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Abstract

3D large multimodal models (3D LMMs) rely heavily on ego

poses for enabling directional question-answering and spa-

tial reasoning. However, most existing point cloud bench-

marks contain rich directional queries but lack the corre-

sponding ego poses, making them inherently ill-posed in

3D large multimodal modelling. In this work, we redefine

a new and rigorous paradigm that enables direction-aware

3D LMMs by identifying and supplementing ego poses into

point cloud benchmarks and transforming the correspond-

ing point cloud data according to the identified ego poses.

We enable direction-aware 3D LMMs with two novel de-

signs. The first is PoseRecover, a fully automatic pose re-

covery pipeline that matches questions with ego poses from

RGB-D video extrinsics via object–frustum intersection and

visibility check with Z-buffers. The second is PoseAlign

that transforms the point cloud data to be aligned with the

identified ego poses instead of either injecting ego poses

into textual prompts or introducing pose-encoded features

in the projection layers. Extensive experiments show that

our designs yield consistent improvements across multi-

ple 3D LMM backbones such as LL3DA, LL3DA-SONATA,

Chat-Scene, and 3D-LLAVA, improving ScanRefer mIoU by

30.0% and Scan2Cap LLM-as-judge accuracy by 11.7%.

In addition, our approach is simple, generic, and training-

efficient, requiring only instruction tuning while establish-

ing a strong baseline for direction-aware 3D-LMMs.

1. Introduction

Generalist point cloud 3D large multimodal models (3D-

LMMs) pursue broad competence in 3D scene under-

standing and reasoning, targeting key tasks such as object

grounding [25, 49, 56, 58], referring [1, 5, 57], question

answering [2, 55], ego position reasoning [34], object cap-

tioning [10, 59], route planning [43], segmentation [18, 44],

detection [45], etc. Such enabling represents a key step to-

wards the visual-cognitive core of future embodied agents
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(a) Direction-agnostic 3D LMM (b) Direction-aware 3D LMM

Q: Where is the bathroom placed relative to 

the bed?

Left Right Left

Figure 1. Ego pose is critical in spatial reasoning and understand-

ing. (a) Direction-agnostic 3D LMMs are struggling to reason spa-

tial directions due to the absence of ego-pose information. (b) In-

corporating ego pose resolves directional ambiguity, enabling con-

sistent and robust spatial reasoning.

[14, 22]. In particular, an ideal generalist 3D-LMM should

possess persistent awareness of ego poses and spatial direc-

tions in the world coordinate for accurate understanding of

3D input data [41, 52], robust and alias-free spatial reason-

ing [14, 60], and safely navigating in 3D environments [22].

Ego-pose awareness entails distinguishing lateral direc-

tions (e.g., ‘left’, ‘right’, ‘front’, ‘back’) that are defined ac-

cording to a reference frame [15]. Two forms of directions

have been widely adopted: 1) Egocentric Direction that de-

fines spatial relations relative to the agent’s own body axes

(e.g., ‘the object is on my left’) and 2) Allocentric Direction

that defines spatial relations relative to an external anchor

(e.g., ‘the man is on the left of his car’). For indoor scenar-

ios where the anchor has no canonical axes, like a plate or

a table, the reference of the allocentric direction falls back

to the ego agent [15]. Hence, an ego pose is essential to

reconcile the two forms of directions to achieve consistent

spatial reasoning and understanding by 3D LMMs.

However, most existing 3D indoor datasets such as Scan-

Refer [5], Multi3DRefer [61], ScanQA [2], Scan2Cap [10],

and Nr3D [1] contain many allocentric directional queries
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but provide no explicit ego poses, positioning spatial rea-

soning ill-posed and hindering the acquisition of persistent

ego pose awareness as illustrated in Figure 1. This omis-

sion largely stems from their assumption of a global third-

person rather than an egocentric first-person perspective of

the scene. Prior studies address this omission mostly by

creating new datasets instead of rectifying existing ones,

requiring 3D LMMs to infer ego poses while responding

to spatial queries [34, 60]. Actually, inferring ego poses

as a latent variable is conceptually redundant, as ego poses

are already available when an embodied agent collects in-

door point clouds via simultaneous localization and map-

ping (SLAM) [36]. To this end, we propose to directly in-

corporate the readily available pose data as model inputs

due to two factors: (1) it rigorously resolves the directional

ambiguity in existing 3D indoor benchmarks; (2) it does not

affect the application scope of 3D LMMs by leveraging the

‘free-lunch’ pose in the practical embodied workflow. More

discussion is available in section A.1.

For efficient implementation, we enable the new

paradigm with two new designs. The first is PoseRe-

cover, an automatic pose generation pipeline that addresses

the lack of ego poses in existing benchmarks. Specifi-

cally, PoseRecover retrieves question-related camera poses

from ScanNet RGB-D sequences by matching camera frus-

tums with relevant object annotations such as segmentation

masks, bounding boxes, and location annotators, leading to

a list of candidate camera poses for online training or infer-

ence. During the forward pass, candidates undergo various

screenings to purge opposite-view errors and ensure authen-

ticity while maintaining a certain degree of variety. The

second is PoseAlign, a simple solution that incorporates the

identified ego pose into point cloud data to enable their in-

terpretation by existing 3D LMMs. Specifically, PoseAlign

repositions point clouds to align with the identified ego

poses, enabling universal direction-awareness across exist-

ing 3D LMMs of different architectures. Thanks to the co-

ordinate sensitivity of pretrained point cloud encoders, the

direction awareness can be boosted without even tuning the

encoder of 3D LMMs.

The contributions of this work can be summarized in

three major aspects. First, we identify that most existing

3D LMM benchmarks suffer from ill-posed directions and

propose a new paradigm that mitigates this problem effec-

tively by incorporating an ego pose. Second, we design

PoseRecover and PoseAlign, the former being a pose gen-

eration pipeline that addresses the ill-posed problem in 3D

LMM benchmarks by recovering mission-critical pose data,

and the latter being a simple yet effective modifier that en-

ables direction-awareness for existing 3D LMMs by inject-

ing pose data into the point cloud. Third, extensive experi-

ments show that our approach improves the direction aware-

ness substantially and consistently across 4 different bench-

marks and all 3D LMM architectures.

2. Related Work

2.1. Indoor 3D LMM Benchmarks

Following the huge success of 2D visual understand-

ing benchmarks [32, 33] and the richly-annotated indoor

datasets [4, 12, 49], the first batch of 3D understanding

benchmarks [1, 55, 57] take similar approaches to link ob-

jects with text descriptions in 3D with expert human annota-

tors, achieving a stunning variety and volume of tasks, e.g.,

referral [5], captioning [10], and question-answering [2].

While one could argue that their human-centric pipelines

implied the viewing direction must be from a human stand-

ing inside the room, not explicitly defining such poses

causes their questions to be inherently ill-posed [60]. Of-

ten completed by crowdsourcing, these benchmarks could

never again accurately recover those poses.

Later attempts to improve directional awareness [16, 17,

25, 34, 49, 60] have recognized this problem but failed to

fully address it. SQA3D [34] provides a text description

of an ego situation and a QA pair that requires spatial rea-

soning. While the text description implicitly conveys the

ego pose, this approach introduces textual ambiguity and is

not practically meaningful in real-world applications, where

ego pose descriptions are not always available. View2Cap

[60] proposes the Situation Grounding module, which takes

in a frustum-cropped partial point cloud and regresses the

associated camera pose. However, pose regression is far

from textual reasoning with direction awareness, thus its ef-

fect is limited. Scene-LLM [16] enhances egocentric aware-

ness using a two-step inference scheme, with first an ego-

centric frustum-cropped point cloud and then a scene-level

point cloud. However, this approach is unnecessarily com-

plex and uses proprietary code and data. Furthermore, these

methods all set new benchmarks rather than altering exist-

ing ones, which still suffer from the problem of ill-posed

directional definition.

2.2. 3D LMMs

2D-based 3D LMMs. Based on powerful 2D-pretrained

networks, e.g., CLIP [42], DINOv2 [39], and LLAVA-

Video [62], this line of research focuses on projecting RGB-

D image features back to 3D for understanding [16, 19, 53,

63]. 3D-LLM [19] explored a mixture of projection meth-

ods, including direct projection, SLAM [29], and NeRF

[35]. Video-3D-LLM [63] and Spatial-MLLM [53] parse

the scene as an RGB-D video with pretrained video- or

vision-language-models (VLMs). These methods introduce

implicit information of ego pose in the images, therefore

can be seen as natural implementations of our method.
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(c) Z buffer 

visibility check

RGB image

[{

    ‘scene’: ‘scene0203_00’,
    ‘valid_obj_ids’: [0,1,2,…],
    ‘pose_files’: [‘0.txt’,‘25.txt’,…],
    ‘cam_object_intersections’:[
        [0.0, 0.231, 0.01, …]
        …
        [0.0, 0.60, 0.12, …]
    ]

},{

    ‘scene’: ‘scene0203_01’,
    ‘valid_obj_ids’: [0,6,7,…],
    ‘pose_files’: [‘25.txt’,‘50.txt’,…],
    ‘cam_object_intersections’:[
        [0.116, 0.0, 0.0, …]
        …
        [0.01, 0.02, 0.30, …]
    ]

},…]

(d) Pose list (saved)

(b) Frustum-object 

intersection check 

40% Outlier

Frustum

60% Intersection

   

(a) Point cloud,

 

camera

poses
 

and
 

objects

Figure 2. The offline data generation pipeline for PoseRecover. (a) Object annotations and camera poses are obtained from ScanNet-

v2 [12]. Camera poses and objects are downsampled for visibility. Zoom in for details. (b) PoseRecover exhaustively calculates the

intersection rates between objects and camera frustums. (c) Visibility of the intersection is further validated with a z-buffer. (d) These

intersection rates are saved and later sampled during training or inference to supplement ego poses to models.

Detector-based 3D LMMs. To reconcile between com-

putational complexity and loss of task-centric information,

these methods choose 3D detection [45] or instance seg-

mentation [44] to encode objects as LLM input tokens

[9, 18, 21, 22, 50, 64]. For example, Chat-Scene [21] ex-

tracts object-centric features via a pretrained detector and

passes these object features as tokens using a unified ob-

ject identifier token. However, these methods are inherently

limited by the detector capability and ignore background in-

formation, which is essential for reasoning in real scenarios.

3D-backbone-based 3D LMMs. This line of method

processes the scene-level point cloud in a single forward

pass which is then compressed and sent to LLM for rea-

soning [8, 14, 23]. LL3DA [8] encodes scene-level features

through a Q-Former [31] for natural human interaction. In-

spired by superpoint transformers [28, 30, 46], 3D-LLAVA

[14] completes point cloud processing and compression si-

multaneously using the cluster centers, i.e., superpoints, as

tokens. Due to natural processing of scene contexts, these

methods achieve state-of-the-art performance but are highly

contingent on the point cloud encoder design.

3. Data Pipeline

Existing point cloud benchmarks, including ScanQA, Scan-

Refer, Multi3DRefer, SQA3D, and Scan2Cap, contain 40%

to 95% direction-critical queries according to our analysis,

yet they omit the camera pose information required to de-

termine the ego agent’s directional context. As analyzed

in Section 1, this omission renders a significant portion of

questions ill-posed with respect to egocentric or allocen-

tric direction understanding. To address this, we introduce

PoseRecover, a fully automatic pipeline that recovers ego

poses for all text–scene pairs. We first introduce the ques-

tion analysis to establish our motivation, then introduce the

offline PoseRecover pipeline as depicted in Figure 2, which

matches the question-specific ground-truth object annota-

tion with the camera frustums, and finally introduce two

pose selection strategies for online training or inference.

3.1. Question­Level Analysis

We first quantify the degree of directional ambiguity in

existing datasets. An open-source large language model

(GPT-OSS-20B [38]) is prompted with a series of ques-

tion–answer pairs and tasked to determine whether answer-

ing the question requires explicit lateral direction reasoning

(e.g., “left”, “behind”, “in front of”) [51]. We kindly refer

readers to C for the full prompt and B.2 for detailed results.

This binary judgment establishes the direction-critical sub-

sets of existing datasets, which guide the downstream pose

recovery stage. Across datasets, we find that between 40%

to 95% of the questions require directional reasoning and

are therefore ill-posed without ego-pose supervision.

3.2. Pose Supplementation via PoseRecover

Given the intrinsic and extrinsic parameters of the raw

RGB-D sequences in ScanNet-v2, we compute the 3D cam-

era frustums (a visible pyramid with near and far cutoff) and

measure their spatial intersection with question-related ob-

jects, and save all normalized intersection values into a pose

list. Multiple forms of object annotations are supported:

Segmentation-based. For segmentation masks, every

point in the point cloud is projected into the image plane

using the camera intrinsic and extrinsic, forming a Z-buffer

following Equations 1-3:

(x′
i, y

′
i, z

′
i)

⊺ = R−1(pi − t), (1)

(ui, vi, 1)
⊺ = ⌊K(x′

i, y
′
i, z

′
i)

⊺/z′i⌋, (2)

Zui,vi
P = min

j|(uj ,vj)=(ui,vi)
(z′j),

s.t. pi, pj ∈ P, 0 ≤ ui < U, 0 ≤ vi < V,
(3)

9670



(a) Vanilla

Point Cloud

Encoder

Prompt

Answer

Projection

LLMLoRA

(b) PoseAlign-Transform

Point Cloud

Encoder

Prompt

Answer

Pose

Projection

LLMLoRA

Prompt

(c) PoseAlign-Embed

Point Cloud

Encoder

Answer

Pose

Projection*

LLMLoRA

(d) PoseAlign-Prompt

Point Cloud

Encoder

Prompt*

Answer

Pose

Projection

LLMLoRA

Figure 3. Three viable designs for PoseAlign. We explore three mutually exclusive designs to incorporate ego poses into the vanilla

model in (a): 1) PoseAlign-Transform that shifts point clouds to the ego reference frame in (b); 2) PoseAlign-Embed that encodes ego

poses into point cloud features in (c); 3) PoseAlign-Prompt that integrates ego poses into the text prompt in (d). The projection layer and

the LoRA [20] weights of the LLM are trained with instruction-tuning.
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Figure 4. Effect of the pose clipping. The KDE [47] of maxi-

mum yaw difference among pose candidates rapidly concentrates

around zero with increasing clip ratio in ScanQA. Higher clip ratio

reduces data variety but boosts pose stability.

where ZP ∈ R
U×V is the Z-buffer, P ∈ R

n×3 is the point

cloud, K, (R|t) are the intrinsic and extrinsic, U, V are the

Z-buffer sizes, and ⌊·⌋ is the floor operation. A visibility

mask is established by depth-buffer comparison, where only

the visible points are counted:

ϕseg =
1

|Mobj |

∑

k∈Mobj ,0≤uk<U,0≤vk<V

I
[

z′k < Zuk,vk

P +δ
]

(4)

where Mobj is the segmentation mask consisting of point

indices for the object, the margin δ = 10−6 tolerates numer-

ical instability, and I[·] is the Iverson Bracket. The intersec-

tion ratio ϕseg is then defined as the proportion of visible

object points lying within the frustum.

Bounding-box-based. As closed-form intersection be-

tween bounding box and frustum can be hard to calculate,

we apply Monte-Carlo sampling in the box for an estima-

tion of the intersection ratio ϕbox with Equation 5:

ϕbox =
1

|Psample|

∑

p∈Psample

I[p ∈ F ],

s.t. Psample = meshgrid(h,w, l,∆) + ϵ,

(5)

where F is the frustum region, h,w, l are the bounding box

sizes, ∆ is a predefined grid size, meshgrid(·) is a function

that generates uniform spatial grid, and ϵ ∈ [0,∆)
h
∆
×w

∆
× l

∆

are random noises.

Point-based. For datasets that provide only a single ob-

ject location [9], we compute the normalized pixel distance

ϕpoint between the projected object pixel and the image

center following Equations 6-7, where smaller distances im-

ply larger intersections:

(uobj , vobj , 1)
⊺ = ⌊KR−1(pobj − t)/z′obj⌋ (6)

ϕpoint =







1−

∥

∥(U
2
−uobj ,

V
2
−vobj)

∥

∥

2
∥

∥

(

U
2
,V
2

)
∥

∥

2

if 0≤uobj<U,
and 0≤vobj<V

0 else

(7)

where pobj ∈ R
3 is the object center coordinate, and z′obj is

the camera-view depth following Equation 1.

These intersection ratios are exhaustively calculated be-

tween all camera poses and objects, yielding a camera-

object intersection matrix for each scene as depicted in Fig-

ure 2(d). Thanks to vectorized implementation, the visibil-

ity check costs less than 40 minutes for ScanNet-v2. We

refer readers to section A.1 for more discussions.

3.3. Pose Selection Strategy

During the forward pass, we retrieve the question-specific

column of the camera-object intersection matrix using the

ground-truth object annotation in existing datasets. Among

the candidate camera poses with non-zero intersection, we

evaluate two strategies: (1) Top: Selecting the pose with

the highest intersection ratio, and (2) Clip: Random sam-

pling after discarding the top and bottom X% non-zero

scores, where X is the clip ratio. Empirically, the second

method with a mediocre X performs better, as it reduces

outlier cases like opposite views with 180° yaw difference

among candidate poses while still retaining decent variety,

as shown in Figure 4. This final camera pose serves as the

ego reference frame for the language query, enabling an au-

thentic definition of direction semantics across all datasets.
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4. Method

Owing to the absence of ego-pose information in existing

benchmarks, current 3D LMMs are not designed to ac-

cept pose data as direct input. To bridge this gap, we de-

sign and compare three PoseAlign variants as displayed

in Figure 3, each augmenting a common backbone (e.g.,

3D-LLAVA-style architecture) with ego-pose information

through a different pathway: (1) point cloud transforma-

tion (PoseAlign-Transform), (2) projection-layer positional

embedding (PoseAlign-Embed), and (3) pose prompt injec-

tion (PoseAlign-Prompt). All variants finetune the multi-

modal projector and the LLM (if applicable) jointly under a

LoRA-based adaptation scheme.

4.1. PoseAlign­Transform

This variant directly transforms the input point cloud into

the recovered camera coordinate frame:

(Paligned|1)
⊺ = UT −1(P|1)⊺,

s.t. T =

(

R t
0 1

)

,U =









0 0 1 0
−1 0 0 0
0 −1 0 0
0 0 0 1









,
(8)

where P is the point cloud, (R|t) is the camera extrin-

sic matrix, and U transforms right-down-front camera co-

ordinate to front-left-up coordinate for alignment with the

pretrained point cloud encoder. This operation aligns the

spatial distribution of scene points with the ego-viewing di-

rection, ensuring that “left” and “right” are consistently ex-

pressed in the egocentric frame. Because the transformation

preserves all geometric relationships, no architectural mod-

ifications are required downstream. This approach achieves

the best empirical performance and is therefore used as our

default method.

4.2. PoseAlign­Embed

Here, we keep the point cloud unchanged but modulate the

projection layer of the multimodal projector with an embed-

ding of the 6-DoF pose:

faligned = f +MLP(encode(R, t,Pf )), (9)

where we encode a series of manual geometric features of

the coordinates of the tokens Pf ∈ R
#tokens×3 into the

original feature vectors f ∈ R
#tokens×d using an MLP.

This introduces pose awareness at the feature-projection

stage without altering geometry.

4.3. PoseAlign­Prompt

In this variant, the pose is serialized as numeric to-

kens and prepended to the textual prompt in the

following format: f‘position{t}, up{R[:,2]},

front{R[:,0]}, left{R[:,1]}’. This allows the

LLM to reason explicitly about spatial direction in text.

Despite its conceptual simplicity, the numeric-token format

introduces numeric tokenization overhead and inconsistent

positional grounding, resulting in modest performance de-

terioration. More discussion is available in Section A.2

5. Results

5.1. Experiment Setup

Datasets. We conduct experiments on a series of datasets

including ScanRefer [5], Multi3DRefer [61], ScanQA [2],

SQA3D [34], and Scan2Cap [10]. These datasets are based

on the ScanNet-v2 dataset [12], consisting of 1,513 indoor

scenes, among which 1,201 are used for training and 312

are used for validation.

Metrics. We adopt both traditional metrics and new met-

rics of LLM-as-judge [51] for a comprehensive assessment

suite. The LLM-as-judge Accuracy (L-A) adopts GPT-

OSS-20B [38] or GPT-5-mini [37] (see section B.2) as the

base model. The prompt (see section C) is based on the

SimpleQA benchmark [51]. L-A is consistent under differ-

ent paraphrases of the same meaning, focusing on the in-

variant meanings instead of more random wording choices

[51]. We also report traditional metrics including CiDEr

(C), BLEU-4 (B-4), METEOR (M), and ROUGE-L (R) for

QA datasets, where Scan2Cap metrics are restricted to in-

stances with ≥ 0.5 IoU (@0.5) except L-A. We follow com-

mon practice to use thresholded Accuracy@0.5 (A@0.5),

F1-score@0.5 (F1@0.5), and mean intersection over union

(mIoU) for ScanRefer [5] and Multi3DRefer [61].

Baselines and implementation. We adopt four baseline

models from an array of distinct architectures to apply

PoseAlign modifications, including LL3DA [8], LL3DA-

SONATA, Chat-Scene [21], and 3D-LLAVA [14]. LL3DA-

SONATA, referred to as LL3DA-S, is a variant of LL3DA

whose point cloud encoder is switched to SONATA[54]. All

modifications belong to PoseAlign-Transform (PoseAlign-

T) except for Chat-Scene, which employs PoseAlign-

Embed (PoseAlign-E) due to its reliance on precomputed

point cloud embeddings.

Training specifications. All comparison methods are

trained with only the instruction-tuning stage using respec-

tive original training schemes and datasets. For Chat-

Scene [21] and 3D-LLAVA [14], the LLM LoRA [20] and

the projection layer are trained while the 3D encoder is

frozen. For LL3DA [8], only the Q-Former [31] is trained.

Freezing the encoder prevents the formation of preference

over objects on the positive x-axis, ensuring fairness in

segmentation- or detection-based assessments. All point
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Model Modality
ScanRef (val) Multi3DRef (val) ScanQA (val) Scan2Cap (val)

A@0.5 mIoU F1@0.5 mIoU C B-4 M R L-A C@0.5 B-4@0.5 M@0.5 R@0.5 L-A

Specialist Models:

ScanQA [2] PC - - - - 64.9 10.1 13.1 33.3 - - - - - -

3D-VLP [27] PC - - - - 67.0 11.2 13.5 34.5 - 54.9 32.3 24.8 51.5 -

3D-VisTA [64] PC - - - - 69.6 10.4 13.9 45.7 - 61.6 34.1 26.8 55.0 -

Scan2Cap [10] PC - - - - - - - - - 39.1 23.3 22.0 44.8 -

MORE [26] PC - - - - - - - - - 40.9 22.9 21.7 44.4 -

SpaCap3D [48] PC - - - - - - - - - 44.0 25.3 22.3 45.4 -

D3Net [6] PC - - - - - - - - - 46.1 30.3 24.4 51.7 -

UniT3D [11] PC - - - - - - - - - 46.7 27.2 21.9 46.0 -

3DJCG [3] PC - - - - - - - - - 49.5 31.0 24.2 50.8 -

Vote2Cap-DETR [7] PC - - - - - - - - - 61.8 34.5 26.2 54.4 -

TGNN [24] PC - 27.8 - - - - - - - - - - - -

M3DRef-CLIP [61] PC - 35.7 - 32.6 - - - - - - - - - -

X-RefSeg3D [41] PC - 29.9 - - - - - - - - - - - -

3D-STMN [52] PC - 39.5 - - - - - - - - - - - -

Finetuned Generalists:

3D-LLM [19] PC+I - - - - 69.4 12.0 14.5 35.7 - - - - - -

Scene-LLM [16] PC+I - - - - 80.0 12.0 16.8 40.0 - - - - - -

SegPoint [18] PC - 41.7 - 36.1 - - - - - - - - - -

Generalists:

LEO [22] PC - - - - 101.4 13.2 20.0 49.2 - 72.4 38.2 27.9 58.1 -

Scene-LLM [16] PC - - - - 80.0 11.7 15.8 35.9 - - - - - -

Grounded 3D-LLM [9] PC - - - - 72.7 13.4 - - - 70.6 35.5 - - -

PoseRecover Benchmark:

LL3DA [8] PC - - - - 75.3 13.1 15.2 36.7 34.7 61.6 35.3 25.6 54.3 16.0

LL3DA + PoseAlign-T PC - - - - 76.7 13.9 15.6 37.1 35.6 E: Rotated box

LL3DA-S [8, 54] PC - - - - 75.0 12.6 15.1 37.0 34.8
E: No detector

LL3DA-S + PoseAlign-T PC - - - - 76.5 13.2 15.6 36.8 35.9

Chat-Scene [21] PC+I 46.4 - 49.1 - 85.6 15.6 17.8 40.4 43.9 74.0 34.5 26.8 56.4 26.6

Chat-Scene + PoseAlign-E PC+I 46.9 - 50.2 - 87.2 15.1 18.1 41.1 44.7 75.5 35.0 27.1 56.7 26.9

3D-LLAVA [14] PC 41.5 42.6 - 48.1 95.4 16.3 18.9 44.6 45.7 77.4 36.4 26.9 57.4 28.1

3D-LLAVA + PoseAlign-T PC 58.7 55.4 - 54.3 99.8 17.3 19.7 46.5 47.3 76.1 37.1 27.1 57.6 31.4

Table 1. Cross-dataset performance comparison on multiple 3D vision-language tasks. ‘PC’ and ‘I’ represent point cloud and image

modalities, respectively. Major metrics are highlighted with gray background. Performance on PoseRecover benchmark may differ from

those in the original papers due to retraining with lower batch sizes. Baselines in PoseRecover benchmark are comparable with all methods

because they do not use pose information, while our modifications are comparable within the benchmark due to additional pose input.

cloud data augmentations have been disabled for PoseAlign

variants to precisely align the egocentric point cloud coor-

dinates, which include random rotation, flipping, jittering,

and scaling. We deem that data augmentation is compen-

sated by the randomness of ego poses during pose selec-

tion, where PoseAlign-Transform and -Embed can be seen

as exotic implementations of rotation-shift augmentation.

5.2. Main Results

In this experiment, we validate the effectiveness of PoseRe-

cover and PoseAlign designs with an array of specialist

and generalist 3D LMMs on the ScanRefer, Multi3DRefer,

ScanQA, and Scan2Cap datasets in Table 1. All modi-

fied models on the PoseRecover Benchmark get the addi-

tional pose input retrieved using the PoseRecover script.

The performance of LEO [22] is colored in gray as it

utilizes the ground truth object features, which forms a

slightly stronger setting as discussed in section A.2. LL3DA

has poor compatibility with rotated boxes, and SONATA

is a feature extractor with no detector component, so

some results on Scan2Cap are omitted. Methods en-

hanced with PoseAlign receive performance boosts broadly

across datasets and metrics, where 3D-LLAVA modified

with PoseAlign-Transform hits the highest overall perfor-

mance of 55.4%(∆30.0%) ScanRefer mIoU, 54.3%(∆12.9%)

Multi3DRefer mIoU, 47.3%(∆3.5%) and 31.4%(∆11.7%)

LLM-as-judge accuracy on ScanQA and Scan2Cap, respec-

tively. We conclude that PoseAlign unleashes the full capa-

bilities of current 3D LMMs, which were once bounded by

the ill-posed problem definition in existing benchmarks.

Is PoseAlign a good addition to existing tasks? We fo-

cus on the PoseRecover benchmark to validate the effec-

tiveness of PoseAlign. Comparing all four baselines with

our respective modifications, performance boosts can be

widely seen across QA datasets with an average bump of

1% and 0.6% on ScanQA and Scan2Cap, respectively, in-

cluding CiDEr, BLEU-4, METEOR, and ROUGE-L on

all four backbones. The LLM-as-judge accuracy boosts

are greater for PoseAlign-T variants (35.6%(∆2.6%) on
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Design
ScanRef Multi3DRef ScanQA Scan2Cap

mIoU↑ mIoU↑ L-A↑ L-A↑

Baseline 42.6 48.1 45.7 28.1

Baseline PoseAlign-T(Top) 37.5 41.5 43.0 23.5

Random Pose 39.0 44.3 44.7 25.8

PoseAlign-T(Clip X=0.3) 55.4 54.3 47.3 31.4

PoseAlign-T(Top) 68.5 60.2 47.5 29.7

PoseAlign-E(Top) 43.2 49.3 43.4 23.5

PoseAlign-P(Top) 44.2 49.4 44.9 28.1

Table 2. Ablation experiment on 3D-LLAVA. ‘Baseline

PoseAlign-T’ is the performance of the baseline model on

PoseAlign-T data, where the input point cloud is transformed to

the camera location following Equation 8. ‘Random Pose’ uses

random camera poses instead of those found by PoseRecover.

LL3DA, 35.9%(∆3.2%) on LL3DA-S, 47.3%(∆3.5%) on

3D-LLAVA) than PoseAlign-E variants (44.7%(∆1.8%) on

Chat-Scene), signaling a better realization of direction

awareness. On refer segmentation benchmarks, both Chat-

Scene and 3D-LLAVA receive performance boosts among

which 3D-LLAVA receives the largest +12.8% and +6.2%
mIoU on ScanRefer and Multi3DRefer, respectively. Such

performance is astounding given that the point cloud seg-

mentor (i.e., 3D encoder) is frozen, which attributes all im-

provements to improved ‘<SEG>’ token quality generated

by the LLM [14]. We conclude that, given their potential

to improve performance, ego-poses are undoubtedly good

additions to current 3D LMM pipelines.

Is LLM-as-judge a good metric? As discussed in sec-

tion 5.1, a good language-task metric should be consistent

under verbal randomness as confirmed by Table 1. LLM-

as-judge accuracy is consistently higher across all our mod-

ifications than the respective baselines, while other metrics

tend to fluctuate. It is also robust to the judgment model, as

shown in Tables 1 and 6. We conclude that LLM-as-judge

is a sufficiently good metric for this task.

5.3. Other Results

Ablation on 3D-LLAVA. We compare the effect of dif-

ferent PoseAlign designs on 3D-LLAVA in Table 2. Incor-

porating ego-pose information clearly benefits spatial rea-

soning, as the proposed PoseAlign-Transform consistently

outperforms all other variants on refer segmentation tasks,

improving mIoU by up to 68.5%(∆60.8%) on ScanRefer

and 60.2%(∆25.2%) on Multi3DRefer. The Clip strategy

(X = 0.3) for PoseAlign-Transform further stabilizes per-

formance metrics across benchmarks by purging inconsis-

tent views. In contrast, encoding poses as text (PoseAlign-

Prompt) or projection features (PoseAlign-Embed) offers

limited or inconsistent gains. Additionally, test perfor-

mance of a well-trained 3D-LLAVA baseline model on

PoseAlign-Transform data (Baseline PoseAlign-T) signifi-

cantly degrades all metrics, which gives two important in-

sights: 1) the segmentation model never uses the pose data

ScanRef Multi3DRef ScanQA Scan2Cap

X mIoU↑ mIoU↑ L-A↑ L-A↑

0.0 55.1 54.2 47.3 30.1

0.1 55.2 54.3 46.6 30.8

0.2 54.8 54.3 47.3 31.2

0.3 55.4 54.3 47.3 31.4

0.4 55.4 54.3 46.9 30.9

0.45 55.2 54.3 46.5 31.4

0.49 55.1 53.9 46.9 31.1

Table 3. Parameter tuning experiment for Clip Ratio X of

PoseAlign-Transform on 3D-LLAVA.

as a shortcut because it is frozen, and 2) the current perfor-

mance increments are brought purely by better ‘<SEG>’

tokens. Using random poses also decreases model perfor-

mance slightly below baseline, showcasing the importance

of PoseRecover design. We conclude that PoseAlignTrans-

form with the Clip strategy where X = 0.3 is the most bal-

anced and robust way of introducing directional awareness

into 3D LMMs.

Parameter tuning. Table 3 analyzes the sensitivity of the

Clip Ratio X in PoseAlign-Transform, which discards the

top and bottom X% of views based on object–frustum in-

tersection during selection of the mission-critical pose. De-

spite theoretical concerns about opposite-view errors dis-

cussed in Figure 4, the model performance remains stable

across datasets for 0.0 ≤ X ≤ 0.49 with a slight hill in

the mediocre Clip Ratio ranging from 0.2 ≤ X ≤ 0.4,

demonstrating the robustness of the method to this hyper-

parameter. This is because a smaller variance in viewing di-

rections indeed enhances pose coherence but destroys data

diversity, while higher variance in viewing directions adds

noise to the model but also serves as effective data aug-

mentation as discussed in section 5.1. Moderate clipping

(around X = 0.3) yields the best balance, slightly improv-

ing results on ScanQA and Scan2Cap to 47.3% and 31.4%,

respectively. Therefore, X = 0.3 is adopted as the default

value for all other experiments.

Performance on direction-critical subsets. Table 4

compares the baseline 3D-LLAVA and its pose-aware

variant (PoseAlign-Transform) on full validation sets,

direction-critical subsets, and their respective complemen-

tary direction-agnostic subsets of ScanQA and Scan2Cap.

Firstly, the direction-critical subsets identified via LLMs

exhibit a notable performance drop in the baseline model,

confirming that existing 3D LMMs struggle with ques-

tions requiring spatial orientation. Applying PoseAlign-

Transform consistently improves all metrics, especially the

LLM-as-judge accuracy, narrowing down the gap between

the two subsets. The gains are especially pronounced on

ScanQA, where PoseAlign-T achieves 96.1(∆4.9%) CiDEr

9674



Model Evaluated on
ScanQA (46.7% Direction-critical) Scan2Cap (89.7% Direction-critical)

C↑ B-4↑ M↑ R↑ L-A↑ C↑ B-4↑ M↑ R↑ L-A↑

3D-LLAVA

Full Val set 95.4 16.3 18.9 44.6 45.7 77.4 36.4 26.93 57.4 28.1

Direction-critical subset 91.6 18.0 17.8 41.0 37.8 76.8 36.8 26.94 57.4 28.0

Complementary subset 97.6 11.9 20.1 47.7 52.4 82.7 32.6 26.88 56.9 29.6

3D-LLAVA+

PoseAlign-T

Full Val set 99.8(+4.4) 17.3(+1) 19.7(+0.8) 46.5(+1.9) 47.3(+1.6) 76.1(-1.3) 37.1(+0.7) 27.11(+0.18) 57.6(+0.2) 31.4(+3.3)

Direction-critical subset 96.1(+4.5) 19.6(+1.6) 18.7(+0.9) 43.1(+2.1) 40.3(+2.5) 75.9(-0.9) 37.5(+0.7) 27.12(+0.18) 57.7(+0.3) 31.3(+3.3)

Complementary subset 101.8(+4.2) 11.5(-0.4) 20.8(+0.7) 49.4(+1.7) 53.3(+0.9) 77.8(-4.9) 33.4(+0.8) 27.10(+0.22) 56.9(+0.0) 32.6(+3.0)

Table 4. Performance on direction-critical question subset.

User: Where is the shelf

located?

Baseline: Right of door.

PoseAlign: Left of door.

User: What is on the left of 

the light wood colored table?

User: Capture the essence of the 

appearance of <OBJ>, then analyze 

its spatial relationships within 

the scene's context.

User: Describe the appearance of 

the <OBJ>, then elaborate on its 

positioning relative to other 

objects in the scene.

Baseline: This is a white door. 

It’s to the right of a trash can.

PoseAlign: There is a rectangular 

door. it is next to a trash can.

Baseline: Microwave.
Baseline: This is a white sink. 

it is to the right of the toilet.

PoseAlign: Chair.
PoseAlign: This is a white sink. 

it is to the left of the toilet.

Figure 5. Qualitative results of direction-critical questions for 3D-LLAVA baseline (top row) and PoseAlign-Transform (bottom row).

The XYZ axes of the world coordinate frame are colored with red, green, and blue, respectively. The baseline paradigm uses default world

coordinates of ScanNet-v2, which are non-informative. Instead, the PoseAlign paradigm aligns the coordinate frame to the recovered ego

pose, providing an anchor for robust spatial reasoning. Red text highlights wrong answers and green text highlights correct answers.

and 40.3%(∆6.6%) LLM-as-judge accuracy. While the

direction-critical subset is the best-effort judgment of a

powerful LLM, some direction-critical questions may still

leak into the complementary subset, causing performance to

rise slightly there as well. We conclude that our PoseAlign

design indeed enhances directional reasoning based on

the substantial improvements, especially on the direction-

critical subsets.

5.4. Qualitative Results

As displayed in Figure 5, baseline models struggle to per-

ceive spatial relationships, where the default world coordi-

nate only adds confusion and complicates spatial reasoning.

In contrast, PoseAlign effectively avoids directional ambi-

guity thanks to the recovered ego pose, enabling robust and

consistent spatial reasoning for 3D LMMs.

5.5. Limitations

Despite being lightweight and generic, our method has sev-

eral limitations, including assuming SLAM accuracy, the

variety of training views, and a static environment. We

kindly refer readers to section A.3 for a detailed discussion.

6. Conclusion

We have proposed PoseRecover and PoseAlign, a pair of

lightweight yet powerful techniques that transform exist-

ing 3D LMMs towards a rigorously defined direction-aware

paradigm. To fix existing benchmarks, PoseRecover auto-

matically reconstructs mission-critical ego poses by align-

ing object annotations with camera frustums derived from

ScanNet RGB-D extrinsics, effectively correcting ill-posed

direction-critical queries across existing datasets. Build-

ing upon these recovered poses, PoseAlign enables persis-

tent directional awareness for 3D LMMs by transforming

the input point cloud or encoded point cloud embeddings

into the camera reference frame, thereby resolving ambi-

guity in ego direction and substantially improving spatial

reasoning performance. Extensive experiments on multi-

ple benchmarks and model architectures prove that PoseRe-

cover and PoseAlign together unlock the latent potential of

current 3D LMM architectures, achieving consistent perfor-

mance gains without retraining the point cloud encoder. We

advocate this framework as a simple, generic, and effective

paradigm for advancing direction-aware 3D-language un-

derstanding of LMMs.
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