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Abstract

Existing language instruction-guided online 3D recon-
struction systems mainly rely on explicit instructions or
queryable maps, showing inadequate capability to handle
implicit and complex instructions. In this paper, we first
introduce a reasoning reconstruction task. This task in-
puts an implicit instruction involving complex reasoning
and an RGB-D sequence, and outputs incremental 3D re-
construction of instances that conform to the instruction.
To handle this task, we propose LIRA: Language Instructed
Reconstruction Assistant. It leverages a multimodal large
language model to actively reason about the implicit in-
struction and obtain instruction-relevant 2D candidate in-
stances and their attributes. Then, candidate instances are
back-projected into the incrementally reconstructed 3D ge-
ometric map, followed by instance fusion and target in-
stance inference. In LIRA, to achieve higher instance fu-
sion quality, we propose TIFF, a Text-enhanced Instance
Fusion module operating within Fragment bounding vol-
ume, which is learning-based and fuses multiple keyframes
simultaneously. Since the evaluation system for this task is
not well established, we propose a benchmark ReasonRe-
con comprising the largest collection of scene-instruction
data samples involving implicit reasoning. Experiments
demonstrate that LIRA outperforms existing methods in
the reasoning reconstruction task and is capable of run-
ning in real time. Code and benchmark are available at
https://github.com/zhen6618/LIRA.

1. Introduction
Online 3D reconstruction guided by language instructions

serves as a key task for embodied agents to understand envi-

ronment and human intentions, enabling many applications

such as navigation, manipulation and human–robot interac-

tion. However, existing systems [15, 27, 46, 47] mainly rely

on explicit instructions, such as explicitly indicating target

objects or categories, to reconstruct instruction-relevant re-

gions, while implicit instruction reasoning is more impor-

tant for human intention understanding. Humans tend to

White fixtures used for personal hygiene. Find the 
smallest object among those that meet the 

requirements.
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Figure 1. Online reasoning reconstruction results of LIRA. It in-

puts RGB-D sequences and reconstructs instruction-relevant in-

stances and background environment. As the process is online,

LIRA can halt at any time step between 1 and 4, and identify

the target “the smallest object” within the current map. Differ-

ent instruction-relevant candidate instances in the purple box are

distinguished by colors. The target instance based on the current

map is within the red box. We visualize double-layered mesh.

directly express their demands involving implicit and com-

plex descriptions, e.g., “I am hungry. Find something to
eat” or “Fixtures used for hygiene. Find a smaller one suit-
able for a child”, rather than providing explicit step-by-step

instructions. Furthermore, humans in unfamiliar environ-

ments may not know what objects exist and thus can only

give implicit instructions. Given the crucial importance of

implicit instruction reasoning, this work primarily focuses

on online 3D reconstruction guided by implicit instructions.

In this work, we first refer to the online 3D reconstruc-

tion task guided by implicit instructions as reasoning recon-
struction, which requires reconstruction of instances that

conform to implicit instructions involving complex reason-

ing, and geometric reconstruction of background environ-

ment (see Fig. 1). Although reconstruction of background

environment is not the core of the task, it serves as cru-

cial reference information for path planning by embodied
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agents. Since geometric reconstruction can be accurately

obtained by systems such as Simultaneous Localization and

Mapping (SLAM) [12, 16, 17, 55], the main challenge in

reasoning reconstruction from RGB-D sequences is how to

accurately segment instruction-relevant instances from the

incrementally reconstructed 3D geometry map.

Existing methods [13, 15, 27, 46] mainly rely on ex-

plicit instructions or queryable maps to achieve instruction-

guided online 3D reconstruction. They first apply SLAM

systems for geometric reconstruction and extract all in-

stance features and masks. Then, instructions are matched

with the pre-defined maps. To enhance comprehension,

some approaches [8, 13, 22] employ large language models

(LLMs) for pre-processing or post-processing. However,

these methods contain much instruction-irrelevant informa-

tion, and exhibit limited interaction and reasoning between

target instance features and instruction features. Particu-

larly for implicit instructions involving complex reasoning,

they are more difficult to handle.

To handle the reasoning reconstruction task, we propose

a Language Instructed Reconstruction Assistant (LIRA),

which applies a multimodal LLM (MLLM) to actively

reason about implicit instructions and obtain instruction-

relevant 2D candidate instances and their attributes. These

candidate instances are then back-projected into the incre-

mentally reconstructed 3D geometric map, followed by in-

stance fusion. Existing instance fusion strategies mainly

rely on image features and geometric features, and per-

form frame-by-frame fusion. To achieve higher-quality in-

stance fusion, we propose TIFF, a Text-enhanced Instance

Fusion module operating within a Fragment bounding

volume (FBV), which is learning-based and fuses multi-

ple keyframes simultaneously. Finally, another LLM is

used to infer target instances based on fused candidate in-

stances. Compared with methods using queryable maps,

LIRA achieves better reasoning reconstruction performance

by leveraging a MLLM to perform comprehensive vision-

instruction fusion and reasoning, and reason about instances

that are only relevant to implicit instructions (e.g., LIRA

only detects “sink” in Fig. 1). Supplementary material gives

a visual comparison. Moreover, by applying model acceler-

ation strategies, LIRA is capable of running in real time.

Since the benchmark for reasoning reconstruction eval-

uation is not well established, we further propose a bench-

mark ReasonRecon, which comprises the largest collection

of scene-instruction data samples (> 5k) involving im-

plicit and complex reasoning. It supports diverse instance

output formats including multi-class, multi-target, single-

target, and zero-target configurations. Furthermore, Rea-

sonRecon incorporates rich and high-quality instance-level

annotations encompassing both 2D and 3D modalities. In

summary, our major contributions are as follows:

• We introduce the reasoning reconstruction task, which re-

quires online 3D reconstruction guided by implicit and

complex instructions. Also, we propose a reasoning re-

construction method LIRA, which outperforms existing

methods and is capable of running in real time.

• To achieve higher instance fusion quality, we propose a

Text-enhanced Instance Fusion module operating within

FBV (TIFF), which is learning-based and fuses multiple

keyframes simultaneously.

• We establish a reasoning reconstruction benchmark, Rea-
sonRecon, which contains the largest collection of scene-

instruction data samples (> 5k) involving implicit and

complex reasoning, and diverse instance output formats.

2. Related Work

2.1. Language Instruction-Guided Reconstruction
Existing language instruction-guided reconstruction meth-

ods [8, 9, 15, 18, 22, 27–29, 46, 47, 51] mainly rely on

explicit instructions or queryable maps, which first apply

SLAM systems for geometric reconstruction and extract all

object features or structured attributes. Then, they match

language instructions with the pre-defined queryable maps.

Based on open-vocabulary instructions, OVIR-3D [27] ex-

tracted text-aligned features from the open-vocabulary in-

stance segmenter Detic [57] to construct a text-queryable

feature map. Open-Fusion [46] employed SEEM [59] to ex-

tract region-based features and mapped them to a semantic

truncated signed distance function (TSDF) volume, thereby

constructing a queryable scene representation.

To enhance comprehension, some approaches [8, 13,

22] employ LLMs for pre-processing or post-processing.

VLMaps [13] first employed a LLM to decompose lan-

guage instructions into multiple landmarks, then extracted

visual features from LSeg [21] for queryable map construc-

tion. ConceptGraphs [8] and BBQ [22] leveraged segmen-

tation models, such as Segment Anything Model (SAM)

[19], to extract all object features, followed by the utiliza-

tion of LLaVA [23] to capture the visual and spatial at-

tributes, thereby generating queryable maps. Then, they

used Llama3 [7] or GPT-4 [33] to infer targets based on

the queryable maps and input instructions. However, these

methods contain much instruction-irrelevant information,

and exhibit limited interaction and reasoning between tar-

get instance features and instruction features. Particularly

for implicit instructions involving complex reasoning, they

are more difficult to handle. LIRA leverages a MLLM to

perform comprehensive vision-instruction fusion and rea-

soning and only reason about instruction-relevant instances,

demonstrating better reasoning reconstruction performance.

2.2. 3D Instance Fusion
Existing 3D instance fusion strategies [24, 27, 30, 44, 45,

50, 52] based on RGB-D inputs primarily rely on image
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Figure 2. Overview of LIRA. Stage I: LIRA uses depth maps for geometric reconstruction and applies a MLLM to infer instruction-relevant

2D candidate instance masks and their attributes based on the implicit instruction and RGB images. Stage II: It back-projects candidate

instances into the reconstructed 3D geometric map and performs instance fusion. Stage III: LLM infers target instances according to fused

candidate instance attributes from a global perspective. Different instruction-relevant instances are distinguished by colors.

features and geometric features. For example, OVIR-3D

[27] used image features and multiple types of geometric

features such as detection rate for instance fusion. To en-

hance the efficiency of instance fusion, EmbodiedSAM [45]

introduces a learning-based fusion strategy to compute ge-

ometric, contrastive, and semantic similarities. To further

enhance the quality of instance fusion, we innovatively in-

troduce text features into the learning-based fusion process.

In addition, since current methods [27, 30, 45, 52] mainly

perform instance fusion frame by frame, LIRA simultane-

ously fuses multiple keyframes within a FBV to learn richer

features, achieving better instance fusion performance.

3. Method

The overview of LIRA is depicted in Fig. 2. Given an

implicit and complex instruction L and posed RGB-D se-

quences as input, LIRA first incrementally performs geo-

metric reconstruction, and leverages a MLLM to actively

reason about L and obtain instruction-relevant 2D candi-

date instances and their attributes (Stage I). Then, candidate

instances are back-projected into the reconstructed 3D geo-

metric map, followed by instance fusion (Stage II). Finally,

a LLM infers target instances according to fused candidate

instance attributes on the global map (Stage III).

This processing approach is inspired by the human think-

ing pattern. For example, when given the instruction L in

Fig. 2, humans will scan the environment using their limited

binocular vision to gather information. In their brains, they

record objects related to the instruction in their limited field

of view at each moment. They will look for “white sink”

(i.e., candidate instances) in each view. The perceptual in-

formation is progressively constructed into a global map

containing multiple candidate instances in the brain. Ul-

timately, humans deduce the target instance (“the smallest
object”) through comprehensive reasoning based on these

candidate instances from a global perspective.

3.1. Stage I: Geometric Reconstruction and 2D Rea-
soning Segmentation

3.1.1. Incremental Geometric Reconstruction

To provide enough motion parallax and keep multi-view co-

visibility for language-instructed reconstruction, following

the strategy of [3, 58], a frame is selected as a key frame

if its relative translation is greater than tmax and the rela-

tive rotation angle is greater than Rmax. A window with N
keyframes is defined as a local fragment, and the global re-

construction result is obtained by fusing all local fragments.

The maximum visible depth of each view is set to dmax, and
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Furniture used to store various items, but does not have a freezer function, and all objects that meet the 
requirements are brown. Please give all objects that are helpful in inferring final targets.
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Locate and segment the table that is closest to the black desk. Please give all objects that are helpful in 
inferring final targets.
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Figure 3. Architecture of the proposed 2D reasoning segmentation

module. Three examples are given (corresponding to the dashed

boxes of different colors). Please zoom in to see.

all view frustums in a fragment are limited to a cubic-shaped

and voxelized FBV Bt. The geometric reconstruction pro-

cess of LIRA is mainly conducted within each FBV.

For an incoming FBV Bt at time t and depth maps from

N views, LIRA performs depth map fusion using standard

TSDF integration proposed in [4, 31] with a truncation dis-

tance λ. To perform global TSDF fusion, only the global

TSDF values within the current FBV Bt are updated. For

the previous global TSDF fusion result, its part within Bt

is involved in the fusion process. We incrementally recover

scene geometry and only retain TSDF values smaller than λ.

Marching Cubes algorithm [26] is performed to reconstruct

the scene mesh. Based on geometric reconstruction results,

LIRA further segments target instances that conform to L.

The supplementary material provides visualizations.

3.1.2. 2D Reasoning Segmentation within the FBV
To reason about implicit and complex language instructions,

inspired by [20, 42, 48], we leverage a vision-language

model (VLM) to perform instruction reasoning and a seg-

mentation foundation model to perform segmentation. The

proposed 2D reasoning segmentation module is in Fig. 3.

The key frame images I within Bt are respectively trans-

formed into fvis and fimg by the vision encoder Fvis of

the VLM and the image encoder Fimg of the segmentation

foundation model. The process can be formulated as

fvis = Fvis(I), fimg = Fimg(I). (1)

We first add a prompt “Please give all objects that are
helpful in inferring final targets” to L to obtain L∗. The

instruction L∗ is tokenized and sent to the LLM Fllm of

the VLM along with fvis for reasoning and understanding.

Then, VLM identifies instances in images that conform to

L∗. LoRA [11] is used for efficient fine-tuning.

An image can only provide instance information within

a local field of view, and the complex language instruction

requires reasoning based on the global map. In the 2D rea-

soning segmentation part, we need to infer instances (i.e.,

candidate instances) from the current field of view that are

helpful for reasoning final target instances. For each can-

didate instance, VLM infers its structured attributes in text

form rtxt, such as color and class.

rtxt = Fllm(L∗, fvis). (2)

Multiple candidate instances are output sequentially. In-

spired by [20], we expand the VLM vocabulary with a new

token, i.e., [SEG]. To output the segmentation mask of the

candidate instance, the [SEG] token is predicted after the

attribute information of each candidate instance. The VLM

last-layer embedding hseg corresponding to the [SEG] to-

ken is extracted and transformed into ĥseg by a simple

Multi-Layer Perceptron (MLP) projection layer Fproj.

ĥseg = Fproj(hseg). (3)

Then, fimg and ĥseg (text feature prompt) are input

into the mask decoder Fdec of the segmentation foundation

model to output the binary mask mseg of the candidate in-

stance. Each [SEG] token outputs a mask.

mseg = Fdec(fimg, ĥseg). (4)

Compared with previous works [20, 42, 48], our 2D rea-

soning segmentation module predicts attributes for each in-

stance and supports the output format of 0/1/n (n > 1)
instances. If there are no candidate instances in the image,

this module returns “No object”. Furthermore, it supports

outputting different instances of candidate objects with the

same attributes. For example, our module returns “black
chair [SEG] and black chair [SEG]”, where masks are pre-

dicted in a fixed regular order according to their pixel po-

sitions. The experiments in Section 4.6 and supplementary

material demonstrate the effectiveness of the above designs.

3.2. Stage II: Text-Enhanced Instance Fusion within
the FBV

Based on depth maps, candidate instance masks and their at-

tributes are back-projected into the TSDF volume within the

current FBV Bt. The flowchart of candidate instance fusion

within Bt is shown in Fig. 4. We first extract voxel features

Fvoxel, text features Ftext, and axis-aligned 3D bounding

boxes {x, y, z, w, h, l} for each candidate instance, where

{x, y, z} and {w, h, l} are the center point position and side

lengths in the global coordinate system, respectively.

For voxel feature extraction, we back-project image fea-

tures from N views into voxels of Bt and take the average

of these features. Compared with frame-by-frame fusion,

richer features are obtained from multiple views. The image

features directly use the image embeddings fimg of the seg-

mentation foundation model in the 2D reasoning segmenta-

tion module. For text feature extraction, the VLM last-layer

embedding hseg corresponding to the [SEG] token is used.
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Figure 4. Illustration of the proposed instance fusion module. Dif-

ferent colors represent different instances, and different icons rep-

resent instances at different frames. Please zoom in to see.

In addition, for 3D bounding box extraction, since the 3D

mask of each candidate instance is obtained, we directly ex-

tract the axis-aligned 3D bounding box of each mask.

We design a network with L repeated transformer blocks

to aggregate these features. The M 3D bounding boxes are

first passed through a MLP to obtain Qbox ∈ R
M×C (M is

the number of instances and C is the feature dimension).

Qbox = MLP({x, y, z, w, h, l}×M ). (5)

Then, a masked cross-attention is applied to integrate

voxel features Fvoxel. The masked attention mechanism

limits the attention range to the foreground region of the 3D

mask of each candidate instance and ensures that the atten-

tion process only interacts with the current instance region.

For convenience, Add and LayerNorm layers are ignored.

Qvoxel = MaskedCrossAttn(QQ
box,FK

voxel,FV
voxel). (6)

Fourier positional encodings [37] based on voxel posi-

tions are used. Subsequently, masked cross-attention is also

utilized to integrate text features Ftext.

Qtext = MaskedCrossAttn(QQ
voxel,FK

text,FV
text). (7)

The masked attention mechanism makes Qvoxel interact

only with the text features of the current candidate instance.

A feed-forward network is used to aggregate features.

Qffn = FFN(Qtext). (8)

The aggregated features Qffn are then passed through

two network branches, both composed of MLPs. The mask

confidence branch predicts a confidence score Sconf for

each instance. If the confidence score is lower than a thresh-

old θconf , the corresponding candidate instance is dis-

carded. The transformation branch further transforms Qffn

into Qsim for similarity calculation between instances.

Similar to the geometric reconstruction process, when

fusing with global candidate instances, only global in-

stances within the current FBV Bt are involved in the fusion

process (i.e., within the blue dashed box in Fig. 2 and Fig.

4). A similarity matrix S is constructed and each element

sij is the cosine similarity between candidate instance i and

candidate instance j, where candidate instances come from

either the global candidate instances or candidate instances

obtained from N current keyframe images within Bt.

sij = cos < Qsim
i ,Qsim

j > . (9)

A sij greater than a predefined threshold θsim is judged

to be the same instance. The DBSCAN [6] algorithm is

applied to the similarity matrix S to fuse multiple instances

simultaneously. Similar to [45], our instance fusion process

is also learning-based and thus computationally efficient.

For instance attribute updates on the global map,

weighted averages are used to update the continuous-valued

attributes (e.g., Qsim). The attributes with the highest oc-

currence frequency are used to update the discrete-valued

attributes (e.g., class). Since we do not need to store

high-dimensional feature vectors for each voxel or maintain

lengthy redundant attribute documents for each instance, as

are required in queryable maps [8, 22], our global map has

relatively low storage requirements and stronger scalability.

3.3. Stage III: LLM Inference
After instance fusion, we obtain all candidate instances and

their attributes on the global map, which are used to infer

target instances that conform to the input language instruc-

tion L. Another LLM, such as ChatGPT-4o or Qwen2.5

[35], is applied to perform global reasoning. For example,

given the instruction L and four candidate instances with

their attributes in Fig. 2, the LLM infers “white fixtures used
for personal hygiene” (white sink) and identifies “the small-
est one” (painted purple in the figure). The detailed form of

the prompt input to the LLM is as follows:

The followings are some objects and their attribute infor-
mation: {Object ID, Color, Class, Position, Size, ...}, {...}.
Here is now a language instruction. Find objects and their
IDs that match the instruction based on the above object
information. Let’s think step by step.

In addition, when an additional prompt “Finally, write a
brief sentence to summarize” is provided to the LLM, it can

also generate an additional explanatory text description.

3.4. Benchmark
To establish a comprehensive evaluation system suitable for

the reasoning reconstruction task, a benchmark ReasonRe-
con is constructed and the data collection pipeline is shown

in Fig. 5. It uses RGB-D sequences and 3D instance seg-

mentation annotations in the ScanNetV2 dataset [5].

First, we extend the attributes of instances in ScanNetV2.

The newly added attributes are frequently referenced in hu-

man language expressions [2]. Specifically, for an instance

in a given scene, its point cloud is projected into an image
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Dataset Scene-Instruction Implicit Instruction High-Quality M., M., Z.
Pairs Scale > 5k 2D Annotations Outputs

ScanNetV2 [5] - - � -

ScanNet++ [49] - - � -

Sr3D/Nr3D [1] 83,572/41,503 � � �
ScanRefer [2] 51,583 � � �

Multi3DRefer [56] 61,926 � � �
Instruct3D [10] 2,565 � � �
ReasonRecon 12,500 � � �

Table 1. Comparison of ReasonRecon with related datasets. “M.,

M., Z.” indicates multi-class, multi-target, and zero-target.

from a certain viewpoint. Erroneous projected pixels caused

by occlusion are filtered out. Then, we crop out the instance

region and utilize a VLM (i.e., Qwen2-VL [39]) to infer at-

tributes, e.g., color. Inference results from all viewpoints

are voted to determine the attributes of the instance.

Second, we construct scene-instruction pairs. ChatGPT-

4o is utilized to design a series of instruction templates and

generate scene-instruction pairs (see supplementary mate-

rial) based on instance attributes in a scene, which include

instance segmentation annotations (e.g., class, bounding

box, and mask) and attributes inferred by Qwen2-VL (e.g.,

color). The generated instructions are further polished by

ChatGPT-4o to make them more consistent with human lan-

guage expression. Human corrections are also incorporated

to enhance the quality of these instructions. The training set

and test set are divided into 8: 2.

Third, we generate 2D segmentation masks for instances

in each scene-instruction pair. After obtaining the pixels of

an instance projected into an image from a certain viewpoint

in the first step, these pixels are subjected to K-Means clus-

tering. Then, we use the cluster centers as prompts and ap-

ply SAM to generate the corresponding segmentation mask.

To evaluate 2D mask quality, we randomly sample 2000 im-

ages (about 1%) for manual annotation. The mean Intersec-

tion over Union (mIoU) between manually annotated masks

and automatically generated masks is 95.6%. Based on

a normal distribution approximation, at a 95% confidence

level, the mIoU for the entire ReasonRecon is estimated to

be between 94.7% and 96.5%. This demonstrates the high

quality of the automatically generated 2D mask annotations.

The comparison of ReasonRecon with related datasets is

shown in Tab. 1. ReasonRecon has the largest-scale implicit

scene-instruction pairs (> 5k) and supports a wide range of

Method Online AP AP50 AP25

OpenScene [34] + DBSCAN [6] � 3.04 6.17 10.60

OpenScene [34] + Mask3D [37] � 8.88 10.59 12.23

OpenMask3D [38] � 10.37 15.34 16.87

OpenIns3D [14] (ODISE [43]) � 8.08 10.74 11.80

Open3DIS [32] (2D and 3D) � 10.60 16.08 19.12

3D-STMN [40] � 10.93 17.80 25.67

VLMaps-3D [13] � 8.49 11.06 15.04

OVIR-3D [27] � 9.25 13.86 18.99

MaskClustering [47] � 10.26 15.24 21.61

Open-Fusion [46] � 9.51 14.19 19.50

ConceptFusion [15] � 10.33 15.38 21.88

ConceptGraphs [8] � 11.13 19.84 30.55

BBQ [22] � 11.52 22.17 35.86

LIRA � 11.57 34.39 66.24

LIRA* � 12.49 35.32 67.34

Table 2. Quantitative results of reasoning reconstruction.

output types, including multi-class, multi-target, zero-target

and single-target outputs. Also, we obtain high-quality 2D

segmentation annotations. In addition, ReasonRecon con-

tains many instructions that require spatial reasoning, in-

volving reasoning based on the size and relative positions

of objects. More details are in the supplementary material.

4. Experiments

4.1. Implementation Details
The voxel size is set to 4cm, and 9 keyframe sequences

make up a FBV. We use 3 transformer blocks with a feature

dimension of 128 in the instance fusion module. Unless oth-

erwise specified, in the 2D reasoning segmentation module,

we use LLaVA-7B [23] as the base VLM, and adopt SAM

with ViT-H backbone [19] as the segmentation foundation

model. The minimum number of neighbors of a core point

in the DBSCAN algorithm is set to 1. The LLM in stage III

is ChatGPT-4o-mini. Loss functions and more implementa-

tion details are described in the supplementary material.

4.2. Evaluation Metrics
Since reconstruction of environment is not the core of rea-

soning reconstruction, the reconstruction performance of

instruction-relevant instances is primarily evaluated. We

evaluate using standard Average Precision (AP) metrics at

IoU thresholds of 50% and 25%, and also calculate mean

score across IoU thresholds from 50% to 95% in 5% in-

crements. These metrics evaluate the performance of both

geometric reconstruction and instance matching.

4.3. Reasoning Reconstruction Results
As shown in Tab. 2, we begin by comparing with online

instruction-guided reconstruction methods. Some of them

are improved to support multi-instance outputs for a fair
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Method Online AP AP50 AP25

OpenScene [34] + DBSCAN [6] � 6.94 15.84 23.66

OpenScene [34] + Mask3D [37] � 14.01 20.96 28.57

OpenMask3D [38] � 19.62 30.17 42.62

OpenIns3D [14] (ODISE [43]) � 12.90 18.32 25.41

Open3DIS [32] (2D and 3D) � 22.17 35.12 46.98

3D-STMN [40] � 19.73 31.45 42.17

VLMaps-3D [13] � 13.58 21.03 35.34

OVIR-3D [27] � 18.11 33.65 40.44

MaskClustering [47] � 18.96 35.40 42.29

Open-Fusion [46] � 19.00 35.11 42.67

ConceptFusion [15] � 18.30 34.62 41.95

LIRA � 20.38 41.44 71.02

LIRA* � 21.19 42.80 72.39

Table 3. Results of explicit instruction-guided reconstruction.

Method KFPS AP AP50 AP25

OVIR-3D [27] 2.56 9.25 13.86 18.99

Open-Fusion [46] 4.06 9.51 14.19 19.50

LIRA-Fast 5.63 10.47 31.67 61.75

Table 4. Runtime analysis of reasoning reconstruction.

comparison. VLMaps is extended to a 3D map by can-

celing top-down projection. LIRA* represents that LIRA

uses LLaVA-13B and applies ChatGPT-4o for reasoning in

stage III. Experiments demonstrate that LIRA outperforms

existing methods across all accuracy metrics. Compared to

methods based mainly on explicit instructions or queryable

maps, LIRA exhibits superior reasoning and comprehen-

sion capabilities for implicit and complex instructions.

Subsequently, we compare LIRA with recent point cloud

segmentation methods. These methods perform segmen-

tation on the complete scene point clouds reconstructed

from RGB-D sequences, and thus can be regarded as of-

fline instruction-guided reconstruction. 3D-STMN [40] is

retrained on ReasonRecon. Although these methods usually

utilize visual-language feature extractors such as CLIP [36]

to comprehend instructions from a global or local view, their

performance for implicit instructions is inferior to LIRA.

Another finding is that LIRA significantly outperforms

other methods in terms of low IoU threshold metrics, in-

dicating that LIRA has a strong ability to find target in-

stances, though its high-precision reconstruction ability

needs further improvement. The performance improvement

of LIRA* indicates that using more powerful MLLMs fur-

ther enhances reasoning reconstruction performance.

4.4. Explicit Instruction-Guided Reconstruction
For a fair comparison with existing methods, we also eval-

uate reconstruction results guided by explicit and relatively

simple instructions. Specifically, we modify ReasonRecon

by replacing all implicit and complex instructions with cor-

responding explicit vocabulary words. For example, an in-

Stage Method AP AP50 AP25

I

Replace with SEEM [59] 3.68 11.00 19.57

Replace with Grounded-SAM [25] 3.06 10.12 18.26

Replace with LISA [20] (ft) 6.01 22.66 42.40

Replace with LISA++ [48] (ft) 11.17 33.34 64.61

Replace with GSVA [42] (ft) 10.68 31.07 60.53

Replace with LLaVA-Grounding [54] (ft) 12.12 34.26 64.88

The final model 11.57 34.39 66.24

II

Remove bbox features 10.33 33.21 64.07

Remove voxel features 10.29 33.68 63.29

Remove text features 10.49 33.13 64.79

Remove confidence 8.20 29.30 61.05

Remove FBV fusion 11.44 34.15 65.87

The final model 11.57 34.39 66.24

III

Replace with Llama3 [7] 11.06 33.27 65.10

Replace with Qwen2.5 [35] 11.25 33.58 65.45

Replace with ChatGPT-4o [33] 11.81 34.74 66.45
The final model 11.57 34.39 66.24

Table 5. Ablation studies of the three stages of LIRA.

struction “Appliances or furniture used to store food” is

replaced with “Cabinet, Refrigerator”. The generated ex-

plicit instruction format is consistent with the instruction

format used in existing online methods for ScanNet scenes.

In Tab. 3, experimental results demonstrate that LIRA still

achieves superior performance, particularly showing a sig-

nificant lead on AP50 and AP25 metrics.

4.5. Runtime Analysis
For a fair comparison, runtime evaluation is performed on

a single NVIDIA Tesla A800 GPU. We measure time con-

sumption for reasoning reconstruction in KFPS (key frames

per second). The average inference time for each RGB-D

keyframe in the FBV is provided. To achieve real-time in-

ference, we propose LIRA-Fast. LIRA-Fast utilizes paral-

lel TSDF fusion, 8-bit quantized 2D reasoning segmenta-

tion, 8-bit quantized instance fusion, MobileSAM [53], and

qwen2.5-7b-instruct API. In stage III, the prompt for the

LLM is changed from “Let’s think step by step” to “Let’s
respond briefly and quickly” to accelerate inference.

As shown in Tab. 4, consistent with the evaluation crite-

ria in [3, 41, 58], since keyframes are created at a far lower

frequency than the framerate (approximately 8.7 times

lower based on our keyframe selection method), LIRA-Fast

still achieves a real-time reasoning reconstruction. Com-

pared with other methods, our LIRA-Fast has advantages in

both reasoning reconstruction speed and accuracy.

4.6. Ablation Studies
To verify the effectiveness of the components in LIRA, we

observe the performance changes after replacing or remov-

ing certain modules in all three stages, as shown in Tab. 5.

Stage I. We first replace the 2D reasoning segmentation

module of LIRA with some other segmentation methods.

“ft” denotes the model is finetuned on the training set of

ReasonRecon. Experiments demonstrate the effectiveness
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OursOVIR-3D ConceptGraphsOpenIns3DGround-TruthInstruction

Furniture used to display books. 
Extract objects that meet the 

requirements.
(Multi-Target Output)

Items used for bathing. Find the object 
that is the closest to the object with 

color white in bed class.
(Zero-Target Output)

Furniture you sit on individually. 
Please select the biggest object 
among them with the color black.

(Single-Target Output)

Furniture used for sitting or lying down. 
Locate and segment all objects.

(Multi-Class Output)

Figure 6. Visualization results of different reasoning reconstruction methods on the ReasonRecon test set. The reconstructed geometric

results are augmented with image textures. Single-layered mesh is visualized.

of our design of the 2D reasoning segmentation module.

Compared with LISA [20], LISA++ [48] and GSVA [42],

which have a similar architecture to our method, our method

achieves better reasoning reconstruction accuracy. This im-

provement is primarily attributed to our more effective han-

dling of multi-target and zero-target outputs.

Stage II. Experiments show that each design is impor-

tant for the quality of instance fusion. Since text features

are responsible for distinguishing different instances within

a single view and guiding the generation of masks for can-

didate instances, they store rich semantic information about

different instances. Text features further enhance the in-

stance fusion quality. We also attempt not to perform the fu-

sion of multiple keyframe instances simultaneously within

a FBV, instead adopting the fusion strategy commonly used

in existing methods [27, 45], where one keyframe is fused

at a time. However, this strategy results in reduced fusion

performance, as the model learns richer and more effective

features when multiple keyframes are fused within the FBV.

The mask confidence branch is necessary since it elimi-

nates many low-quality candidate instances. The multidi-

mensional scaling (MDS) visualization in the supplemen-

tary material validates that the proposed TIFF learns dis-

criminative feature representation for object matching.

Stage III. ChatGPT-4o-mini is replaced with other main-

stream LLMs. Experimental results show that ChatGPT

series outperform other LLMs. ChatGPT-4o-mini is ul-

timately selected due to its significantly faster inference

speed compared to ChatGPT-4o, while maintaining compa-

rable reasoning reconstruction accuracy. In addition, more

ablation studies are provided in the supplementary material.

4.7. Qualitative Results
As depicted in Fig. 6, a visual comparison with existing

related works is provided. We give four different types

of outputs, including single-target, zero-target, multi-target,

and multi-class cases. LIRA exhibits superior recogni-

tion and reasoning reconstruction capabilities for implicit

instruction-relevant target instances. More visualization re-

sults are given in the supplementary material.

5. Conclusion
This paper introduces the reasoning reconstruction task,

which focuses on online 3D reconstruction guided by im-

plicit and complex language instructions. Also, we pro-

pose LIRA, an effective framework designed for address-

ing the reasoning reconstruction task. In LIRA, a learning-

based TIFF is proposed to improve instance fusion qual-

ity. In addition, we propose a benchmark ReasonRecon
comprising the largest collection of scene-instruction data

samples involving implicit and complex reasoning. Exper-

iments demonstrate that LIRA achieves superior reasoning

reconstruction performance and is capable of running in real

time. One limitation is that LIRA exhibits relatively low

performance in high-precision reconstruction. Future work

will consider further optimization in 3D space. We hope

that our work can provide insights for embodied agents to

better understand complex physical environments.
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