.5 100.0 96.4 85.6 72.2 43.1

KITTI
↓

nuScenes

N/A
EYOC ✓ 55.3 96.2 75.6 58.7 26.6 19.7
RIENet ✓ 46.2 83.3 73.2 43.5 19.8 11.1
INTEGER ✓ 62.6 97.5 84.6 62.6 37.8 30.2

Train-Only CAESAR ✓ 74.1 99.5 94.6 82.3 56.3 37.1

4.2 Comparison with State-of-the-Art

Overall Performance Tab. 1 shows that CAESAR substantially outperforms all
unsupervised methods, achieving state-of-the-art results. Notably, CAESAR yields
pronounced improvements on nuScenes, validating that preventing semantic col-
lapse is critical for sparse, low-resolution LiDAR data. We employ cross-dataset
off-the-shelf Fsem (SphereFormer [32] trained on nuScenes [9] for KITTI and vice
versa) by default to avoid information leakage and to benchmark robustness.
Consistent gains in distant scenarios (e.g ., d ∈ [20, 30), [30, 40)) confirm that
semantic anchoring improves discriminability when geometry becomes ambigu-
ous. Crucially, unlike methods [51,52] that require semantic models at inference,
Fsem is employed only at training time, matching the inference cost of purely ge-
ometric methods. Additional results with other registration models are provided
in the supplementary material.

Generalizability When trained on KITTI and tested on nuScenes, CAESAR sub-
stantially outperforms existing methods (+11.5% mRR vs. INTEGER), with
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Table 2: Impact of Segmentation
Models. We train on KITTI with different
Fsem. In-domain refers to Fsem trained on
SemanticKITTI [7] , while out-of-domain
is those trained on nuScenes [9]. Sim-to-
real Fsem uses no real-world annotation for
semantics, showing CAESAR’s practicality.

# Seg. Model Paradigm mRR d ∈ [40, 50]

RR RRE RTE

▶ In-domain Supervised Fsem
a) SphereFormer Transformer 87.3 63.3 0.97 0.27

▶ Out-of-domain Supervised Fsem
b) SphereFormer Transformer 86.9 61.3 1.10 0.28
c) SPVNAS Point-Voxel 85.6 60.8 1.17 0.30
d) MinkUNet Voxel-Based 85.8 61.3 1.07 0.29

▶ Unsupervised sim-to-real adapted Fsem
e) DGT-ST – 85.4 58.3 1.39 0.44

Table 3: Ablation Study on KITTI.

Variants tIR@1st
mRR d ∈ [40, 50)

Epoch RR RRE RTE

▶ w/o DCRM 83.7 85.1 59.8 1.34 0.55
▼ reselection w/ score variants:

w/ ssem 84.8 85.8 59.3 1.47 0.38
w/ sgeo 84.5 85.6 59.8 1.12 0.31

▶ w/o SATR 83.6 84.8 59.3 1.23 0.51
▼ w/ SATR variants:

w/o Φg 84.9 85.7 59.8 1.30 0.41
w/o R 84.7 85.8 60.3 1.41 0.40
Lrerank →Lreg 83.3 85.0 59.8 1.25 0.49

▶ w/o RLS 81.2 85.2 60.3 1.62 0.53
▼ w/ RLS variants:

Eq. (12) →IC 82.0 85.7 59.8 1.21 0.44
w/o Eq. (13) 83.2 85.5 59.3 1.46 0.52

▶ w/o SPD 85.6 85.0 58.8 1.26 0.41
▶ LSPD →L1 85.6 84.0 57.8 1.51 0.49

Full CAESAR 85.6 86.9 61.3 1.10 0.28

marked long-range improvements (e.g ., +6.9% in RR@[40, 50)). This superior
cross-dataset transferability, despite significant domain gaps (64- vs. 32-beam
LiDAR and distinct scene characteristics), suggests that CAESAR learns more
generalizable features, likely because stable semantic guidance prevents overfit-
ting to domain-specific noise.

4.3 Analysis

Impact of Segmentation Model Choice and Quality Tab. 2 shows that CAESAR
maintains robust performance across diverse Fsem choices, including voxel-based
[14], point-voxel hybrid [43], transformer-based [32], and unsupervised sim-to-real
domain-adapted [58] models. Performance is stable with both in-domain and
out-of-domain semantics, demonstrating robustness to domain shift in se-
mantic priors. Crucially, the unsupervised DGT-ST’s semantic quality is signif-
icantly inferior to that of supervised methods (SemanticKITTI mIoU: 43.1%
vs. SphereFormer’s 74.8%); yet CAESAR still mines useful semantic guidance
from it and outperforms the previous state-of-the art [48], albeit with a modest
drop. This validates that even imperfect semantics suffice for CAESAR to pre-
vent semantic collapse, demonstrating robustness and thereby opening avenues
for exploring task synergy. Further robustness analyses with weaker/degraded
semantics are provided in the supplementary material.

Qualitative Results We qualitatively analyze the impact of CAESAR on feature-
space structure and matching quality. In Fig. 5 (Left), 2D t-SNE [25] visualiza-
tions colored by class labels from SemanticKITTI [7] show that CAESAR’s features
are well separated compared to EYOC’s. Consequently, in Fig. 5 (Mid.), the fea-
tures extracted by CAESAR are more discriminative, resulting in fewer outlier
correspondences (Fig. 5 (Right)). Note that EYOC produces dissimilar features
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Fig. 5: (Left:) 2D t-SNE Visualization of the Source Point Cloud. Colored
by Class Labels. CAESAR’s features are more semantically discriminative than EYOC’s.
(Mid & Right:) Visualization with the Corresponding Target Point Cloud.
Point clouds are colored by features as done in [15]. Red lines denotes outlier.

Fig. 6: Average Rank During Train-
ing. Semantic-aware Teacher Refining ef-
fectively lowers and stabilizes the AR of po-
tentially correct matches during training.

Table 4: Training/Testing Time on
KITTI. ∆% is the difference with previ-
ous state-of-the-art INTEGER [48].

Methods mRR% RR@d ∈
[40, 50)

Training
(h)

Testing
(s/pair)

EYOC 83.2 52.3 44.9
∼0.16

INTEGER 84.0 54.2 76.0
CAESAR 86.9 61.3 62.9

∆% +2.9% +7.1% -17.2% –

for the same semantic entity (highlighted regions), whereas CAESAR’s features
remain consistent. This confirms that CAESAR effectively prevents semantic col-
lapse, producing more stable and discriminative features that improve matching
quality, especially in long-range scenarios where geometric cues are weak.

SATR’s Effectiveness for Stability We evaluate Semantic-aware Teacher Refining
using the average rank of ground-truth (ARgt) of inliers in Fig. 6. Its definition
follows Eq. (5) but is restricted to correspondences whose ground-truth inliers
appear within the candidate set. As frame distance increases during progressive
training [34, 48], the AR before refinement (green line) rises during progressive
training due to the ambiguity induced by lower overlap. However, SGLM sta-
bilizes feature-space discriminability, as evidenced by the consistent AR after
refinement (blue line).

Training/Testing Efficiency Training and testing times are shown in Tab. 4. The
iterative nature and full-teacher adaptation strategy of INTEGER [48] make its
training computationally intensive. By alleviating the self-referential collapse via
semantic anchoring, CAESAR eliminates the need for extensive iterative refinement
that optimizes the full teacher model, delivering stronger results while reducing
training time. Testing efficiency matches that of the original FCGF [15] because
all additional modules are discarded at inference.
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4.4 Ablation Study

We extensively ablate CAESAR’s design in Tab. 3. DCRM is crucial: neither ssem
nor sgeo alone suffices, confirming the complementarity of semantic and geo-
metric cues. Semantic-aware Teacher Refining significantly stabilizes training;
removing it degrades mRR by 2.1%. Among its variants, replacing Lrerank with
Lreg causes the sharpest decline (−1.9% mRR), confirming that the candidate-
set-local surrogate of AR is critical; the global loss fails to utilize the per-set
ambiguity and risks corrupting the full feature space with noise. Reliable Label
Selection is essential for pseudo-label quality; its removal causes a considerable
drop in tIR@1st, triggering cascading errors in teacher-student training that are
particularly severe in long-range scenarios. Removing SPD notably reduces final
mRR, while replacing it with vanilla L1 loss degrades performance even further,
demonstrating that naïve feature-space mimicry harms the student’s learning.

5 Conclusion

In this paper, we observe that registration models spontaneously develop latent
semantic structure, yet noisy pseudo-labels quickly erode it, triggering semantic
collapse. CAESAR addresses this fragility by stabilizing the emergent awareness
at training time through an off-the-shelf segmentation model, without adding
cost at inference or requiring semantic annotations on the registration data. For
the teacher, DCRM recovers reliable correspondences and exposes local ambi-
guities with semantic information; SGLM then refines the feature space within
each mini-batch and mines accurate pseudo-labels. For the student, SPD com-
plements standard registration supervision by encouraging holistic semantic rea-
soning in the learned features. Results on KITTI and nuScenes establish new
state-of-the-art registration performance, with particularly large margins on the
sparser nuScenes benchmark, underscoring the effectiveness of semantic anchor-
ing when geometric cues alone are insufficient. Limitations and future work
are discussed in the supplementary material.
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