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Abstract

Vision-Language Models (VLMs) have been increasingly
applied in real-world scenarios due to their outstanding
understanding and reasoning capabilities. Although VLMs
have already demonstrated impressive capabilities in com-
mon visual question answering and logical reasoning, they
still lack the ability to make reasonable decisions in com-
plex real-world environments. We define this ability as
spatial logical reasoning, which not only requires under-
standing the spatial relationships among objects in complex
scenes, but also the logical dependencies between steps in
multi-step tasks. To bridge this gap, we introduce Spatial
Logical Question Answering (SpatiaLQA), a benchmark de-
signed to evaluate the spatial logical reasoning capabili-
ties of VLMs. SpatiaLQA consists of 9,605 question answer
pairs derived from 241 real-world indoor scenes. We con-
duct extensive experiments on 41 mainstream VLMs, and
the results show that even the most advanced models still
struggle with spatial logical reasoning. To address this is-
sue, we propose a method called recursive scene graph as-
sisted reasoning, which leverages visual foundation mod-
els to progressively decompose complex scenes into task-
relevant scene graphs, thereby enhancing the spatial log-
ical reasoning ability of VLMs, outperforming all previ-
ous methods. Code and dataset are available at https:
//github.com/xieyc99/SpatiaLQA.

1. Introduction
Vision-Language Models (VLMs) [23, 37, 38, 44, 64, 88,
89, 97, 98] have recently been increasingly applied to inter-
pret and reason about complex real-world scenes, achiev-
ing remarkable progress across various domains such as
Visual Question Answering (VQA) [5, 13, 18, 55], task
planning [57, 84, 92], image captioning [52, 79, 83], scene
understanding [10, 15, 24, 25, 40, 46, 50, 73, 95], scene
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segmentation [33–36, 67], and medical diagnosis [11, 12].
As shown in the first two examples of Fig. 1, state-of-the-
art VLMs such as GPT-4o [28] perform well on common
VQA [27, 42, 66] and logical reasoning [61, 90] tasks.
However, in the third example, it fails to remove the ob-
stacles above the bottom book before picking it up, indi-
cating that its performance on tasks requiring both spatial
understanding and logical reasoning remains unsatisfactory.
We refer to this important task as spatial logical reasoning.
Such tasks not only require models to possess strong spatial
understanding [9, 17] but also demand the ability to reason
through a sequence of logically consistent steps [72].

Moreover, although spatial logical reasoning shares sim-
ilarities with Embodied Question Answering (EQA) [39,
57, 85, 92], as both require an understanding of spatial
relations and reasoning, its research value is distinct and
irreplaceable. The primary focus of EQA is to evaluate
whether an agent can translate abstract language instruc-
tions into physically executable action sequences under the
constraints of real-world dynamics and control strategies.
These action sequences are typically selected from a prede-
fined and limited set of motor primitives (e.g. move forward,
turn left), forming a closed output space. In contrast, spatial
logical reasoning does not involve any execution compo-
nent. Instead, it emphasizes whether the model can deduce
a logically consistent and spatially coherent multi-step rea-
soning process purely at the visual-semantic level, where
the answers belong to an open vocabulary space. This open-
ended nature demands higher levels of cognitive and lin-
guistic abstraction, reflecting a model’s intrinsic reasoning
and compositional understanding rather than its ability to
map instructions to preset fixed actions. Therefore, spa-
tial logical reasoning serves as the cognitive basis for EQA,
without relying on direct physical interactions. Advancing
spatial logical reasoning is not only essential for improv-
ing performance in embodied tasks, but also for enhancing
the overall reasoning capacity of VLMs across diverse real-
world domains. Unfortunately, existing benchmarks fail to
systematically reflect the performance of VLMs in this as-
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GPT-4o: Here's a detailed thought process... The answer is:
"step1": {"content": "Remove the keyboard", "precondition": [ ]},
"step2": {"content": "Pick up the red book", "precondition": ["step1"]}

Common VQA
Question: Do the hat and the plate
have different colors?
Ground Truth: Yes.

Common Logical Reasoning
Question:  A thin-walled cone-shaped
cup is to hold 36           of water when
full. What dimensions will minimize the
amount of material needed for the cup?
Options:
(A)
(B)
(C)
(D) 
Ground Truth: (A)
GPT-4o: To solve this problem, 
we need to minimize the surface 
area of the cone-shaped cup while
keeping its volume fixed at 36    cubic
inches. Step 1: Formula for volume...
Thus, the answer is: (A)

Spatial Logical Reasoning
Question:  Based on the given scene, generate an ordered
sequence of steps to complete the task: pick up the red book.
Each step should consist of two parts:
1. "content": the performed action
2. "precondition": steps required beforehand
Ground Truth: 
"step1": {"content": "Take the mouse from
the top of the keyboard", "precondition": [ ]},
"step2": {"content": "Remove the data cable
from the keyboard", "precondition": [ ]},
"step3": {"content": "Take away the keyboard
from the red book", "precondition": ["step1", "step2"]},
"step4": {"content": "Pick up the red book", "precondition": ["step3"]}GPT-4o: Yes, the hat and the 

plate have different colors. The
player's hat is blue, while the plate
is white with a blue and red design. 

Figure 1. Common VQA [27] typically involve recognizing visual content and factual knowledge, while common logical reasoning [90]
focuses on abstract, symbolic problem-solving. Spatial logical reasoning, in contrast, requires integrating both spatial understanding and
multi-step logical reasoning to accomplish tasks in real-world scenes.

pect, leaving a critical gap that constrains their safe and ef-
fective deployment in real-world scenarios [63, 93, 94].

To address this important yet unexplored issue, we in-
troduce Spatial Logical Question Answering (SpatiaLQA)
in this work, a benchmark dataset consisting of 9,605 im-
age–text question answer (QA) pairs collected from 241 in-
door scenes spanning 13 scene categories. Considering the
difficulty of acquiring such data, particularly since scenes
involving complex logical relationships need to be carefully
arranged, the entire annotation process is divided into three
stages: manual annotation, subgraph extraction augmenta-
tion, and graph expansion augmentation. Specifically, we
first manually annotated 2,401 real indoor scene images,
assigning one QA pair to each image. We then applied
subgraph extraction augmentation to these 2,401 samples,
which derives subsets of the original answer steps based
on their logical dependencies, and obtained 2,251 new QA
pairs. Finally, we performed graph expansion augmentation
on the combined 4,652 samples, where heuristic methods
were used to append several logically consistent steps to the
original answers, resulting in 4,953 new QA pairs.

In addition, we systematically evaluated 41 representa-
tive VLMs. Specifically, the evaluation process consists
of three steps. First, we use GPT-4o to perform step-level
matching between the model’s predictions and the ground-
truth annotations. Next, the Hungarian algorithm [58] is
applied to generate the optimal one-to-one step matching
that achieves the maximum number of pairs. Finally, based
on the matched results, we calculate precision and recall for
both the content and preconditions. Extensive experiments
show that most models perform poorly in spatial logical rea-
soning, especially in complex tasks that require many steps.

To improve the spatial logical reasoning capabilities of
VLMs, we propose a method called recursive scene graph
assisted reasoning. Specifically, our method consists of

three steps: (1) We first use Depth Anything V2 [81] and
SAM [31, 47, 48] to obtain the depth map and segmenta-
tion map of the scene image; (2) Based on the original im-
age and these perception results, we take the object spec-
ified in the task as the initial source object and perform
the first round of scene graph generation using the VLM.
This process identifies the objects in direct contact with the
source object, referred to as target objects, along with their
relative spatial relationships. Then construct a scene graph
with the source and target objects as nodes and the spatial
relationships as edges. This scene graph serves as the in-
put for the next iteration, where the previous target objects
are regarded as new source objects, and the process repeats
until reaching the maximum iteration number; (3) Finally,
the generated scene graph and the prompt are jointly fed
into the VLM to produce the final answer. By leveraging
domain-specialized visual foundation models, our method
incrementally decomposes the complex visual scenes into
task-relevant scene graphs. This hierarchical perception
process allows the VLM to focus on the spatial environment
surrounding the target objects, thereby facilitating more ac-
curate multi-step reasoning.

In this work, we make four primary contributions: (1)
We identify and define spatial logical reasoning as a criti-
cal yet underexplored capability of VLMs, highlighting its
importance for reasoning across interdependent spatial and
logical steps in real-world scenarios. (2) We introduce Spa-
tiaLQA, a large-scale benchmark consisting of 9,605 im-
age–text QA pairs across 241 indoor scenes spanning 13
scene categories, to comprehensively evaluate spatial log-
ical reasoning. (3) We conduct a systematic evaluation of
41 representative VLMs using GPT-4o and the Hungarian
algorithm, revealing that most models struggle with spa-
tial logical reasoning, particularly in complex tasks that re-
quire many steps. (4) We propose a novel method, recur-
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Benchmarks Modality SU LR Real Scene Answer Type Multi-step Precondition LLM/VLM Scoring Size
CLEVR [30] I ✓ ✗ ✗ Open ✗ ✗ ✗ 853.6K

GQA [27] I ✓ ✗ ✓ Open ✗ ✗ ✗ >1M
MMBench [49] I ✓ ✗ ✓ MC ✗ ✗ ✓ 3.2K

Spatial-MM [65] I ✓ ✗ ✓ MC ✗ ✗ ✗ 2.3K
SpatialRGPT-Bench [17] I ✓ ✗ ✓ MC ✗ ✗ ✗ 1.5K

Open3DVQA [91] I ✓ ✗ ✗ Open ✗ ✗ ✓ 9.0K
MathVista [51] I ✗ ✓ ✗ MC/Open ✗ ✗ ✗ 6.1K
MMMU [90] I ✗ ✓ ✗ MC/Open ✗ ✗ ✗ 11.5K
GeoQA [14] I ✗ ✓ ✗ MC ✗ ✗ ✗ 5.0K

ChartQA [56] I ✗ ✓ ✗ Open ✗ ✗ ✗ 32.7K
MT-EQA [86] I ✓ ✓ ✗ MC ✗ ✗ ✗ 20.0K

MP3D-EQA [77] I/P ✓ ✓ ✓ MC ✗ ✗ ✗ 1.1K
OpenEQA [53] I/V ✓ ✓ ✓ Open ✗ ✗ ✓ 2.1K

EmbSpatial-Bench [21] I ✓ ✓ ✓ MC ✗ ✗ ✗ 3.6K
EmbodiedBench [82] I ✓ ✓ ✗ MC ✓ ✗ ✗ 1.1K

SpatiaLQA (Ours) I ✓ ✓ ✓ Open ✓ ✓ ✓ 9.6K

Table 1. Comparison between SpatiaLQA and other benchmarks (VQA, logical reasoning and EQA). ‘SU’ and ‘LR’ denote spatial under-
standing and long-range reasoning, respectively. ‘I’, ‘P’ and ‘V’ denote image, point cloud and video, respectively. ‘Open’ and ‘MC’ stand
for open-vocabulary and multiple-choice respectively. ‘Multi-step’ specifies whether the answers involve multiple steps. ‘Precondition’
indicates whether each step in the answer is annotated with its preconditions (i.e., which steps must be completed beforehand).

sive scene graph assisted reasoning, which utilizes visual
foundation models to decompose complex scenes into task-
specific scene graphs, improving the spatial logical reason-
ing capability of VLMs.

2. Related Work
We present the main differences between SpatiaLQA and
some representative benchmarks in Tab. 1, and provide de-
tailed analyses of how SpatiaLQA differs from VQA, log-
ical reasoning, and EQA in Sec. 2.1. Sec. 2.2 presents the
current state of VLMs.

2.1. Related Benchmarks

Visual Question Answering. Common VQA [5, 54, 55]
primarily focused on recognizing image content and han-
dling short-range reasoning tasks, such as object or attribute
recognition [27], counting [30], and simple spatial relation
reasoning [53]. In addition, their efforts largely remained
at the level of single-step factual question answering. In
contrast, SpatiaLQA emphasizes spatial logical reasoning,
where the model must perform long-range reasoning and
infer a sequence of dependent operations based on spatial
relations, rather than simply outputting a factual answer.

Logical Reasoning. Logical reasoning tasks, such as math-
ematical reasoning [14, 51, 90], assess a model’s ability
to establish causal, implicational, and consistency relation-
ships within complex information. However, these tasks
are mostly confined to abstract textual or symbolic spaces,
where the reasoning process is decoupled from real-world
spatial information and visual structures. In contrast, Spa-
tiaLQA focuses on spatial logical reasoning, which requires

models to jointly understand spatial relationships and causal
logic within realistic scenes. Fundamentally, spatial logical
reasoning bridges spatial understanding and logical reason-
ing, representing a more challenging and practically signif-
icant form of reasoning.

Embodied Question Answering. EQA focuses on the
feasibility and effectiveness of actions in interactive envi-
ronments, such as navigation [53, 71, 96] and manipula-
tion [20, 39, 57] tasks. The primary focus of EQA is to eval-
uate whether an agent can translate abstract language in-
structions into physically executable action sequences under
the constraints of real-world dynamics and control strate-
gies. These action sequences are typically selected from a
predefined and limited set of motor primitives, forming a
closed output space. In contrast, SpatiaLQA emphasizes
whether the model can deduce a logically consistent and
spatially coherent multi-step reasoning process purely at the
visual-semantic level, where the answers belong to an open
vocabulary space. This reasoning ability, namely spatial
logical reasoning, forms the cognitive foundation for em-
bodied tasks without relying on physical interaction.

2.2. Vision-Language Models
Recently, VLMs have achieved remarkable success in tasks
such as image captioning [52, 79, 83], visual question an-
swering [5, 54], and open-ended multimodal dialogue [29,
80], driven by large-scale pretraining [41, 74], instruction
tuning [16, 32], and external tool augmentation [62]. De-
spite their strong generalization and reasoning capabilities,
their performance in complex scenarios that require reason-
ing across multiple interdependent steps has not been sys-
tematically studied. SpatiaLQA directly addresses this gap
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Lounge
Question: Clean the table with the cloth.
Answer: 
"step1": {"content": "Remove the cup from
the top of the duster cloth", "precondition":[ ]},
"step2": {"content": "Remove the bottle from
the top of the duster cloth", "precondition":[ ]},
"step3": {"content": "Pick up the duster
cloth", "precondition": ["step1", "step2"]},
"step4": {"content": "Wipe the table with the
duster cloth", "precondition": ["step3"]}

Question: Pick up the fruit box.
Answer: 
"step1": {"content": "Remove the bowl from
the top of the plastic box", "precondition":[ ]},
"step2": {"content": "Remove the cup from
the top of the plastic box", "precondition":[ ]},
"step3": {"content": "Remove the plastic
storage box from the front of the fruit
box", "precondition": ["step1", "step2"]},
"step4": {"content": "Take out the fruit
box", "precondition": ["step3"]}

Kitchen Garage
Question: Put the bottle in the trunk.
Answer: 
"step1": {"content": "Pick up the beverage
from the top of the trunk", "precondition":
[ ]},
"step2": {"content": "Remove the phone
from the top of the trunk", "precondition":
[ ]},
"step3": {"content":
"Open the trunk",
"precondition":
["step1", "step2"]},
"step4": {"content":
"Put the bottle in the
trunk", "precondition":
["step3"]},
"step5": {"content":
"Close the trunk",
"precondition":
["step4"]}

Office
Question: Pick up the yellow box.
Answer: 
"step1": {"content": "Remove the candy from
the black leather bag", "precondition": [ ]},
"step2": {"content": "Remove the black
leather bag from the top of the yellow
box", "precondition": ["step1"]},
"step3": {"content": "Remove the hairpin from
the top of the yellow box", "precondition": [ ]},
"step4": {"content": "Pick up the yellow
box", "precondition": ["step2", "step3"]}

Prompt Template
Given a scene image and a task, please provide a concise and accurate list of steps to execute the task in order.
Here is an example of answer:"step1": {"content": "Take away the stapler from the top of the book", "precondition":[ ]}, "step2": {"content": "Remove the keys from the top of the
book", "precondition":[ ]}, "step3": {"content": "Remove the toliet paper from the top of the laptop", "precondition":[ ]}, "step4": {"content": "Remove the book from the top of the laptop",
"precondition":["step1", "step2"]}, "step5": {"content": "Pick up the laptop", "precondition":["step3", "step4"]}
Please note the following: 1. The example above is only for illustrating the answer format and is not related to the question you need to answer. 2. All objects in the image are within your
reach, so no movement is necessary. 3. Each step can only perform one action on a single object. 4. Each step in the answer consists of two parts: the action to be performed in this step
(''content'') and the steps that must be completed beforehand (''precondition'').
Now answer the following question based on the input image: {Question}. You only need to return an answer wrapped with ''<ans></ans>'' tags.

Figure 2. Prompt template and examples of several indoor scenes.
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Figure 3. The distributions of answer step counts, scene categories, and partial object categories in SpatiaLQA. The x-axes of the three
plots represent the number of answer steps, indoor scene categories, and object categories, while the y-axes indicate the number of samples.

by requiring VLMs to perform ordered and dependency-
aware spatial logical reasoning under structured scene con-
straints. It further provides a systematic analysis of model
capabilities in two key aspects: the generation of step con-
tent and the inference of preconditions, which enables a
comprehensive evaluation of the VLMs’ reasoning consis-
tency and spatial understanding, thereby supporting their re-
liable and safe deployment in real-world scenarios.

3. SpatiaLQA

To evaluate the spatial logical reasoning capabilities of
VLMs, we first define the concept of spatial logical rea-
soning and introduce the SpatiaLQA dataset in Sec. 3.1.
Then, we describe the dataset collection process and eval-
uation metrics in Sec. 3.2 and Sec. 3.3, respectively. In
Sec. 3.4, we conduct experiments using SpatiaLQA to de-
termine whether VLMs can effectively perform spatial logi-
cal reasoning. Finally, in Sec. 3.5, we analyze the alignment

between our metrics and human evaluations, as well as the
potential reasons for the poor performance of VLMs.

3.1. Overview of SpatiaLQA
Spatial logical reasoning refers to the ability of a model
to solve complex problems by outputting a series of logi-
cally coherent steps through spatial understanding and log-
ical reasoning. This capability is crucial yet fundamentally
challenging for VLMs, as the model must integrate spatial
understanding with logical reasoning, which involves pre-
cise spatial perception and tightly coordinated multi-step
causal reasoning to ensure safe and effective operation.

However, existing datasets often focus solely on either
spatial understanding or logical reasoning, while neglect-
ing the integrated aspect of spatial logical reasoning de-
scribed above. To bridge this gap, we introduce SpatiaLQA,
a benchmark designed to comprehensively evaluate the spa-
tial logical reasoning capabilities of VLMs. The dataset
consists of 9,605 QA pairs collected from 241 scenes across
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1. Manual Annotation
Question: Pick up the yellow box.
Answer: 
"step1": {"content": "Remove the candy from
the black leather bag", "precondition": [ ]},
"step2": {"content": "Remove the black
leather bag from the top of the yellow
box", "precondition": ["step1"]},
"step3": {"content": "Remove the hairpin from
the top of the yellow box", "precondition": [ ]},
"step4": {"content": "Pick up the yellow
box", "precondition": ["step2", "step3"]}

Image Acquisition

step1

step2

step4

step3

Corresponding Graph 2. Subgraph Extraction Augmentation

New QA Pair
Question: Pick up the black leather bag.
Answer: 
"step1": {"content": "Remove the candy from
the black leather bag", "precondition": [ ]},
"step2": {"content": "Pick up the black
leather bag", "precondition": ["step1"]}

Content
Precondition

step1

step2

step4

step3

step1 step2

3. Graph Expansion Augmentation

step1 step2

step3 step4

New QA Pair
Question: Put the leather bag on the candy.
Answer: 
"step1": {"content": "Pick up the candy from
the black leather bag", "precondition": [ ]},
"step2": {"content": "Pick up the black
leather bag", "precondition": ["step1"]},
"step3": {"content": "Put down the
candy", "precondition": ["step1"]},
"step4": {"content": "Put the leather bag on
the candy", "precondition": ["step2", "step3"]}

Modified Content Added Content
Added Precondition

Average Width: 1503px   Average Height: 1527px Average Step Count Per Sample: 3.5  Average Step Count Per Sample: 2.5  Average Step Count Per Sample: 5.3 

Figure 4. The data collection pipeline for SpatiaLQA. Note that although the graph expansion augmentation in the figure is applied only to
the data from subgraph extraction augmentation, we actually also applied graph expansion augmentation to the manually annotated data.

13 real-world indoor scene categories. The prompt template
and QA examples are shown in Fig. 2, which includes the
required answer format and example outputs that the model
should follow. Fig. 3 shows the distribution of answer step
counts, scene categories, and partial object categories. It
shows that the answer step counts are broadly distributed
across the range of 2–10, reflecting a diverse level of task
complexity (in general, questions with more answer steps
are more challenging). Additionally, the dataset’s images
come from 13 common indoor scene categories, and the QA
pairs involve over a thousand distinct objects (only a subset
is shown in the figure), which demonstrates that SpatiaLQA
encompasses a rich variety of scenes and objects.

3.2. Dataset Collection Process

We first collected 2,401 real indoor scene images from 241
locations across 13 scene categories, each depicting a com-
plex, multi-step task. Given the challenges in collecting
such data, particularly because scenes with complex log-
ical dependencies require deliberate setup, as illustrated
in Fig. 4, the collection process consists of three stages:
manual annotation, subgraph extraction augmentation, and
graph expansion augmentation. The details are as follows:

Manual Annotation. We first employed trained annotators
to manually label the 2,401 images, assigning one QA pair
per image with answers ranging from 2–8 steps. Notably,
we did not annotate implicit preconditions: for instance, if
‘stepk’ depends on ‘stepj’ and ‘stepl’ depends on ‘stepk’,
we do not mark ‘stepj’ as a precondition of ‘stepl’. To en-
sure data quality, we conducted two rounds of review and
correction by professional annotators. Each annotation was
represented as an undirected graph, where nodes correspond
to step contents and edges indicate logical dependencies be-
tween steps, serving as the basis for the following stages.

Subgraph Extraction Augmentation. We applied sub-
graph extraction augmentation to these 2,401 samples, gen-
erating 2,251 new QA pairs. This method derives subgraphs
(each containing at least one edge) from the original anno-
tations based on their logical dependencies, forming new
QA pairs that share the same image, with the question cor-
responding to the final step of the subgraph.

Graph Expansion Augmentation. We generated 4,953
new QA pairs using graph expansion augmentation, based

on the samples containing ‘Remove’ and ‘Pick up’ from
the previous two stages. Specifically, assuming the original
question and the final step is ‘Pick up B’, with an interme-
diate step being ‘Remove A’, the graph expansion augmen-
tation would change the question to ‘Place B on A’, modify
‘Remove A’ to ‘Pick up A’, and add two additional steps at
the end: ‘Put down A’ and ‘Place B on A’. The generated
QA pairs share the same image as the original sample.

Note that all data have been manually verified to ensure
their reasonableness and feasibility.

3.3. Evaluation Metrics
Although human evaluation is the gold standard for open-
vocabulary tasks, it is costly and time-consuming, making
automatic metrics preferable for benchmarking. To this end,
we first use GPT-4o and the Hungarian algorithm to match
the predicted results with the ground-truth annotations, as
shown in Fig. 5, and then calculate the recall and precision
based on the matching results. Specifically, the evaluation
process is divided into three steps: (1) Use GPT-4o to match
the predicted steps with the ground truth steps based on the
image, i.e., determining whether the semantics of the con-
tent in each step are consistent in the image. Given an an-
notated answer with m steps and a predicted answer with n
steps, we use GPT-4o to generate a matching matrix with m
rows and n columns, where the values are either 0 or 1. 0
means the two steps differ, while 1 means they are the same.
Note that in this step, a predicted (annotated) step can be
matched with multiple annotated (predicted) steps. (2) Ap-
ply the Hungarian algorithm to filter the matching matrix,
removing redundant matches and achieving the maximum
one-to-one match between the predicted steps and the an-
notated steps, resulting in the filtered matching matrix. (3)
Using the filtered matching matrix for all samples, we cal-
culated the recall Rc and precision Pc for the all content, as
well as the recall Rp and precision Pp for the all precondi-
tions. Finally, we used the F1 score Fc and Fp for content
and preconditions as the evaluation metrics.

Please refer to the supplementary material for the prompt
used to generate the matching matrix.

3.4. The Evaluation of VLMs
To evaluate the spatial logical reasoning capabilities of
VLMs, we conducted experiments on SpatiaLQA with 41
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step1

step   

step1

step  

GPT-4o

step1

step2

step   

step1 step2 step  
Annotated Answer

Predicted Answer

Match

1. Generate Matching Matrix

Mismatch

step1

step2

step   

step1 step2 step  

2. Filter Matching Matrix

Figure 5. The matching process between the predicted and anno-
tated steps. We first use GPT-4o to match the predicted steps and
annotated steps in pairs based on the image (allowing one-to-many
matches), resulting in a matching matrix. Then, we apply the Hun-
garian algorithm to filter the matching matrix, removing redundant
matches to achieve the maximum one-to-one matches.

representative VLMs, covering a wide range of types, in-
cluding those in non-thinking mode and thinking mode, as
well as VLMs that only support text–image input and gen-
eral VLMs that support mixed multimodal inputs. For de-
tails on VLM prompts and hyperparameters, please refer to
the supplementary materials.

In addition, we recruited a human participant to establish
human-level performance on SpatiaLQA. We provided the
participant with an answer template in Fig. 2 and asked him
to sequentially answer all the questions in SpatiaLQA.

The evaluation results are shown in Tab. 2, with the F1
scores being our primary metrics. We first share some ob-
servations and comments as follows:

(1) Generally, within the same series, VLMs with larger
parameter sizes perform better, newer versions of VLMs
perform better (e.g., Qwen2.5-VL-7B-Ins vs. Qwen3-VL-
4B-Ins), and VLMs with a thinking mode outperform those
with a non-thinking mode (e.g., Kimi-VL-A3B-Ins vs.
Kimi-VL-A3B-Thinking). In addition, the performance of
proprietary models typically surpasses that of open-source
models. These confirm the effectiveness of the benchmark-
ing and the correctness of the evaluation metrics.

(2) Humans achieved excellent performance on the
benchmark, with the lowest metric exceeding 90%. How-
ever, even the best-performing VLMs show a significant gap
compared to humans, particularly in precondition predic-
tion, which indicates that there is a notable performance gap
between VLMs and humans in spatial logical reasoning.

(3) The prediction of preconditions generally performs
worse than the prediction of content, indicating that VLMs
have significant deficiencies in causal reasoning. Even
though they may predict the steps roughly, they do not un-
derstand the logical relationships between them.

(4) The recall for content and preconditions is generally
lower than precision, indicating that VLMs tend to output
more certain answers during prediction, avoiding incorrect
‘false positives’. Specifically, the model generates very cer-
tain step contents or preconditions, but for uncertain steps,
it may choose not to predict or skip them, leading to the

Size Rc Pc Fc Rp Pp Fp

human - 97.6 97.6 97.6 92.3 92.7 92.5
BLIP2-OPT [38] 4B 24.6 99.9 39.5 0.0 0.0 -

BLIP2-Flan-T5-xl [38] 4B 24.0 74.3 36.3 0.1 0.2 0.1
BLIP2-Flan-T5-xxl [38] 12B 41.3 67.7 51.3 0.0 0.2 0.0

LLaVA1.5-7B [43] 7B 40.3 39.8 40.0 6.4 9.0 7.5
LLaVA1.5-13B [43] 13B 39.1 49.4 42.5 9.1 19.3 12.3

LLaVA1.6-mistral [45] 7B 41.5 47.3 44.2 7.2 13.6 9.4
LLaVA1.6-vicuna-7B [45] 7B 47.0 48.6 47.8 10.0 15.5 12.2
LLaVA1.6-vicuna-13B [45] 13B 42.0 48.5 45.0 11.9 24.9 16.1

Phi3.5-vision-Ins [1] 4B 36.6 38.4 37.5 5.5 10.3 7.2
Gemma3-12B-Ins [68] 12B 41.0 64.6 50.2 9.1 24.9 13.4
Gemma3-27B-Ins [68] 27B 44.1 60.5 51.0 9.9 20.6 13.4

Qwen2.5-VL-3B-Ins [8] 3B 32.5 75.8 45.5 3.3 7.4 4.6
Qwen2.5-VL-7B-Ins [8] 7B 32.5 73.2 45.1 3.3 15.5 5.5
Qwen2.5-VL-32B-Ins [8] 32B 42.0 75.5 54.0 9.2 24.6 13.4
Qwen2.5-VL-72B-Ins [8] 72B 60.0 82.9 69.6 23.9 44.8 31.2
Qwen3-VL-4B-Ins [70] 4B 38.8 78.8 52.0 12.5 46.5 19.6
Qwen3-VL-8B-Ins [70] 8B 44.0 65.7 52.7 13.4 36.2 19.0

Cosmos-Reason1 [6] 7B 48.2 66.9 56.1 11.9 40.3 18.3
InternVL3.5-4B-Ins [75] 4B 42.0 67.8 51.9 11.3 30.5 16.5
InternVL3.5-8B-Ins [75] 8B 43.1 71.5 53.8 13.4 33.6 19.2

InternVL3.5-14B-Ins [75] 14B 49.3 66.8 56.8 14.0 24.9 17.9
GLM-4.1V-9B-Base [26] 9B 45.6 78.1 57.6 12.1 31.2 17.5

GLM-4.1V-9B-Thinking [26] 9B 44.0 82.7 57.5 12.4 37.1 18.6
Kimi-VL-A3B-Ins [69] 16B 28.7 78.2 42.0 1.1 11.4 2.1

Kimi-VL-A3B-Thinking [69] 16B 32.0 92.2 47.5 4.4 42.3 8.0
DeepSeek-VL2-Small [78] 16B 43.4 84.9 57.4 10.5 59.1 17.9

MiniCPM-V-4.5 [87] 9B 50.0 59.4 54.2 10.9 18.6 13.7
SpaceOm [13] 4B 34.1 71.2 46.1 8.7 35.1 13.9

Pixtral [2] 12B 48.1 70.0 57.0 13.7 31.2 19.0
Qwen-VL-Plus [7] - 38.3 86.0 53.0 9.5 37.5 15.1
Qwen-VL-Max [7] - 62.0 83.0 70.9 25.6 45.2 32.7
GPT-4o-mini [28] - 54.3 76.4 63.5 14.1 26.4 18.4

GPT-4o [28] - 59.0 78.5 67.4 19.0 37.0 25.1
GPT-4.1-mini [59] - 53.8 87.1 66.5 21.2 51.4 30.0

GPT-4.1 [59] - 65.2 84.2 73.5 30.2 51.3 38.0
GPT-5-mini [60] - 64.5 86.6 73.9 32.8 56.2 41.2

GPT-5 [60] - 67.8 86.4 76.0 39.2 58.5 47.0
Claude-3-7-sonnet [3] - 47.1 80.2 59.3 19.0 52.3 27.9
Claude-4-sonnet [4] - 59.4 82.0 68.9 27.8 52.1 36.3

Gemini-2.5-flash [19] - 62.0 88.6 72.9 29.5 57.3 38.9
Gemini-2.5-pro [19] - 65.3 86.2 74.3 31.0 53.6 39.3

Table 2. The evaluation results of 41 VLMs. ‘Ins’ indicates that
the model is an ‘instruction-tuned’ version. Recall and precision
are used as reference metrics and are marked in gray. The best
and second-best F1 scores (excluding human results) are marked
in red and blue, respectively, and we use a dashed line to separate
open-source VLMs (above) and proprietary VLMs (below).

omission of some steps that should have been identified.
According to the statistics, the best-performing GPT-5 pro-
duces answers with an average of 3.1 steps, while the an-
notated answers have an average of 4.2 steps, which further
confirms this observation.

3.5. Analysis and Discussions

In this section, we delve into two key questions: (1) the
alignment between our metric and human judgment; (2) the
underlying causes of VLMs’ poor performance.

Human Alignment of VLM-based Evaluation. We em-
ploy GPT-4o when matching predicted steps with annotated
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Figure 6. Evaluation results of human and different scoring VLMs.
The x-axis represents the eight representative VLMs being evalu-
ated. Each point with the same marker shape denotes the F1 scores
obtained by the same scoring VLM or by human evaluators. The
solid lines indicate the F1 scores for content, while the dashed
lines represent the F1 scores for preconditions.

ones. In the following analysis, we investigate the con-
sistency between the scoring VLM (used to generate the
matching matrix) and the human evaluators. To this end, we
selected eight representative VLMs as the evaluated mod-
els and four VLMs as the scoring VLMs. All evaluations
were conducted on 300 randomly sampled instances from
SpatiaLQA. Fig. 6 presents the evaluation results obtained
from human evaluators and different scoring VLMs, while
Tab. 3 compares the outcomes between the scoring VLMs
and human evaluators. The results show that evaluation
scores vary significantly depending on which VLM is used
as the scoring model. Notably, proprietary models (Qwen-
VL-Max and GPT-4o) yield results that are more consis-
tent with human evaluations, likely because they learn more
stable semantic similarity judgment patterns from larger,
higher-quality data, bringing their judgments closer to hu-
man intuition. Specifically, proprietary models generally
exhibit higher correlation coefficients and lower mean ab-
solute errors (around 3 percentage points), whereas open-
source models show mean absolute errors exceeding 10 per-
centage points. Furthermore, GPT-4o achieves the highest
correlation and lowest mean absolute error. Therefore, to
maintain consistency with human judgment, we adopt GPT-
4o as the scoring VLM.

The Underlying Causes of Poor Performance. To answer
this question, we selected four representative VLMs and an-
alyzed their performance more comprehensively from three
dimensions: the number of annotated answer steps, annota-
tion source, and scene category. As shown in Fig. 7, model
performance generally decreases as the number of anno-
tated answer steps increases. Moreover, model performance
shows clear patterns across different annotation sources:
VLMs perform best on data generated by subgraph extrac-
tion augmentation, followed by manual annotations, and
worst on graph expansion augmentation. This trend arises
because the samples generated through subgraph extraction

Scoring VLMs ρc ρp s ∆

Qwen3-VL-8B-Ins 0.96 0.89 0.98 13.4
InternVL3.5-14B-Ins 0.96 0.78 0.99 14.9

Qwen-VL-Max 0.97 0.86 0.99 3.5
GPT-4o 0.99 0.96 0.99 3.0

Table 3. Comparison between scoring VLM evaluation results and
human evaluation results. ρc (ρp) represents the Pearson correla-
tion coefficient between the content (precondition) F1 scores ob-
tained by VLMs and those obtained by humans. s (∆) denotes
the cosine similarity (mean absolute error) between the F1 scores
obtained by VLMs and those obtained by humans.
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Figure 7. Dimension-wise analysis. Each dot represents the F1
score of a VLM under specific conditions, including different
numbers of answer steps, annotation methods, and scene cate-
gories. ‘Human’, ‘Subgraph’, and ‘Graph Expansion’ correspond
to data from ‘manual annotations’, ‘subgraph extraction augmen-
tation’, and ‘graph expansion augmentation’, respectively.

augmentation have fewer answer steps (simpler problems),
whereas the samples generated through graph expansion
augmentation contain more steps (more complex problems).
However, VLMs exhibit relatively consistent performance
across various scene categories.

These observations suggest that VLMs tend to perform
worse on tasks requiring more steps, as such tasks demand
longer and more stable reasoning processes. VLMs’ fail-
ures on these tasks result in overall poor performance.

4. Recursive Scene Graph Assisted Reasoning
To address the poor performance of VLMs on complex
tasks, we introduce Recursive Scene Graph Assisted Rea-
soning (RSGAR) in Sec. 4.1 and present its effectiveness
and ablation studies in Sec. 4.2. Please refer to the supple-
mentary material for details on hyperparameters and costs.

4.1. Method
As shown in Fig. 8, RSGAR consists of the following three
steps: (1) We first employ Depth Anything V2 and SAM to
obtain the depth and segmentation maps of the scene image.
(2) Using these perception results together with the original
image, we designate the task-specified target as the initial
source object and perform the first round of scene graph
generation with the VLM. During this process, the model
identifies the objects in direct contact with the source ob-
ject, referred to as target objects, and determines their spa-
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Figure 8. The overview of RSGAR. Scene graph generation and
question answering are performed by the same VLM.

tial relationships. A scene graph is then constructed with
the source and target objects as nodes and their spatial rela-
tionships as edges. This graph serves as input for the next it-
eration, where the previous target objects are treated as new
source objects. The process continues until a predefined
maximum iteration T is reached. (3) Finally, the generated
scene graph is combined with the task prompt and fed into
the VLM to produce the final answer.

4.2. Experiments

Effectiveness. We adopt five baselines: PhysAgent [18],
Chain of Thought (CoT) [76], and three variants of vanilla
reasoning with additional inputs of segmentation map
(SAM), depth map (Depth Anything V2), or both together.
PhysAgent is one of the most advanced methods for enhanc-
ing VLMs’ physical commonsense and understanding of the
real world. We use GPT-4o as the VLM for all methods, and
the number of iterations T in RSGAR is set to 5. The results
of all methods on SpatiaLQA are shown in Tab. 4a, which
shows that RSGAR achieves the best performance among
all methods, while CoT attains the second-best result due
to its ability to enable more stable reasoning. Other base-
lines even underperform the vanilla reasoning, indicating
that simply incorporating physical priors or visual cues does
not contribute to the spatial logical reasoning of VLMs.

The Reason for Effectiveness. To answer this question,
we further analyzed RSGAR from the perspective of the
number of steps in the annotated answers. As shown in
Tab. 4b, although RSGAR shows a slight decrease in perfor-
mance on samples with fewer answer steps, it significantly
improves the performance of VLMs on samples with more
answer steps. This suggests that RSGAR can improve VLM

Fc Fp

GPT-4o 67.4 25.1
+ depth 64.1 19.0
+ seg 50.3 14.7

+ seg&depth 50.5 14.5
PhysAgent 64.7 22.2

CoT 67.6 27.0
RSGAR 69.8 28.1

(a) RSGAR vs. baselines.

Step Counts Fc Fp

2 76.4 (-1.3) 53.9 (-0.7)
3 71.6 (-1.0) 46.4 (-1.9)
4 73.6 (+4.5) 34.8 (+1.9)
5 65.6 (+2.8) 20.0 (+1.6)
6 62.8 (-0.4) 14.3 (+2.5)
7 58.6 (+0.8) 15.2 (+3.0)

8-10 50.2(+0.5) 8.9(+2.4)

(b) Fc/Fp across answer step counts.

Table 4. (a) The results of various methods. Bold and underlined
scores denote the best and second-best results. ‘+ depth’, ‘+
seg’, and ‘+ depth&seg’ represent vanilla reasoning enhanced with
depth maps, segmentation maps, and both, respectively. (b) RS-
GAR’s Fc and Fp across answer step counts. The values in paren-
theses represent the changes relative to vanilla reasoning.

T Fc Fp

1 68.5 27.4
3 68.8 28.1
5 69.8 28.1
7 70.6 28.7

(a) Iteration number T .

Fc Fp

w/o seg&depth 66.5 26.3
w/o seg 66.9 26.5

w/o depth 68.8 27.8
w/ seg&depth 69.8 28.1

(b) Segmentation/Depth map.

Table 5. Ablation studies on GPT-4o. The default settings are
indicated in italics. ‘seg’ and ‘depth’ denote the segmentation map
and depth map, respectively.

performance on complex tasks by explicitly representing
the relationships among key objects in the original scene.

Ablation Studies. We set T = 5 by default and pro-
vide both the depth map and segmentation map during
scene graph generation, as indicated by the italics in Tab. 5.
Tab. 5a shows that the performance of the VLM improves
as T increases. This is because a larger T allows the final
scene graph to include more information, giving the VLM
a more comprehensive understanding of the scene when an-
swering questions. Tab. 5b shows that the performance of
RSGAR declines when either the depth map or segmenta-
tion map is not used. This is because each of them provides
distinct visual information, and both are essential for gener-
ating an accurate scene graph.

5. Conclusion
In summary, we introduce SpatiaLQA, a benchmark com-
prising 9,605 samples from 241 real-world indoor scenes,
designed to systematically evaluate the spatial logical rea-
soning abilities of VLMs. Moreover, we develop an auto-
mated evaluation strategy based on GPT-4o, which achieves
a high level of consistency with human. By evaluating 41
VLMs, we reveal significant deficiencies in their spatial
logical reasoning. Therefore, we propose recursive scene
graph assisted reasoning, which effectively enhances GPT-
4o’s performance on complex tasks. We will further explore
how VLMs can be applied to more complex scenarios, such
as long-horizon planning and dynamic environments, where
models must reason and adapt to changing observations.
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