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ABSTRACT

This paper introduces Beam-CLIP, a contrastive learn-
ing framework for aligning mmWave beam “fingerprints”
with multimodal sensor data. By adapting the Contrastive
Language-Image Pre-training (CLIP) framework, Beam-
CLIP maps camera, radar, LiDAR, and GPS observations
into a joint embedding space with mmWave channel power
vectors, enabling cross-modal retrieval of beam patterns. A
soft retrieval mechanism identifies beams with similar spatial
power distributions, producing a continuous channel power
state estimate across all 64 beams. This approach improves
beam prediction particularly under challenging non-line-of-
sight scenarios.

Index Terms— multimodal contrastive learning, mmWave
beam prediction, sensor fusion, soft retrieval, CLIP

1. INTRODUCTION

The evolution toward 6G wireless systems introduces new
challenges for base station intelligence, particularly in reli-
ably predicting mmWave beams under dynamic, environment-
dependent conditions. While mmWave links offer large band-
width gains, they suffer from high path loss and blockage
sensitivity, requiring precise beam steering and environmen-
tal awareness [1]. Recent datasets such as DeepSense 6G [2]
pair mmWave measurements with multimodal sensors (cam-
era, LIDAR, radar, GPS), enabling machine learning to model
channel behavior and improve beam selection.

In mmWave beam prediction (BP), machine learning
addresses the high cost of exhaustive beam search, with
DeepSense providing a multimodal testbed. Early work used
single-modality networks [3, 4, 5, 6], followed by stage-wise
and hierarchical fusion [7, 8], and pseudo-labeling from se-
mantic features [9], though most relied on fixed sensor setups
and handcrafted pipelines. Transformers [10] have since be-
come central for multimodal fusion, with masked variants
such as Zorro [11] using learnable routing masks to pre-
serve modality-specific information and remain robust under
missing sensors.

Contrastive learning has proven effective for aligning
diverse modalities in shared embedding spaces. CLIP [12]
pioneered text-image alignment with InfoNCE loss [13],
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Fig. 1. Beam-CLIP pairwise contrastive loss. A multimodal trans-
former 7 (-) produces modality-specific tokens z(%), and the mmWave en-
coder Gmm(+) outputs z(mm), both defined over a batch of size B. Pairwise
token cycling is performed across the batch over all modality-to-modality and
modality-to-fusion pairs, with similarity scores (5) being used for directional
InfoNCE losses (6) which are aggregated into the total objective (7).

inspiring extensions to audio-visual [14], video [15], geo-
location [16], and radar [17].

In this paper, we propose Beam-CLIP, a cross-modal
alignment framework that learns a shared embedding space
between sensor observations and mmWave channel power
vectors. Treating the full channel power vector as a com-
pact RF “fingerprint” of the environment, Beam-CLIP aligns
multimodal sensor inputs with the entire beam distribution,
enabling retrieval of the pattern most consistent with the
sensed scene.

2. METHODOLOGY

Beam-CLIP projects all sensor modalities into a shared d-
dimensional space and is trained with a pairwise contrastive
loss objective (Fig. 1). A masked multimodal transformer
with learnable fusion tokens [11] fuses modality embeddings
for alignment. At inference, BP is performed as similarity
search in the joint embedding space, retrieving the mmWave
pattern most consistent with the sensed context (Fig. 2).

2.1. Beam-CLIP Overview

Beam-CLIP is designed to handle a set of sensor modal-
itles M = {img, radar, lidar, gps, mm}, where each ele-
ment corresponds to a distinct raw sensor domain of image
frames, radar returns, LiDAR point clouds, GPS readings,
and mmWave channel features. For each modality i € M,
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let X denote its raw input. Each X is encoded by a
modality-specific encoder G;(-) into a shared d-dimensional
space (with batch size B): e = G;(X¥)) € RE*4. Dur-
ing training, the encoder outputs of non-mmWave modalities
M = M\ {mm} are concatenated with Ny learnable fusion
tokens U € R™s %4 to form the transformer input context:

C e RBX(IMcl+Np)xd, )

The multimodal transformer encoder 7/(C) € RE*(IMcl+Ny)xd
maps the input context C' to modality tokens 2™ € RE*¢ m ¢

M and fusion tokens A{™, ... h%‘;s) e RBx4;
T(C) = [R™ :m e M, hgfus>,...,h55;5>]. o)
—_———
—_—

modality tokens .
Y fusion tokens

A single fused representation is obtained by averaging:

1 Y
h(fus) = Z hg‘fus). 3)
Nf r=1

Additionally, all transformer output tokens (h(s) fors € McU
{fus}) are £-normalized to unit vectors row-wise to form z(%).
Similarly, e(™™), the output of mmWave encoder Gmm(+) is
normalized to z(™™), and the full set {2(*)} . MuU{fus} 18 used
for multimodal alignment (Sec. 2.4).

2.2. Modality-Specific Encoders

Each modality i € M produces a raw input X ), which is
mapped into the shared embedding space using a modality-
specific encoder G;(-). The encoders process each modality
as follows:

« mmWave: The received power vector over 64 beams,
X (mm) = RO s processed by a multilayer perceptron
(MLP) to capture spatial power distributions.

e Camera: The vector of image frames, X (img), is encoded
by a ResNet-18 backbone (classification head removed) and
the extracted visual features are projected into the embed-
ding space via a MLP.

« Radar: Range-angle maps X (@) ¢ R256x8 are pro-
cessed with 2D convolutions [1].

* LiDAR: Point clouds are projected into a bird’s-eye view
grid [7], X (lidar) & R100x100  thepn encoded via MLP.

o GPS: X&) = (z,y,\/22 +¢2,0,sin6,cosf) € RO,
with § = arctan 2(y, ), projected via MLP.

Modality-specific embeddings e(?) are concatenated with

learnable fusion tokens and passed through 7 (-) for con-

trastive training.

2.3. Multimodal Transformer

Beam-CLIP employs a multimodal transformer based on a
prior architecture that leverages the specialized fusion tokens
and masking technique [11]. The design has been adapted to
our input modalities, and to operate over mmWave to sensor
alignment mechanism.

2.3.1. Positional Ordering

A fixed token ordering is used when constructing the input
context sequence C' to the transformer, C' = [eli™), (™)
elidan) “eleps) pfus) - R NOT with corresponding po-
sitional embeddings added before entering the transformer.
This ensures consistent token indexing and consistent atten-
tion masking across samples.

2.3.2. Attention Mask

During training, modality tokens attend only to themselves
and fusion tokens, while fusion tokens attend to all tokens.
This is enforced with a binary mask:

A=lare, are= {1 if toker? r can attend to token c, @
0 otherwise.

where r,¢ € {1,...,|Mc| + N;}. Applied to the QK T term
in self-attention, this implements the Zorro [11] scheme,
ensuring that cross-modal exchange occurs only through fu-
sion tokens. Combined with structured modality dropout
(Sec. 2.4.1) and fixed token ordering (Sec. 2.3.1), the mask
guarantees consistent interaction patterns even when sensor
modalities are randomly dropped.

2.4. Beam-CLIP Pre-Training

Beam-CLIP has a training paradigm that is centered around
contrastive losses. We first discuss a technique that aims
to make the multimodal transformer 7 (-) robust to modality
dropout and then we go into details on the contrastive learning
technique for embedding alignment.

2.4.1. Modality Dropout

To improve robustness, Beam-CLIP applies structured modal-
ity dropout before the transformer 7 (-). During training, each
modality in M is independently dropped with a fixed prob-
ability pg, and its encoder output in the context window C' is
replaced with zeros. The number of active modalities there-
fore follows a binomial distribution with retention probability
(1 — pq). Fusion tokens remain active across all samples, en-
suring the transformer always forms a consistent global con-
text even when modalities are missing.

2.4.2. Contrastive Learning

Beam-CLIP (Fig. 1) adapts the contrastive framework of
CLIP [12] to multimodal sensing data. Normalized embed-
dings from each modality and the pooled fusion representa-
tion are compared across pairs, with a directional InfoNCE
loss applied to encourage cross-modal alignment while sep-
arating mismatched samples. This objective is introduced
below, beginning with the definition of similarity scores.
Similarity scores. For each pair of modalities (z,j) € P,
we compute a similarity matrix S(*7) € RE*E with its (k, 1)
entry is given by:

B @ @
SED = 2 ki=1,...,B, ®)

Te

where z,(j) and zl(j ) are the {y-normalized embeddings of the

k-th and [-th samples from modalities ¢ and j, respectively,
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T, is the contrastive temperature, and - denotes the Euclidean
dot product. Since all embeddings are unit-normalized, this
dot product is equivalent to cosine similarity.
Directional InfoNCE losses. The contrastive loss is applied
in both directions:

Loy ——1 Z exp(S4D) [k, k]) ‘

Bi= Zz 1 exp(SD [k, 1])

Pairwise contrastive loss. Beam-CLIP employs a pairwise
contrastive loss across all relevant pairs, including modality-

6

to-modality and modality-to-fusion alignments. Averaging
over all pairs (i, j) € P gives:
Lecontrast = ﬁ Z (Ez—m + ﬁj_)z) . (7)
(i,5)eP
Reconstruction loss. Fusion tokens 2\ . .., hg\f,‘;s) are re-

gressed to predict the mmWave beam pattern gy, for each sam-

ple k, with supervision from the ground-truth vector yy:
B

Lrecon = % Z 9% — yk“% ®
k=1

Total objective. The final pre-training loss combines align-
ment and reconstruction given as
Liotal = AeLeontrast + Ar Lrecon, )

where A\, and )\, are weighting coefficients.

2.5. Multimodal Beam Retrieval Mechanism

The retrieval objective is to return the most semantically rel-
evant mmWave beam pattern given a query containing any
subset of modalities M ¢ (Fig. 2). To this end, we first con-
struct a retrieval database from the training set. For each
mmWave beam power vector i5; € R4, 5 = 1,. .. Nyain, We
obtain a normalized mmWave embedding using the trained
mmWave encoder G,,,,,(+). The database is then defined as

D= {(="™, yi)

Query encoding. Given a test query x, composed of input
modalities M, C M, we encode it with the trained 7(-) to
obtain Ny fusion token outputs {hgfus)}j.v:fl The fusion to-
kens are averaged into a pooled embedding (3), ¢>-normalized
to yield the fusion representation f,, which serves as the re-
trieval query embedding.

Retrieval similarity. For a query embedding f,, the similar-

ity with each database element z{™™ is computed as
f .Z(mm)
g(a,mm) 1, = qTil’ i=1,..., Nyain, (10)

where S(@mm) ¢ RN collects the query-database sim-
ilarities, and 7, is a retrieval-specific temperature parameter
controlling the sharpness of similarity-based weighting.

Soft retrieval. Given similarities S(¢™™)[1, i] from (10), we
select the top-K entries and form a weighted reconstruction:

K .
R exp(S@mmM)[] 4
Jo =Y wiyi, wi=—f ( ( nEm)D —~- D
i=1 > exp (S [1,4])
The top-K matches are denoted as {S1, Ss, ..., Sk}, corre-

sponding to the highest similarity scores S(¢™)[1, ). The
soft weighting yields the final continuous estimate .

Offline

yi € R b D = {(s{™, 3:)} Vs omm) € RO
‘7‘ ‘Z(mm)
‘7‘ % ; Soft Retrleval
mm
T O=> gmm() .—)‘ZZ “E‘L_L
: - | .- | N mcn
\ » mm) | Sa¢ ~
e = | (N g
£
Inference-Time ci)rg/ (¢ yq € RO
- Sk %' o)
h(fus) =
w
h(fus) p
NI AR
— i=1
3 (fus))
th

Fig. 2. Beam-CLIP soft retrieval (inference). The database D is pre-
built offline by encoding mmWave samples with Gmm(+). At inference time,
a query C' (1) is processed by the multimodal transformer 7 (-), producing
fusion token embeddings (3). These are averaged into the query representa-
tion fq, which is compared via retrieval similarity (10) against all mmWave
embeddings z"™. The top-K matches {S1, S2, ..., Sk} are selected, and
a soft weighting step yields the final continuous estimate g4 (11).

3. EXPERIMENTAL SETUP

Employing the soft retrieval framework, Beam-CLIP’s ex-
perimental setup evaluates the pre-trained network’s BP per-
formance. We compare prior methods [7] that trained mod-
els for specific sensor modalities configurations with the best
Beam-CLIP retrieval results to establish a baseline for both
Line-of-Sight (LoS) and Non-Line-of-Sight (NLoS) perfor-
mance. Beam-CLIP employs an L-layer multimodal trans-
former 7 (-) with h attention heads, d-dimensional hidden
states, and Ny learnable fusion tokens for cross-modal ag-
gregation. Each attention layer uses a dropout rate r4. Full
architectural and training hyperparameters are summarized in
Table 1.

Table 1. Experimental configuration hyper parameters.

Architecture 7 (-) Training
Hidden Dim (d) 512 Optimizer AdamW
Heads (h) 8 Learning Rate (L) 1x10~4
Layers (L) 6 Weight Decay (Wq) 0.01
Dropout (rg) 0.1 Batch Size (B) 32
Fusion Tokens (Ny) 8 Epochs (e) 50
Total Params 72.3M Model Size 275.9 MB
Loss Configuration Modality Dropout
Contrastive (A\.) 1.0 Enabled Yes
Reconstruction (A,.) 1.0 Min Modalities (mmin) 1
Temperature (7.) 0.07 Max Modalities (mmax) S
Loss Type InfoNCE+MSE | Dropout Prob. (pq) 0.2
Retrieval Configuration
Top-K (K) 5 Similarity Metric Cosine

Retrieval Temp. (7,.) 0.07 Database D Sample Size 8,158

3.1. Dataset and Preprocessing

We evaluate our proposed scheme on three scenarios (32, 33,
34) from the DeepSense 6G dataset [2], totaling 11,656 sam-
ples with 70/15/15 train, validation, and test split, respec-
tively. Samples are classified as LoS/NLoS using a GPS-
based technique [7], resulting in 1618 LoS and 99 NLoS sam-
ples for our test set.
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Table 2. Beam prediction performance: LoS vs NLoS comparison. Prior work implemented based on [7].

Method LoS NLoS

Top-1A Top-3A  DBA Top-3B Top-3,3BA PR@3 | Top-1A Top-3A DBA Top-3B Top-3,3BA PR@3
Prior: LIDAR 0.37 071  0.81 0.70 0.88 0.97 0.03 0.14  0.18 025 0.43 0.93
Prior: Image 0.44 0.81 0.88 0.8l 0.96 099 | 0.05 012  0.17 028 0.48 0.93
Prior: Radar 0.38 075 0.84 0.75 0.92 0.98 0.06 0.10 0.16 025 0.40 0.92
Prior: GPS 0.45 0.81 0.88 0.81 0.96 099 | 0.01 0.06 0.08 028 0.41 0.92
Prior: All 0.46 083 0.89 0.84 0.97 099 | 0.04 0.11 0.17 025 0.49 0.93
Beam-CLIP Retrieval (All) 0.44 084 0.89 0.82 0.96 099 | 037 078 0.86 0.77 0.93 0.99
Beam-CLIP Retrieval (G+I+L) | 0.45 084 0.89 0.82 0.96 099 | 0.40 078 0.86 0.78 0.93 0.99
Beam-CLIP Retrieval (G+I+R) | 0.36 0.68 0.76 0.67 0.80 094 | 028 0.56 0.69 0.53 0.71 0.92

3.2. Evaluation Metrics

We evaluate Beam-CLIP using the following BP metrics.
Top-K 4 Accuracy verifies whether the ground-truth optimal
beam index is contained within the model’s top-K predic-
tions [2]. Top-Kp Accuracy checks if the beam predicted
with the highest power lies within the top-K beams ranked
by actual received power [7, 18]. Top-(K1, K3) Beams
Accuracy (Top-(K1, K3) BA) measures how many of the
top-K 5 predicted beams align with the top-K; beams from
the ground-truth ranking [7, 18]. Distance-Based Accuracy
(DBA) considers a prediction correct if the selected beam lies
within an angular neighborhood of the ground-truth optimal
beam [2]. Power Ratio (PR@ K ) computes the ratio between
the maximum received power among the top-K predicted
beams and the global maximum across all beams [7, 18].

4. RESULTS AND DISCUSSION

We evaluate Beam-CLIP across both LoS and NLoS scenarios
using image (I), GPS (G), LiDAR (L), and radar (R) modali-
ties to assess its BP performance (Table 2). All comparisons
are performed against strong late-fusion baselines evaluated
on the same benchmark [7], using their best-performing con-
figurations. We observed that Beam-CLIP (All) and (G+I+L)
are the top-performing variants and perform similarly, while
(G+I+R) is lower on all metrics, suggesting LiDAR provides
more reliable cues than radar under the current preprocessing
and training setup.

4.1. LoS vs NLoS Performance

Beam-CLIP demonstrates exceptional performance improve-
ments in challenging NLoS scenarios compared to prior meth-
ods [7]. While previous approaches achieve only 6% Top-
1A and 14% Top-3A under NLoS conditions, Beam-CLIP re-
trieval mode reaches 40% and 78%, respectively.

4.2. Real-Time Performance and Deployment Viability

Beam-CLIP supports real-time inference with an average
end-to-end latency of 17.5 ms (57 samples/s throughput), in-
cluding 1.95ms for retrieval over a 10,000 entry database,
while operating within a < 1 GB VRAM budget. The model
has 72.3M parameters (276 MB). Additional evaluation tests
scalability using a synthetic embedding database of up to
1,000,000 entries, showing retrieval latency that increases
linearly with database size without requiring changes to the

model or inference pipeline. These results indicate Beam-
CLIP’s is suitable for deployment in resource-constrained
and latency-sensitive edge environments.

4.3. Discussion

Beam-CLIP’s effectiveness arises from three factors: (1) a
masked multimodal transformer that enables flexible sensor
fusion and robustness to missing modalities; (2) contrastive
pre-training that yields semantically aligned embeddings
transferable to downstream tasks; and (3) an architecture that
frames BP as retrieval. The stronger gains under NLoS rel-
ative to LoS stem from the interaction between cross-modal
contrastive alignment, modality dropout during training, and
soft beam retrieval at inference. Beam-CLIP is trained on
all modalities while randomly dropping subsets, explicitly
encouraging robustness to occlusions and missing sensors
common at test time. At inference, retrieving and softly ag-
gregating beams from similar latent contexts captures shared
multipath structure, producing larger benefits in NLoS set-
tings where simpler predictors struggle. Although NLoS
evaluation is limited by few samples, the model consistently
improves NLoS performance over prior work on the same
dataset [7].

Our approach emphasizes end-to-end system behavior
and adopts established multimodal design practices, including
fusion tokens, auxiliary reconstruction losses, and modality
dropout. Future work will evaluate robustness, generalization
to unseen scenarios, and scalability by testing on larger, more
diverse mmWave datasets and broader NLoS conditions, in-
cluding higher dataset sizes and compute budgets. Moreover,
while we adopt a soft-retrieval mechanism for BP, alternative
retrieval strategies may also prove effective.

5. CONCLUSION

This paper presents Beam-CLIP, a multimodal framework
that extends CLIP to mmWave beam prediction by con-
trastively aligning heterogeneous sensor modalities with
beam patterns. We showed that CLIP-style contrastive
learning effectively aligns environmental sensor data with
mmWave channels, enabling accurate retrieval and real-time
beam prediction. Beam-CLIP achieves strong performance,
particularly in challenging NLoS scenarios, underscoring its
feasibility for practical deployment.
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