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Abstract. Autonomous personal mobility benefits greatly from the abil-
ity to predict executable spatial goals from language and front view image
alone. In this study, we focus on absolute target position prediction from
a language instruction and front view image, which requires referring ex-
pression disambiguation and absolute target localization without depth
cues. To address this, we propose AiSCREAM, a language-conditioned
target localization model based on cross-view vision-language reason-
ing. AiISCREAM constructs cross-view geometric semantic alignment be-
tween the front and an Aerial Semantic view, which is an overhead-view
image synthesized from the front image via a text-conditioned image-to-
image generation model. By preserving appearance-level scene charac-
teristics, the alignment can leverage language-conditioned semantic cues
and enable reliable absolute target localization from a single image. To
evaluate AiISCREAM, we constructed DRAMATIST, a benchmark that
introduces road and traffic diversity. The experimental results demon-
strated that AISCREAM achieved a mean absolute position error of
4.03 m on DRAMATIST, which outperformed baseline methods and hu-
man performance. The project page is available at https://ai-scream-
project-page.vercel.app/ .

Keywords: Vision and Language - Autonomous Driving - Language-
conditioned Target Localization

1 Introduction

Professional labor shortages in transportation services increasingly constrain
equitable access to mobility. To mitigate these challenges, prior work has ex-
plored autonomous personal mobility that assists users with mobility impair-
ments [20}28/44]. Such a system is expected to facilitate user-friendly interac-
tions. In particular, comprehending language instructions in complex surround-
ings is essential for safe and effective navigation. However, most existing methods
exhibit limited performance for such instructions.
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Fig.1: Overview of AiISCREAM. Given a language instruction and front camera
image, AiISCREAM predicts the target position and distribution in an ego-centric co-
ordinate system. AiISCREAM constructs a cross-view geometric semantic alignment
between the front view and an Aerial Semantic (AiS) view, an overhead-view image
synthesized from the front image via a text-conditioned image-to-image generation.

In this study, we focus on predicting an absolute target position from a lan-
guage instruction and a front camera image of the mobility. Fig. [I|shows a typical
use case for our task. When a user gives the instruction, “Turn left and stop next
to the bicycle,” it is required to predict the target position and distribution in an
ego-centric coordinate system. Our target task is challenging because it requires
grounding the language instruction to the visual scene to localize the intended
target position, and it also requires absolute target localization under limited
geometric and spatial information.

Existing methods including multimodal large language models
(MLLMs) often fail in such a task, and even humans exhibit large absolute
position error (see Sec. @ Conventional approaches are insufficient
because most of them do not use spatial information effectively. A naive extension
would be to use a classic bird’s-eye-view (BEV) representation [14}33][51] 58],
which is typically formed by metrically projecting features from the front view
onto the ground plane. However, in such projections, semantics are often reduced
to a few coarse categories, which results in weak cross-view cues with the front
image. As a result, reliably achieving absolute localization while maintaining
consistent instruction-conditioned language grounding remains challenging.

To address this limitation, we propose AiISCREAM, a language-conditioned
target localization model for an autonomous personal mobility. AISCREAM con-
structs cross-view geometric semantic alignment between the front and an Aerial
Semantic (AiS) view, which is an overhead-view image synthesized from the
front image via a text-conditioned image-to-image generation model . By
preserving appearance-level scene characteristics, this alignment can leverage
language-conditioned semantic cues and enables more reliable absolute target
localization from a single image. AiISCREAM differs from existing methods in
that it performs image-domain alignment between the front and an AiS view
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image, rather than a simple semantic-segmentation approach for the front view.
This design enables the proposed model to construct geometric semantic cue,
which improves the reliability of absolute target position prediction.
Our key contributions are as follows:
We propose a cross-view geometric semantic alignment representation, con-
structed from language-conditioned semantic segmentations of the front and
AiS view images.
We introduce the Height-based Cross-view (HC) loss to penalize initial pre-
dictions that overlap with obstacle regions, and incorporate MLLM Reshape
Localizer to re ne the initial predictions.
We construct DRAMATIST, a benchmark for front view images and naviga-
tion instructions that introduces road and tra ¢ diversity beyond the scope
of existing benchmarks.
Experimental results show that AISCREAM outperformed baseline methods
and even human performance in terms of standard metrics on the GRIN-
Drive and DRAMATIST benchmarks.

2 Related Work

Vision and language models (VLMs) for autonomous vehicles have been studied
actively. Progress in foundation models such as VLMs and MLLMs has intro-
duced strong semantic priors into driving perception [10, 26, 59, 66]. Zhu et al.
and Jiang et al. conducted comprehensive surveys of vision and language mod-
eling for autonomous driving, covering MLLM-based approaches and vision and
language action (VLA) models [26) 66].

2.1 Visual Grounding

Visual grounding in driving scenarios has been studied extensively across a range
of tasks, including referring expression comprehension (REC) tasks [13, 15,27,
37,5461, 63, 6b], referring expression segmentation (RES) tasks [5(7,31,32|39,
55,67/68], and referring navigable region (RNR) tasks| [20, 23, 24, 28,42, 44].
REC aims to localize an object speci ed by a natural language expression using
a bounding box [13) 15, 2I7, 37, 54, 61, 63, 65]. In autonomous driving contexts,
this formulation has been instantiated through datasets such as Talk2Car|[12],
which introduced REC into real driving scenes 15, 3], 54, €3]. Building on this
formulation, in previous studies, image-based 3D grounding was explored, where
language queries localize referred objects as 3D boxes in driving scenes from
monocular or multi-view observations [22,2%,62]. These approaches include BEV-
centric formulations that ground language on BEV representations to predict 3D
boxes [8] 16, 211].

To overcome the limitations of box-based localization for target grounding at
ner spatial granularity, RES was introduced. RES aims to predict a pixel-level
mask corresponding to the region referred to by the expression|[b|7,31,32,55,68],
which provides ner spatial grounding than box-based localization. Among these
formulations, the RNR task focuses on segmenting the navigable region speci ed
by a navigation instruction [20,23,24,28,42,44]. PDPC [20] uses a top-down lay-
out that fails to preserve instruction-speci ed colors, because its representation
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is e ectively at the line drawing level. LeGo-Drive predicts goal locations from
image instruction inputs using an explicit goal prediction module [42]. GEN-
NAV generalizes destination grounding to handle diverse instruction conditions,
including the existence and multiplicity of plausible targets [28].

The proposed method diers from existing approaches [20, 28, 44] that it
introduces cross-view geometric semantic alignment between the front view and
an Aerial Semantic views.

2.2 Language Models for Autonomous Driving

Language models for autonomous driving have recently shown promising results
by leveraging multimodal understanding and natural interaction with humans [4,

9, 35, 38,45 47, 69]. Existing approaches often use language models to reason
about driving scenes and predict trajectories or control commands [1,47,56,57].
More recent approaches, including VLA models [17,43,52], move closer to execu-
tion by explicitly connecting language-based reasoning with numerical planning
and control outputs and improving the alignment between semantics and actions.
For instance, ORION [17] bridges large language model (LLM)-style reasoning
and trajectory prediction through a dedicated planner to maintain consistency
between high-level intent and motion. SimLingo [43] jointly models driving and
language-centric tasks to strengthen language action alignment, thereby produc-
ing behaviors that compatible with query understanding. Typical VLA settings
couple language-conditioned scene understanding with action generation under
richer and more heterogeneous inputs (e.g., multi-camera, LIiDAR, and top-down
BEV representations) [17,43,52], whereas RNR focuses on grounding the target
position from a navigation instruction and front camera image.

2.3 Benchmarks

The surveys [10, 66] summarize commonly used benchmarks and datasets for
autonomous driving scene understanding, and highlight representative resources
such as Waymo Open Dataset [49], BDD100K [60], KITTI [18], and nuScenes [3].
Waymo Open Dataset provides synchronized camera LiDAR data with strong
3D detection and tracking annotations, whereas nuScenes o ers 360° surround
sensing with cameras, radar, and LiDAR, thereby serving as a widely used multi-
view 3D detection benchmark. Building on nuScenes, Talk2Car [12] augments
data with navigation commands that contain landmark-based referring expres-
sions and annotations for the referred landmarks, whereas GRiN-Drive [28] fur-
ther extends this setting by providing pixel-wise segmentation masks for intended
navigable regions. Complementing these scale-oriented benchmarks, THMA [50]
and DRAMA [36] broaden dataset diversity from the perspective of data sources
and geographic coverage.

3 Method

3.1 Problem Statement

In this paper, we focus on the Referring Navigable Position Localization (RNPL)
task, which involves identifying the absolute target position in an ego-centric
coordinate system given a natural language navigation instruction and a front
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camera image taken from a moving mobility. In this task, the model is expected
to predict the target position and distribution indicating an acceptable region.
Fig. 1 shows an example of the RNPL task. Given a natural-language in-
struction (e.g., Turn left and stop next to the bicycle.) and a front camera
image, the goal is to predict the target position and distribution in an ego-
centric coordinate, visualized as a red point and a green region, respectively
(e.g., (X;y;r) =(3:0[m]; 10:0[m]; 2:0[m])). We assume that the target position
is visible within the image. Furthermore, we do not address trajectory predic-
tion toward the target position, because existing lower-level planning and control
modules are already capable of generating feasible trajectories with su cient re-
liability in practical applications.
We de ne the terms used in this study as follows: A navigation instruction
is a natural language instruction that guides the mobility to a destination. The
target position is the position specied in the given navigation instruction.
A landmark is to an object used as a reference when the target position is
speci ed.

3.2 Overview

We propose AISCREAM, a language-conditioned target localization model for
an autonomous personal mobility. AISCREAM extends language-conditioned
localization methods [20, 24, 28, 42, 44, 55, 68] with cross-view alignment and
prediction-conditioned re nement. In our method, we introduce a cross-view
geometric semantic alignment representation that is constructed using semantic
segmentation from both the front and Aerial Semantic (AiS) views as structural
cues. The AIS view is an overhead image synthesized from the front image us-
ing a text-conditioned image-to-image generation model (e.g., Nano Banana [19]
and Qwen Image Edit [53]). Because the synthesis preserves appearance-level
scene characteristics, the alignment provides language-conditioned structural
cues. The framework jointly captures appearance semantics and ego-centric spa-
tial structure through complementary cross-view signals, and is applicable to
vision language grounding models for autonomous vehicles.

Fig. 2 shows the structure of AISCREAM. AiISCREAM consists of two main
modules: AiS Cross-View Representation Alignment Module (AIRAM), and Multi
Task Absolute Position Localizer (MTAPL). We de ne the model input x as fol-
lows: X = X img; Xinst 9, Where Ximg 2 R3WH  and xinet 2 f0;1gY - denote a
front camera image and navigation instruction, respectively and W, H, V and
L denote the width of the image, height of the image, vocabulary size, and max-
imum token length, respectively. We pre-process st Using Qwen3-Embedding-
0.6B [64] to obtain the linguistic features.

3.3 AIS Cross-View Representation Alignment Module

AIRAM introduces a cross-view geometric semantic alignment representation g,
that is constructed using semantic segmentation from both the front and AiS
view images as structural cues. Unlike metric-projection-based BEV or top-down
representations, an AiS view is generated in the image domain and preserves
appearance-level scene characteristics similar to those in the front view. This
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Fig. 2: Overall architecture of AISCREAM. AIRAM (green) constructs a cross-

view geometric semantic alignment representation using semantic segmentations from
the front and AiS view images as structural cues. MTAPL (blue) uses a two-stage
pipeline that predicts an initial target distribution and then re nes it with MLLM
Reshape Localizer. Img enc, Front head, Abs head and AiS head represent an
image encoder followed by an MLP projection, a front segmentation head, an absolute
target prediction head and an AiS view segmentation head, respectively.

allows both views to be processed with a shared image encoder and semantic
mask extraction, which enables cross-view semantic alignment through language.

Given Ximg , We rst generate an AiS view image X,is using the AiS generator.
The AIiS generator synthesizes an overhead view from a front image using a text-
conditioned image-to-image generation model (e.g., Nano Banana [19] and Qwen
Image Edit [53]). Then we obtain semantic segmentations for both views using
cross-view consistent semantic segmentation (CVSS).

CVSS uses language-conditioned segmentation models (e.g., SAM3 [5]), us-
ing text prompts to specify semantic categories that characterize the scene. The
resulting masks remain comparable across viewpoints. The use of CVSS is im-
portant because standard semantic segmentation models are trained on non AiS
view image distributions, which can introduce view-dependent prediction bias
when applied to AiS view geometry. Therefore, we adopt language-conditioned
segmentation, which conditions predictions on language-speci ed categories and
yields semantic cues that are shared across viewpoints. Unlike metric-projection-
based BEV representations that encode semantics with only a few coarse cat-
egories, our approach yields ne-grained per-pixel estimations, which provides
stronger cross-view cues for aligning the front and AiS view images.

Next, given Ximg and Xajs, we obtain hing and has by encoding each image
with an image encoder [41, 48] with an MLP projection. Similarly, given the
CVSS segmentation outputs of Xmg and Xais, we obtain hseg and haisseg USINg
the same encoder and projection head. To inject structural cues and align the
two views, we use bidirectional cross-attention (BiCA), de ned as

BiCA(a;b) = CA(a;b); CA(b;a) ; (1)
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where a and b are two arbitrary vectors, CA(a; b) performs cross-attention using
a as queries and b as keys and values, and [ ; ] represents concatenation.

We fuse the image and its segmentation results within each view using BiCA,
and then align the resulting fused representations across views using BiCA. The
nal cross-view representation hg, is computed as

hey = SA BIiCA BIiCA(h img » hseg); BICA(h ais; haisseg) ; )

where SA() denotes self-attention. This design allows the semantic segmenta-
tion masks to act as explicit structural anchors, whereas cross-view attention
integrates semantic cues with spatial structure across viewpoints to yield B,
that jointly captures semantics and ego-centric geometry.

3.4 Multi Task Absolute Position Localizer

MTAPL consists of a two-stage prediction pipeline. It rst predicts an initial
target position and distribution, and then re nes this prediction using MLLM
Reshape Localizer. For the initial prediction stage, MTAPL predicts an absolute
target position Y45, which serves as the initial prediction. In the second stage,
an MLLM is used to re ne the initial prediction. Unlike direct MLLM-based pre-
diction, the localizer performs prediction-conditioned re nement by conditioning
on an overlaid point and its predicted numeric value, which enables correction
relative to the referenced prediction.

The module takes h, and the language embeddings of xs; as inputs. They
are fused via a Hadamard product and encoded by a transformer to obtain a
shared latent representation. Given this representation, a front segmentation
head, AiS view segmentation head, and absolute target prediction head predict
Yot 2 R, Yais 2 R3, and Yaps 2 R3, respectively. The front segmentation head
and absolute target head serve as primary heads, and provide region-level target
cues and direct positional estimates, respectively, whereas the AiS view segmen-
tation head is trained with an auxiliary loss (see Eg. 3) to provide complementary
AiS view structural cues.

In the second stage, we further re ne the initial prediction using MLLM Re-
shape Localizer that conditions on a visual prompt constructed by overlaying
Pabs ONtO Ximg . Given the Yaps overlaid image and Xnst , the localizer assesses
whether the predicted target position and distribution are physically and con-
textually plausible, and predicts a corrected target position and distribution yps
when the initial prediction is judged implausible. Details of the prompt are pro-
vided in the Supplementary Material. Finally, the model outputs yups = (%; ¥; 1),
where (%; ¥) denotes the target position coordinates and rdenotes the radius of
a circular region representing its target distribution.

3.5 Height-based Cross-View Loss

We introduce the HC loss, which incorporates complementary cross-view super-
vision terms and penalizes predictions that overlap with obstacle regions. The
HC loss is de ned as:

Liuc = abs 1(Yabs:Yabs) + ais 1 (Yais: Yais) *  obsLobs; 3
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where Yaps and yais denote the ground-truth target position and ground-truth
region in X,s. Furthermore, L o5 penalizes overlapping of the predicted target
region and an obstacle mask. The overall loss function L is de ned as follows:

L="1(Yont ;¥Yfront ) + L nc; 4)

where "1(; ) and y#ont denote the 71 loss and the ground-truth target region in
Ximg , respectively.

4 Experiments

4.1 Experimental Setup

Benchmark. We used the single target subset of the GRiN-Drive [28] bench-
mark and our newly constructed DRAMATIST benchmark for the RNPL task.
The dataset for the RNPL task is expected to include front camera images anno-
tated with natural language instructions and corresponding target positions. The
GRIN-Drive benchmark provides such instructions and images with annotations
and serves as a standard benchmark for this setting. However, using a single
benchmark alone can be insu cient because benchmark-speci ¢ data collection
can induce dataset biases. For example, the single target subset of GRiIN-Drive is
built on nuScenes [3], which was collected in only a few urban areas. As a result,
the distributions of tra c rules, road layouts, vehicle types, and urban visual
appearance can be biased toward those regions, and evaluation on such data may
overestimate performance. To enable a controlled assessment under the RNPL
annotation format, we constructed a novel DRAMATIST benchmark based on
the DRAMA dataset [36]. This benchmark enables the systematic evaluation of
cross-regional and cross-tra c-systems.

We constructed the DRAMATIST benchmark from the DRAMA dataset [36],
which targets joint risk localization and captioning in driving. The DRAMA
dataset provides noun phrases that denote candidate landmark entities (e.qg.,
pedestrians or objects) in each frame, along with their associated bounding
boxes. Using these noun phrases, we generated navigation instructions by pop-
ulating prede ned templates (e.g., Stop next to <noun phrase>) and asked
human annotators to identify the corresponding target position. Details of the
annotation procedure are provided in the Supplementary Materials.

Finally, we converted the target position annotations into 3D target posi-
tions using a monocular depth estimator [30] and applied the same conversion
procedure to the other benchmarks for consistency. Speci cally, we de ned the
centroid of the annotated binary mask as the 2D target center and the radius
r of the largest inscribed circle within the mask as the target region. Using a
monocular depth estimation model, we converted the 2D target center into a
3D target position in the egocentric coordinate system. We stored this target
position as the ground-truth target for each sample in the benchmark.

The statistics of GRIN-Drive and DRAMATIST benchmarks are summa-
rized as follows: they contain 10,020 and 6,241 samples, and have vocabulary
sizes of 2,736 and 573, total word counts of 106,972 and 108,771, and average
sentence lengths of 10.68 and 17.43 words, respectively. The target positions of
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the DRAMATIST benchmark were provided by 218 annotators, averaging 28.6
samples per annotator.

We divided the GRIN-Drive benchmark into training, validation, and test
sets, which contained 8,349, 1,163, and 508 samples, respectively. We divided
the DRAMATIST benchmark into training, validation, and test sets, which
contained 4,362, 949, and 930 samples, respectively. We followed the original
split [28, 36] because adopting a di erent dataset split would lead to an unfair
comparison with the baseline methods. We used each training set to train the
models, each validation set for adjusting their hyperparameter, and the cor-
responding test set to evaluate the models. We resized the original images to

2240224 to reduce computational cost.
Baselines. We used Rufus et al. [44], GSVA [55], GENNAV [28], SAM3 [5],

SimLingo [43], ORION [17], Alpamayo-R1 [52], Qwen3-VL-8B [2] and GPT-
5.2 [40] as the baseline methods. We used each method as a baseline method for
the following reasons: We selected Rufus et al., GSVA, GENNAV, and SAM3 as
the baseline methods because of its successful application to the GRNR task,
which is closely related to the RNPL task. Moreover, GPT-5.2 and Qwen3-VL
are representative multimodal LLMs that have been pre-trained on large-scale
datasets and have demonstrated outstanding performance on various vision and
language tasks [2,40]. Finally, we selected ORION, SimLingo, and Alpamayo-R1,
an end-to-end VLA method, because they have been reported to achieve strong
performance in autonomous driving trajectory generation. In our comparative
experiments, we considered three baselines and standardized their evaluation

protocols as follows:
Segmentation-based baselines: We ne-tuned Rufus et al., GSVA, GENNAV, and

SAM3 using the hyperparameter settings reported in the original papers [5, 28,
44,55]. Because they are 2D segmentation-based approaches and do not directly
output a metric target position, we converted their predicted masks into target
positions in metric ego-centric coordinates. Speci cally, we (i) computed the
centroid of the predicted binary mask as the 2D target center and (ii) calculated
the radius r as that of the largest inscribed circle within the mask to obtain a
target position. Following the same procedure used in dataset construction, we
used a monocular depth model for the conversion into the target position in the
ego-centric coordinate system.

Zeroshot VLA baselines: To compare the capabilities of VLA-style policies for au-
tonomous driving, we used ORION [17], SimLingo [43], and Alpamayo-R1 [52] in
a zero-shot setting. We executed them on a single front image without temporal
history, conditioned on the given instruction, and used its output for comparison.
Zeroshot MLLM baselines: As a baseline comparison with representative MLLMs,
we conducted zero-shot evaluation using GPT-5.2 and Qwen3-VL. Prior works
reported that such MLLMs can predict approximate metric distances from im-
ages, which motivated their inclusion as baselines [11, 29]. We rst ran pre-
liminary experiments with more than ten prompt variants and selected the
prompt that achieved the best validation performance. Then for robustness, we
repeated inference ve times by varying the temperature parameter. Details of
the prompts are provided in the Supplementary Material.
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Table 1: Quantitative comparison between the proposed method and baseline
methods on each test set of the GRiIN-Drive and DRAMATIST benchmark. The best
score for each metric is in bold and the second-highest score is_underlined.

Vethod GRIiN-Drive DRAMATIST

RMSE [ml#  AED [m]# mioU [%]" RMSE [m}#  AED [mJ#  mioU [%]"
Rufus et al. [44] 3530 3.51 1857 1.24 264 0.26 3791 475 1972 1.60 0098 0.02
GSVA [55] 2558 042 21.83 015 253 041 2215 034 1815 025 0.84 0.02
GENNAV [28] 1051 052 635 0.35 7.25 0.31 856 0.52 645 0.60  2.83 0.49
SAMS3 [5] 7422 0.75 4467 043 049 0.01 3385 027 16.37 0.4 071 0.01
SimLingo [43] 2564 0.28 21.79 0.19 - 2219 006 1884 0.19
ORION [17] 30.27 0.00 28.34 0.00 - 30.67 0.00 28.22 0.00
Alpamayo-R1 [52] | 27.15 0.04 23.23 0.04 - 21.42 003 17.72 0.02
Qwen3-VL-8B [2] | 27.05 0.94 23.00 123 0.42 0.02 18.25 0.07 1379 0.06 0.76 0.08
GPT-5.2 [40] 1244 015 9.07 013  6.26 0.16 11.29 024 7.91 008 3.22 0.17
AISCREAM (ours) | 4.72 0.4 3.95 009 11.89 0.69 500 0.05 4.03 002 6.16 0.37
Human 745 050 400 020  4.82 0.56 7.00 1.62 469 1.20 6.50 0.63

Metrics. We used root mean squared error (RMSE), average euclidean distance
(AED), and mean intersection over union (mloU), which are standard evaluation
metrics for regression and segmentation tasks, with RMSE as the primary metric.
Details of the metrics are provided in the Supplementary Material.
Implementation Details. Our model had approximately 41.5M trainable pa-
rameters and 662M multiply-add operations. We trained our model on a GeForce
RTX 4090 with 24 GB of GPU memory and an Intel Core i9-13900KF with 64
GB of RAM. The training time for the proposed model was approximately 3
hours on the GRIN-Drive dataset. The inference time of the proposed model
itself was approximately 9 milliseconds per sample. By contrast, the end-to-end
inference time was approximately 10.3 seconds, which was largely attributed to
pre-processing, particularly the AiS generator (approximately 8 seconds). Exper-
imental settings of the proposed method are provided in Supplementary Materi-
als. In AISCREAM, we employed the following pre-trained models. In AiRAM,
we used Nano Banana [19], SAM3 [5], and DINOv3 [48] as the AiS generator,
CVSS, and the image encoder, respectively. Details of the prompt used for the
AiS generator are provided in the Supplementary Materials. In MTAPL, we used
GPT-5.2 [40] as the MLLM for MLLM Reshape Localizer.

4.2 Quantitative Results

Table 1 shows the quantitative comparison between the proposed method and
baseline methods on each test set of the GRiIN-Drive benchmark and DRAMA-
TiST benchmark. The best score for each metric is in bold and the second-
highest score is_underlined The reported values are the mean and standard
deviation over ve trials.

Table 1 shows that AiISCREAM outperformed the baseline methods for RMSE,
AED, and mloU on the GRIN-Drive and DRAMATIST benchmarks. Speci -
cally, AiISCREAM resulted in an RMSE of 4.72 m on GRIiN-Drive and 5.00 m
on DRAMATIST, whereas the best baseline reached 10.51 m and 8.56 m, re-
spectively. This corresponds to RMSE reductions of 5.79 m on GRIiN-Drive and
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