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Abstract

Integrating Large Language Models with sym-
bolic planners is a promising direction for ob-
taining verifiable and grounded plans, with re-
cent works extending this idea to visual do-
mains using Vision-Language Models (VLMs).
However, an open-source benchmark for com-
paring these approaches under matched condi-
tions is missing, due to a lack of visual bench-
marks that support symbolic planning. We
present ViPlan, the first open-source bench-
mark for comparing VLM-grounded symbolic
approaches (VLM-as-grounder) with direct
VLM planning methods (VLM-as-planner).
ViPlan introduces a series of increasingly chal-
lenging tasks in two visual domains: a visual
variant of the classic Blocksworld planning
problem and a simulated household robotics
environment. Averaged across methods, we
find VLM-as-grounders to outperform direct
VLM planning in Blocksworld (solving 46%
of the tasks against 9%), where image ground-
ing is both crucial and accurate. However, in
the household robotics tasks, where linguis-
tic knowledge helps, VLM-as-planner meth-
ods are greatly superior to VLM-as-grounder
approaches (solving 34% of the tasks against
5%), which are hindered by partial observabil-
ity. Thus, ViPlan domains capture fundamen-
tal shortcomings of both planning approaches,
which we further diagnose with a qualitative
failure analysis. Finally, across methods, we
observe no consistent benefit from Chain-of-
Thought prompting, suggesting persistent limi-
tations in current VLMs’ visual reasoning abil-
1ties.

1 Introduction

Automated planning is a fundamental capability
for general-purpose agents, consisting of the abil-
ity to generate action plans based on their knowl-
edge of the environment they act in. This en-
ables them to make decisions, adapt to dynamic

“Equal contribution.

environments and achieve complex goals (Ghallab
et al., 2004). The rise in popularity of foundation
models (Bommasani et al., 2021), including Large
Language Models (LLMs), has prompted many to
test their ability for planning (Ichter et al., 2022;
Huang et al., 2022, 2023; Hao et al., 2023). Others
have been more critical, arguing that LLMs remain
unreliable and lack the capacity for formal plan-
ning (Valmeekam et al., 2023b; Kambhampati et al.,
2024) and recommending to integrate them with
symbolic planners. Such planners rely on formal
logic, for example using the Planning Domain Def-
inition Language (PDDL; McDermott et al., 1998),
to specify the relevant properties of the world state
and how actions affect them in order to solve tasks.
Vision-Language Models (VLMs; Liu et al.,
2023b; Li et al., 2023a) have gathered interest for
their ability to process visual observations jointly
with language. Inspired by LLM approaches to
planning, this has led to two complementary uses
of VLMs, distinguished by the role of the model
(see Figure 1). The first, which we name
, uses the model to directly select ac-
tions from visual inputs. The second,

, instead uses the VLM to ground sym-
bolic representations of the world, such as the
boolean variables defined in PDDL, named predi-
cates, in perception. The latter is particularly im-
portant in open-world domains, such as embodied
Al tasks, where the state of the world can change in
ways that symbolic planners alone cannot handle
due to their lack of built-in perceptual grounding.

However, recent evidence has shown that cur-
rent state-of-the-art VLMs can still struggle with
detecting objects (Augustin et al., 2025) and iden-
tifying relationships between entities (Tong et al.,
2024), crucial abilities for grounding planners to
observations. Furthermore, they inherit the same
limitations of LLMs in terms of formal planning
abilities. As a result, both approaches exhibit dis-
tinct failure modes, yet their relative strengths and

21469

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 21469-21516
October 24-29, 2026 ©2026 Association for Computational Linguistics



VLM-as-planner

VLM Plan
Next Action

e grasp(book)
* navigate-to(shelf)

= grasp(book)

Environment

VLM-as-grounder

Symbolic Plan

o grasp(book)

(—b » navigate-to(shelf)
l Action executable?

3 \
A (S

No, replan

Symbolic VLM Yes, execute
Agent )
gT Action successful? T Environment

Task

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

’ 1
next action :
1

1

1

1

1

1

1

1

1

1

1

1

1

- 1
Observation !

Figure 1: Planning with VLMs. Two classes of VLM-based methods for planning a set of actions to reach a goal.
VIL.M-as-planner uses the VLM directly to produce a new plan after every action. VLLM-as-grounder uses the
VLM to ground a symbolic agent’s plans to the observations from the environment. Grounding takes the form of
yes-no question-answering about whether the conditions that make an action executable are met and whether the

expected outcomes of the action are realized.

weaknesses remain poorly understood. To date,
no open-source benchmark enables a comparison
of the two under matched environments and pro-
tocols, with previous studies either focusing on
direct VLM planning (Liu et al., 2025), or working
with private benchmarks and closed-source mod-
els (Zhang et al., 2025), making it difficult to assess
when each approach is preferable.

To address this gap, we present ViPlan, the
first open-source visual planning benchmark de-
signed to compare VLM-as-planner and VLM-as-
grounder approaches. Our main contributions are:

1. We introduce ViPlan, an open-source1 and
extensible benchmark for comparing VLM-as-
planner and VLLM-as-grounder approaches un-
der a matched protocol, comprising two inter-
active domains: ViPlan-Blocksworld (ViPlan-
BW) and ViPlan-Household (ViPlan-HH),
with three difficulty splits of 25 tasks each.
We screen 21 open-source VLMs and evalu-
ate eight method variants on the five models
selected for the full benchmark.

2. We find a domain-dependent trade-off: VLM-
as-grounder outperforms VLM-as-planner in
ViPlan-BW (46% vs. 9%), where visual
grounding is reliable and precise state track-

"We open-source the benchmark at https://github.
com/merlerm/ViPlan.

ing is crucial, while the opposite is true in
ViPlan-HH (5% vs. 34%), where grounding
errors compound and direct VLM planners
can better exploit linguistic priors. Support-
ing blank-image and predicate-level analyses
corroborate this explanation.

3. We analyze the behavior and failure modes of
both paradigms, finding no consistent bene-
fit from Chain-of-Thought prompting (CoT;
Wei et al., 2022), even after controlling for
generation-budget effects, and identifying
recurring grounding, non-executable-action,
and parsing failures.

2 Background

We investigate classical planning problems (Ghal-
lab et al., 2004). These involve finding a sequence
of actions that get an agent to achieve a goal, given
a model of the environment.

A classical planning problem is defined as a tuple
IT1 = (D,Z,G), where D is the problem domain,
7 is the initial state and G is the desired goal state.
The domain D is further defined as D = (P, A),
where P is the set of all boolean predicates used
to describe the environment’s state, and A is the set
of all actions the agent can perform. See Figure 2
for an example.

Predicates represent properties of the world and
can be either lifted (parameterized) or grounded
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Figure 2: Example of the basic components for formal planning with PDDL. A PDDL domain includes the list
of possible lifted actions, which are then grounded by a PDDL problem, that provides the initial and goal state. A
symbolic planner takes as input the PDDL domain and problem to generate a symbolic plan to reach the desired

goal state through a sequence of N action.

(instantiated). For example, the lifted predicate
(holding ?m - movable?) becomes grounded as
(holding bowl) when the argument is instanti-
ated. Only grounded predicates can be evaluated
as true or false. Z, G, and generally any state s; are
specified as the set of true grounded predicates at
timestep t, with the rest assumed to be false under
the closed-world assumption.

Each action in A is defined by a set of precon-
ditions over grounded predicates that must hold
in the current state for the action to be applicable,
and a set of effects that describe how grounded
predicates truth values change after the action is
executed. Actions, like predicates, can be lifted
and then grounded by instantiating their parame-
ters. Actions are typically executed by low-level
controllers assumed to perfectly achieve their ef-
fects, following the downward refinement prop-
erty (Bacchus and Yang, 1991) and this allows
planners to ignore intermediate states. However,
real-world controllers may fail or face changing
conditions, and as such grounding is required to
identify these failures.

Classical planning problems are typically de-
scribed using the PDDL formal language (Mc-
Dermott et al., 1998). A PDDL domain file de-
fines the space of available predicates and actions
(along with object types), while a PDDL problem
file defines the initial and goal states (in terms of
grounded predicate truth values) along with avail-

“movable is an example of object type, used to restrict
certain actions or predicates to a given object category.

able objects (i.e., specific instances of object types).
Example PDDL domain and problem files are pro-
vided in Appendix H.

We use the term problem to refer to a specific
PDDL problem file (i.e., (Z,G) plus object list),
and task to refer to a concrete instance of that
problem (e.g., a specific environment layout using
the same domain). A planner takes a domain and
problem file and returns a plan, which is a list of
grounded actions that leads from 7 to G.

Note that in classical planning, the planner oper-
ates with the symbolic state s;, which is assumed
to be given. We instead study a more realistic sce-
nario, which we refer to as visual planning, where
only the image = of the environment at time ¢ is
available, while s; must be extracted (e.g., with a
VLM). This also implies that Z is not known, but
must be established from the first image x.

3 Related Work

Plan Synthesis with VLMs. A prominent line
of research employs LLMs and VLMs as planners,
prompted to directly select actions from a prede-
fined list (Ichter et al., 2022; Huang et al., 2023).
Several works integrate visual feedback through
object detectors (Song et al., 2023; Chen et al.,
2023; Wu et al., 2023) or vision oracles (Ren et al.,
2023), while others use VLMs to monitor plan exe-
cution and trigger replanning on failure (Guo et al.,
2024; Mei et al., 2024). Most relevant to one of
our VLM-as-planner implementations, ViLa (Hu
et al., 2024) uses a VLM in a closed-loop fashion
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by generating a new plan at each step. Crucially,
all of these methods build systems upon foundation
models without closely investigating the choice of
the VLM itself or formalizing a benchmark.

Visual Symbolic Planning. The integration of
LLMs and symbolic planning frameworks, such as
PDDL, was first proposed by LLM+P (Liu et al.,
2023a), with this line of work typically relying on
the language model to generate a symbolic domain
to be used with classical planners (Huang et al.,
2024). Several recent methods extend this to the
visual setting, using VLMs to generate PDDL pred-
icates and domains from images (Liang et al., 2025;
Dang et al., 2025), to learn predicates and actions
through interaction (Athalye et al., 2025), or to re-
fine plans based on detected failures (Duan et al.,
2025). VLM-TAMP (Yang et al., 2024) instead
uses the VLM to provide a high-level plan that is
then refined through classical motion planning.

Recently, VLMs have emerged as powerful tools
for grounding classical planners with visual percep-
tion, which was previously only possible through
domain-specific models (Migimatsu and Bohg,
2022) trained end-to-end. S3E (Azran et al., 2025)
enumerates all possible predicate-object combina-
tions and converts them into natural language ques-
tions for a VLM at every step of the plan. The
method however is not scalable and the work does
not investigate the success rate of planning with
the estimated states, which is hard to predict from
prediction accuracy alone.

Most relevant to our work, TP-VQA (Zhang
et al., 2023) and the later DKPROMPT (Zhang
et al., 2025) use VLMs to monitor the truth values
of predicates by asking specific questions based on
an action’s preconditions and effects. DKPROMPT
also directly compares its symbolic approach with
a VLM-planner baseline on five OmniGibson tasks,
reporting a large advantage for the symbolic ap-
proach. Importantly, however, the execution pro-
tocols differ: DKPROMPT updates its symbolic
state and replans online when preconditions or ef-
fects are not satisfied, while its direct VLM-planner
baseline is open-loop. Its evaluation is also limited
to closed-source VLMs and a private set of five
household tasks, with no publicly available imple-
mentation. ViPlan instead provides an open-source,
multi-domain benchmark in which both paradigms
operate under the same closed-loop protocol. Our
implementations of the VLM-as-grounder method
class, while independently developed, resemble the

= / y ’/ -
X

(a) ViPlan-BW (b) ViPlan-HH

Figure 3: Example Domain Visualizations. We show
an example rendering for a state in ViPlan-BW (left)
and ViPlan-HH (right).

DKPROMPT method, as asking yes-no questions
about visual predicates is one of the most straight-
forward ways of interfacing a VLM and a PDDL
planner.

Visual Planning Benchmarks. Finally, while
benchmarks like VisualAgentBench (Liu et al.,
2025) and EmbodiedBench (Yang et al., 2025) eval-
uate VLM-based agents acting as planners across
multiple interactive domains, they are not designed
to support symbolic planners and thus cannot evalu-
ate the VLM-as-grounder approach. To the best of
our knowledge, no open-source benchmark enables
a comparison of VLM-as-planner and VLM-as-
grounder methods in visual planning tasks under
matched environments and protocols.

For further discussion on works related to bench-
marking VLMs for hallucination detection and
Visual Question Answering (VQA), we refer the
reader to Appendix B.

4 The ViPlan Benchmark

This Section describes the two ViPlan domains, as
well as the two classes of methods tested, together
with the specific method instances. We also intro-
duce the methodology for selecting the VLMs used
for our experiments.

4.1 Domains

ViPlan is comprised of two domains: ViPlan-
Blocksworld (ViPlan-BW) and ViPlan-
Household (ViPlan-HH), specifically chosen
to represent both abstract fully observable, and
realistic partially observable environments, which
present opposing challenges. Example states for
both domains can be seen in Figure 3.

ViPlan-Blocksworld. Blocksworld is a popular
classical planning domain (McDermott, 2000) in
which the agent must stack blocks on a table in
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a specific configuration. Our ViPlan-BW domain
is written for the photorealistic Blocksworld ren-
derer introduced by Asai (2018). To match the
visual state, we use a simplified formulation with
a single moveBlock action rather than the standard
action set. Blocks can only be moved to the top
of a column and can only be moved if they do not
have other blocks on top. We consider blocks with
identical sizes and shapes, but varying in color.
ViPlan-BW is composed of 25 distinct procedu-
rally generated problems for three difficulty splits:
simple, medium and hard (see Appendix H.1).

ViPlan-Household. While ViPlan-BW provides
a controlled environment, we are also interested
in evaluating planning in a domain closer to real-
world embodied Al scenarios. For this, we imple-
ment ViPlan-HH on top of iGibson 2.0 (Li et al.,
2022a), specifically using the Fetch robot. iGibson
is an open-source household simulator, where the
agent can interact with various objects to complete
tasks (e.g., setting the table or cleaning the dishes).

As PDDL deals with high-level actions, we im-
plement each one by bypassing low-level control
and instead directly transitioning the environment
to one of the action’s valid terminal states, saving
time and simulation cost. In order to introduce real-
istic variability, object positions are sampled within
allowable regions, a process which also introduces
occasional action failures that need to be detected.
Due to this randomness, we verify that each task is
solvable using an oracle symbolic planner which
receives the full symbolic state from the simulator.
As in ViPlan-BW, we divide ViPlan-HH in three
splits with 25 tasks each. All our original contri-
butions, implementation details, domain and task
information can be found at Appendix H.2.

In ViPlan-HH, partial observability means that
not all predicates are visible from the agent’s cur-
rent viewpoint, and so we assume the initial state
7 is partially known, with non-visible predicates
initialized using privileged information from the
simulator. This could alternatively be provided
through other means in practical settings, such as
natural language communication. We provide both
method classes with equivalent privileged informa-
tion about non-visible predicates throughout the
episode, as detailed in Section 4.2.

Furthermore, some ViPlan-HH tasks include
multiple instances of the same object, which look
identical and would be impossible to disambiguate.
In such cases, in order to isolate legitimate errors

from ambiguous object detection mistakes, we add
labeled bounding boxes with object names (e.g.,
"book_1", "book_2") only to the duplicate objects.
This disambiguates object references, but adds no
relational information, thus the VLM must still
reason about actions and object relationships.

4.2 Visual Planning Methods

We consider two classes of methods,

and , each imple-
mented with four specific instances, to investigate
design choices within each class.

At each timestep, the VLM is
provided with an image of the current state, a tex-
tual description of the goal and the set of all avail-
able actions; additionally, in the case of ViPlan-HH,
we provide natural language information about non-
visible objects. Depending on the specific method
instance, the VLM is then tasked with generating
either a full plan in a parsable format (JSON) that
satisfies the goal ( variant), or the next action
( variant). We further consider two variants
where the VLM is asked to perform a CoT reason-
ing trace before generating the plan or the action,
named respectively and
variants. In the case of the two Plan variants, only
the first action of the plan is executed and the VLM
is prompted to generate a full plan again at the next
step. This kind of closed-loop planning is well-
suited for our tasks, as it can naturally recover from
action failures.

The VLM-as-grounder ap-
proach uses the VLM to ground a symbolic planner
(specifically, the Fast Downward planner (Helmert,
2006), following Unified Planning’s (Micheli et al.,
2025) implementation).

First, the VLM is tasked with filling in the start-
ing truth values for all possible grounded predicates
in the initial state Z (which we call predicate enu-
meration), so that the symbolic planner can gener-
ate an initial plan. After, for every action in the plan
to be executed, the VLM is first prompted to verify
that the preconditions hold, and then to verify that
all effects are observed as expected after execution,
as shown in Figure 1. We verify each predicate by
first converting it to a natural language yes-no ques-
tion through a pre-defined template (e.g., (holding
bowl) becomes "Is the agent holding a bowl?") and
then prompting the VLM to answer the question
based on the current state image ;. In ViPlan-HH,
at each timestep we only query the VLM about
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Figure 4: Models selection. We show a ranking of all tested VLMs, with an average score across both the

and
selected for our benchmark are highlighted in green.

predicates visible from the current viewpoint. Non-
visible predicates are instead filled using privileged
simulator information, or left unchanged from the
previously grounded state when unaffected by the
current action, providing the same state information
that VLLM-as-planner receives in natural language.
We consider two base variants: , which
uses this standard yes-no question-answering, and

, which augments each question with
a request for CoT reasoning before the answer.

If, at any point, there is a mismatch between
the VLM answers and the values expected by the
PDDL action, the state of the world is deemed
inconsistent. In this case, the action might have
had unintended consequences, and changed other
predicates besides the ones specified by its effects.
For example, a bowl could be knocked over while
moving another one due to a failed low-level execu-
tion. Thus, we must re-establish the state through
predicate enumeration, generate a new plan, and
continue the task.

Memory-augmented variants. When the VLM
determines that preconditions are not met, or when
an attempted action is found non-executable, this
signals a potential grounding error. We test variants
that augment the VLM’s context during the subse-
quent replanning cycle with memory of the issue:
the action previously attempted, the precondition
questions with their VLM answers, and whether
the issue was caught during precondition checking
or only discovered upon execution attempt. These
memory-augmented variants are

and , which combines mem-
ory with CoT reasoning.

methods, both the ViPlan-BW and ViPlan-HH domains, and all difficulty splits. The suite of models

4.3 Vision-Language Model Selection

VLM Pool. To ensure comprehensive coverage
of the current VLM landscape, we evaluate a di-
verse pool of 21 open-source vision-language mod-
els spanning multiple model families and scales.
Our model pool includes: AyaVision (8B, 32B),
Cosmos-Reason 2 (8B), DeepSeek-VL2 (27B
A4.5B), Gemma-3 (12B, 27B), InternVL3 (8B,
78B), InternVL3.5 (8B, 38B, 30B A3B), Mistral-
Small-3.1 (24B), Molmo (7B), Llava-OneVision
(7B, 72B), Phi-4 Multimodal (5.6B), Qwen2.5-VL
(7B, 72B) and Qwen3-VL (8B, 32B, 30B A3B)°.
Additionally, we include three closed-source mod-
els for reference: GPT-5.2, GPT-4.1 and GPT-4.1
Nano. We exclude these models from the selec-
tion process in order to keep the benchmark based
on open-source models, but still test them to pro-
vide valuable context for assessing the gap between
open and closed-source VLMs. We report the full
model names as found in Hugging Face or in the
APIs in Appendix C, while referring to their short-
hands in all plots and tables for readability. For all
models, we use a temperature value of 0 to ensure
a deterministic outcome.

Model Selection Process. Given the computa-
tional cost of evaluating 21 VLMs across all eight
method variants and 150 tasks (75 per domain X
2 domains), we identify the most capable models
through a selection procedure: we evaluate all 21
open-source models on two representative meth-
ods (Plan and Ground, the core variants without
CoT or memory augmentations), compute each

3For mixture-of-experts (MoE) models, we report parame-
ter counts using the notation {rotal}B A{activated}B, where
total denotes the total number of parameters and activated the
number of parameters used per forward pass.
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Table 1: Results of methods (averaged over models).
We report the average success rates (mean across the
selected VLMs) for each method (as defined in Sec-
tion 4.2), as well as averages across method classes;
standard error of the mean across models is shown in
parenthesis. The highest value in each column is bolded.

Method ViPlan-BW ViPlan-HH Combined
0.07 ©0.03 0.39 «©.05) 0.23 ©.02)
0.10 0.04) 0.23 .04 0.16 ©.03)
0.07 ©.03 0.41 (0.03) 0.24 ©on
0.14 ©0.04 0.35 ©.04 0.25 ©.03)
0.09 ©.02) 0.34 002 0.22 ©on
0.47 014 0.04 ©.0n 0.25 ©.on
0.44 ©.14 0.06 .02 0.25 ©on
0.47 0.16) 0.05 .02 0.26 (0.08)
0.45 ©.14 0.05 ©.0n 0.25 ©on
0.46 .07 0.05 ©.0on 0.25 ©.04)

model’s average success rate across both methods,
both domains, and all three difficulty splits, rank
by this aggregate score, and select the top five
open-source models to form our evaluation suite
for the main benchmark results. We weight Plan
and Ground equally so that selection reflects com-
petence across both planning paradigms. Empiri-
cally, this retains the strongest tested open-source
grounders, the strongest open-source planner, and
models competitive on both methods (Appendix J).
This ensures our benchmark is easily reproducible,
and new methods only need to test their perfor-
mance across the selected models.

Selection Results. Figure 4 presents the ranking.
We observe clear performance tiers, with larger
models generally (though not universally) achiev-
ing higher scores, and a small gap between large
closed-source and open-source models; notably, we
find little difference between GPT-4.1 and GPT-5.2.
The five best performing open-source models are:
InternVL3.5 38B (0.32), InternVL3 78B (0.30),
Qwen3-VL 32B (0.23), Qwen2.5-VL 72B (0.18),
and Gemma3-27B (0.18). These VLMs, spanning
27B to 78B parameters across different architec-
tures, form the basis for all subsequent benchmark
evaluations reported in Section 5.

5 Results

We present our results, starting with the perfor-
mances of VLM-as-planner and VLM-as-grounder
variants over the two domains, then assessing the
impact of CoT on the various methods and finally
presenting a qualitative analysis of method failure
cases. A compact overview of the results across

ViPlan-BW ViPlan-HH
Simple Medium Hard Simple Medium Hard
Plan- 0.17 0.03 0.00 | 0.68 0.31 0.18
Plan
+cop- 022 007 0.02 [ 046 012 0.10
Action- 0.18 0.02 0.00 | 0.61 0.37 0.26
Action
+cop- 030 010 0.02 [ 058 029 0.18
Planner
Avg.” 022 006 001 | 0.58 027 018
Ground- 0.68 0.49 024 | 0.08 0.01 0.02
Ground [ 565 047 019 [ 012 002 0.04
+ CoT : . . : : '
Ground [g 68 046 0.27 [ 0.11 0.02 0.02
2 Mem- O ’ - . ) )
Ground
+Mem- 0.66 0.45 0.24 [ 0.11 0.00 0.02
+ CoT
Grounder " 57 047 024 | 011 0.01 0.03
Avg.” O ; } . : :

Figure 5: Method performances across difficulty
splits. We show the average scores across models for
each tested method, as well as the VLM-as-planner and
VLM-as-grounder overall averages (rows), for each indi-
vidual difficulty split of the domains (columns). Bolded
values indicate the highest score for each column.

methods and domains is available in Table 1, while
Figure 5 shows a more detailed overview, separat-
ing scores across the three difficulty splits. For all
methods, we report the success rate, i.e., the frac-
tion of completed tasks, as a directly comparable
measure of performance.

We find VLM-as-planner per-
forming unevenly across domains: it performs rela-
tively well in ViPlan-HH (with the planner variants
solving on average 34% of tasks), while it strug-
gles in ViPlan-BW, with the best method (Action
+ CoT) surprisingly solving only 14% of tasks. A
blank-image ablation with InternVL3.5 38B sup-
ports the hypothesis that non-visual task informa-
tion contributes to this difference (Appendix L).
Removing visual state information reduces Plan
success from 16% to 4% in ViPlan-BW, while pre-
serving the 24% average success rate in ViPlan-HH,
even improving the simple split. This is consistent
with direct VLM planning being able to leverage
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linguistic priors in the household domain, whereas
ViPlan-BW depends more strongly on accurate per-
ception and state tracking. For both domains, per-
formance decreases uniformly when increasing the
difficulty level (see Figure 5).

Conversely, VLM-as-
grounder has complementary strengths and
weaknesses to VLM-as-planner approaches: it
excels in ViPlan-BW, solving on average 46% of
the tasks, yet the performance drops drastically
in ViPlan-HH, reaching at most a success rate of
6%. Per-predicate results explain this difference
(Appendix M): in ViPlan-BW, stronger models
achieve near-perfect accuracy on predicates such
as leftOf, rightOf, and on, although clear
remains harder. In ViPlan-HH, predicates such
as nextto, open, and reachable remain below
90% accuracy even for the strongest models.
These local errors compound through the symbolic
planner: an episode can require up to 120 predicate
predictions, and a single incorrect value can
corrupt the symbolic state and prevent task com-
pletion (Figure 16). Similarly to VLM-as-planner
methods, we find the performance to decrease with
higher split difficulties.

Overall Comparison. Aggregated across both
domains, no method or method class clearly out-
performs the others (22% for the VLM-as-planner
average against 25% for VLM-as-grounder, see Ta-
ble 1), and performance is far from saturated. Our
findings rather reveal two complementary frame-
works, with implementation details within the
classes being less important. The two paradigms
instead exhibit complementary weaknesses: direct
VLM planning struggles when precise visual infor-
mation is required and linguistic priors do not help,
while symbolic grounding struggles with local per-
ceptual errors in ambiguous visual states that com-
pound over the course of a task. For reference, GPT-
4.1 and GPT-5.2 show the same domain-dependent
effect as the selected open-source models, favoring
Ground in ViPlan-BW and Plan in ViPlan-HH; full
closed-source results are reported in Appendix J.

Impact of Chain-of-Thought. Examining the
impact of CoT more closely (Table 1), we observe
that adding CoT prompting yields no consistent
improvement for most methods (Action, Ground,
and Ground+Mem). Surprisingly, it actively hurts
performance in the Plan method for the ViPlan-HH
domain, where performance drops from 39% (Plan)

to 23% (Plan+CoT), while it slightly benefits the
same method for the ViPlan-BW domain.

This is robust to the generation token budget
(Appendix F). Only Qwen3-VL 32B exceeds the
budget among the selected models, and the compar-
ison holds even when excluding it. Increasing its
budget from 1024 to 4096 tokens reduces trunca-
tion, but raises the five-model ViPlan-HH average
only from 23% to 26%, still below the 39% ob-
tained without CoT. Thus, truncation can affect
reasoning-heavy models, but does not explain the
overall lack of a consistent benefit from CoT.

We conclude that when the task requires more
complex reasoning (reflecting on a multi-step plan,
versus selecting a single action or answering a
yes-no question) or the prompt is longer (as in
ViPlan-HH versus ViPlan-BW), current VLMs
struggle to maintain coherent reasoning chains dur-
ing CoT, which we find to be in line with recent
findings (Chen et al., 2024; Shiri et al., 2024).

Qualitative Failure Analysis. We manually in-
spect several unsuccessful planning attempts to
identify the most common failure modes; we re-
port a detailed analysis with illustrative examples
in Appendix A.

For VLM-as-planner methods, agents typically
fail either by repeatedly predicting non-executable
actions or by failing to follow the required output
format (parsing errors). The first mode is more
prevalent in ViPlan-BW than ViPlan-HH, in line
with the relative performance of direct VLM plan-
ning in these domains. The second depends mainly
on the model and affects both domains equally;
we find the most recent models in our evaluation
suite, Qwen3-VL 32B and InternVL3.5 38B, to
be particularly susceptible, echoing concerns that
fine-tuning on reasoning traces can lead to counter-
productive overthinking (Cuadron et al., 2025).

For VLM-as-grounder methods, failures are pri-
marily driven by incorrect grounding of action pre-
conditions, with asymmetric consequences: incor-
rectly invalidated preconditions lead to dead-end
symbolic states, while mistakenly validated ones
cause repeated illegal action attempts. The use of
memory in the VLM’s context (Ground + Mem
variants) does not significantly mitigate this. In
ViPlan-BW, such errors stem from clear model mis-
takes, whereas in ViPlan-HH they are exacerbated
by partial observability, viewpoint-dependent am-
biguity, and the need to verify a larger number of
interacting predicates.

21476



6 Conclusions

In this work, we introduced ViPlan, the first open-
source benchmark for comparing VLM-grounded
symbolic approaches (VLM-as-grounder) with di-
rect VLM planning methods (VLM-as-planner).
ViPlan tests eight method variants from these two
classes, across two interactive domains with com-
plementary perceptual and reasoning demands.
We find that VLM-as-planner methods are more
effective when they can leverage linguistic pri-
ors, whereas VLM-as-grounder methods are better
suited to tasks that require precise state ground-
ing and explicit symbolic structure. These dif-
ferences are further supported by our qualitative
analysis, which sheds light on concrete failure
cases that each method should tackle to improve
its performance, and further supported evidence
is provided by a blank-image ablation and per-
predicate results. Furthermore, we show that Chain-
of-Thought prompting provides little to no improve-
ment across the majority of models and approaches,
highlighting the ongoing difficulties with current
VLMs and visual reasoning.

Overall, our benchmark presents itself as an un-
solved challenge, calling for novel robust planning
methods capable of both classic planning rigor and
handling ambiguous situations.

Limitations

In terms of method classes, we assume that in
ViPlan-HH some privileged information is given
to the VLM both when serving as a planner and
as a grounder. This is because a scenario where
the model has no information about where certain
objects can be found would require a big amount of
exploration. It is outside the scope of this work to
determine how to avoid using privileged informa-
tion, but future directions should investigate how
to lift this assumption, especially in the case of
VLM-as-grounder, where PDDL is not easily ex-
tendable to unobserved predicates otherwise. We
assume a hierarchical control interface where low-
level controllers handle action execution and termi-
nation. Consequently, if an agent attempts an action
whose preconditions are not met in the ground truth
state, the execution is rejected, the state remains un-
changed, and the agent receives feedback to trigger
replanning; this aligns with standard TAMP archi-
tectures where infeasible refinements cause back-
tracking. Furthermore, we assume the low-level
controller signals when an action has terminated,

tasking the VLM solely with verifying the high-
level effects or selecting the next step, although
recent work suggests VLMs could also assist in
detecting termination conditions (Du et al., 2023).

More in general, ViPlan-HH presents non-
negligible stochasticity which could lead to fluc-
tuations across simulator seeds. Our reported er-
rors capture variability across the 25 problems in
each split, rather than repeated-seed uncertainty:
our computational budget and the large number of
models tested (see Appendix G), prevented running
multiple seeds per experiment. Thus, small differ-
ences between methods within the same paradigm
should not be interpreted as robust rankings, and
future experiments with the benchmark would ben-
efit from multi-seed evaluation. We also assume,
as is typical in the classical planning literature, that
the domain D is given. However recent works,
such as Guan et al. (2023), explore how the domain
could be generated using LLMs. We also relied
on templates to translate grounded predicates into
questions. Recent work (Azran et al., 2025) has
shown how this can be automated with LLMs, but
as the scope of our benchmark is evaluating VLMs,
we avoided this for simplicity.

Finally, since VLM selection uses the bench-
mark tasks themselves, performance of the selected
models may be optimistic as an estimate of model-
level generalization; our selection is intended to
identify a capable evaluation suite rather than to
rank individual VLMs, and our results depend on
comparisons and not absolute metrics.

Potential Risks. ViPlan evaluates VLMs in sim-
ulated planning settings and does not involve real-
world deployment. A possible indirect risk is that
strong benchmark results could be over-interpreted
as evidence that current VLM-based planners are
ready for safety-critical embodied deployment; our
findings (success rates well below saturation, com-
pounding grounding errors, and CoT failing to con-
sistently help) argue against such an interpretation.
We release ViPlan to encourage rigorous evalua-
tion rather than to endorse any particular system
for real-world use.
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A Failure Cases Analysis

In this Section, we present a series of representative
failure cases of both classes of methods across the
two ViPlan domains that complement our analy-
sis in the main paper. The main failure cases for
VLM-as-planner and VLM-as-grounder can hap-
pen regardless of whether CoT is employed. We
report cases accompanied by CoTs (edited for com-
pactness and clarity), as we find them insightful.
We additionally present one failure case specific of
VLM-as-planner methods that employ CoT.

A.1 VLM-as-planner.

VLM-as-planner variants failure cases can be
divided in actions that are parsable but non-
executable and actions that fail to be parsed, which
we present in this order.

Non-executable action failures. We observe two
main dynamics that arise from a single failed action
and propagate into a sequence of failures until the
termination of an episode:

1. The agent oscillates between two non-
executable actions, as shown in Figure 6.

2. The same action is repeated again and again,
as possible to see in Figure 7.

In both cases, a mistaken diagnosis about why the
action is non-executable is responsible for these
failing dynamics. It is possible that moving to
more advanced VLM agents with better memory
and replanning procedures could solve some of
these failures.

Non-parsable action failures. As we require all
model outputs to be in JSON format, all parsing
errors are due to incorrect formatting and we are
not aware of any shortcomings of our parsing pro-
cedure that would discard otherwise valid outputs.
Ultimately, outputs with the wrong format can be
re-conducted to the inability of a model to follow
instructions. We inspect one particularly interest-
ing case of parsing error (see Figure 8), caused
by the model CoT repeating itself in loops until it
exhausts the token budget without producing any
valid JSON output. This case is observed espe-
cially in the Plan+CoT variant of VLM-as-planner,
as it tends to arise from the interaction between the
request for a plan in the prompt and the usage of
CoT.

A.2 VLM-as-grounder.

In VLM-as-grounder, there can be errors in assess-
ing the preconditions or the effects of an action.
We observe that episodes become irrecoverable
for symbolic planners when preconditions are mis-
judged, entering one of two states:

1. A precondition is erroneously judged as un-
satisfied, thus preventing a valid action that is
necessary to achieve the goal (see Figure 9).
The precondition then remains unsatisfied also
at future steps, leading to a dead-end state.

2. A precondition is erroneously judged as sat-
isfied, thus attempting an invalid action (see
Figure 10). The precondition then remains
satisfied also at future steps, leading to more
attempts and potential infinite loops.

Notice that an action can only be chosen if the
estimated symbolic state satisfies the preconditions.
Thus to enter the second case, some predicate must
be wrong.

Errors in checking the effects of actions manifest
in wrong assumptions about preconditions in the
future steps and can thus lead to the second case
above.

B Additional Related Work

The following is an expansion on Related Work
(Section 3 of the main paper) with literature refer-
ring to Benchmarks for Vision-Language Models
that evaluate their planning abilities and robustness
to hallucinations.

Benchmarks for Vision-Language Models. Our
work closely aligns with other benchmarks, specif-
ically in the area of planning, object hallucina-
tions and relationship hallucinations with VLMs.
For planning, previous research typically framed
the problem as Visual Question Answering (VQA)
(Antol et al., 2015), asking questions about which
actions to take (Chen et al., 2026; Majumdar et al.,
2024). Visual Spatial Planning (VSP) (Wu et al.,
2025) specifically focuses on spatial relationships,
but without any notion of symbolic predicates. Our
work is closer to PlanBench (Valmeekam et al.,
2023a), which investigates the combination of
LLMs with symbolic planning, but without con-
sidering the visual component.

Hallucinations in foundation models are a widely
studied phenomenon (Liu et al., 2024). POPE (Li
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Initial State Goal State

Actions attempted

t=0 moveblock(g, c5) X (g already in c5)
t=1 moveblock(o, c2)

[t=2 moveblock(y, c3) X (y not free to move) |
=3 moveblock(g, c5) X (g already in c5)
t=4 moveblock(y, c3) X (y not free to move)

Model Chain-of-Thought
The goal is to arrange the blocks such that each block is the topmost in its respective column. [...] The green
block needs to be moved to 'c5' after the yellow block is moved. The plan involves moving the yellow block to 'c3',
then the blue block to 'c4', and finally the green block to 'c5'.

Figure 6: Failure case of a VLM-as-planner method in ViPlan-BW. The agent oscillates between multiple
non-executable actions due to inconsistent implicit state tracking. After one successful move, the model repeatedly
attempts to move blocks that are either not free to move, or already in the target column, violating action precondi-
tions and failing to make progress toward the goal.

Current State

Goal
bowl_1 and bowl_2 must be inside the sink_1

Known facts
bowl_1 and bowl_2 are inside cabinet_1

Actions attempted
=0 navigate-to(cabinet_1)
t=1 open(cabinet_1)
t=2 grasp(bowl_1)
=3 place-on(bowl_1, sink 1)
t=4 grasp(bowl_2) X (not in sight) |
=5 grasp(bowl_2) X (not in sight)

Model Chain-of-Thought

The goal is to have bowl_1 and bowl_2 on top of the sink_1. We have already placed
bowl_1 on the sink_1. Now we need to get bowl_2. According to the initial information,
bowl_2 is inside cabinet_1. Since cabinet_1 is already open, we can grasp bowl_2 and
then place it on the sink_1.

Figure 7: Failure case of a VLM-as-planner method in ViPlan-HH. The agent attempts a non-executable action.
After the first attempt, it fails to diagnose the cause for the failure and enters a loop of re-attempts.
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Chain-of-Thought output (excerpt)

[Initial reasoning prefix]

The current state shows that the purple block is already on top of the red block in column ¢3, which satisfies part
of the goal. The orange block is currently in column ¢3, but it needs to be moved to column c5. The green block is
in column c4, which is correct, but it needs to be the topmost block in its column.

[Recurring reasoning block]

The blue block is in column c1, but it needs to be in column c2 and be the topmost block there. The purple block
is already in column c3, which is correct, but it needs to be the topmost block in its column. The red block is
already in column c¢3, which is correct, but it needs to be under the purple block. The yellow block was incorrectly
moved to column ¢5, but it should not be there. The green block is already in column c4, which is correct, but it
needs to be the topmost block in its column.

[Recurring reasoning block - identical to above]

The blue block is in column c1, but it needs to be in column c2 and be the topmost block there. The purple block
is already in column c3, which is correct, but it needs to be the topmost block in its column. The red block is
already in column c3, which is correct, but it needs to be under the purple block. The yellow block was incorrectly
moved to column c5, but it should not be there. The green block is already in column c4, which is correct, but it
needs to be the topmost block in its column.

[The above reasoning block is repeated verbatim 24 times, without producing any new action, until the token
budget is exhausted.]

Figure 8: Failure case illustrating the negative impact of Chain-of-Thought prompting in ViPlan-BW. The
VLM initially produces a coherent reasoning prefix, but its reasoning then converges to a recurring reasoning block
that is repeated verbatim across subsequent steps, preventing the generation of new actions and exhausting the token
budget.

Initial State Goal State

Preconditions check
Action: moveblock(o,c2)

- Is the orange block the topmost of its
column? No (X)
- Is the orange block in column c2? No ()

Model Chain-of-Thought
In column c5, there is a blue block directly below the orange block. Since the orange block is not at the top of the
stack in this column, it is not the topmost block. Therefore, the answer is "No".

Figure 9: Failure case of a VLM-as-grounder method in ViPlan-BW. During precondition grounding, the VLM
incorrectly judges a required precondition of the action moveblock(o, c2) as unsatisfied, stating that the orange
block is not topmost in its column when it actually is. As a result, the symbolic planner rejects an otherwise valid
action, leading to a dead-end state in which no valid plan can be generated and the episode terminates unsuccessfully.
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Current State

Goal

window_1 and window_2 must be open

Preconditions check
Action: open(window_1)
- Is the window within reach? Yes (')

- Is the window_1 open? No (X)

Outcome
All preconditions satisfied? Yes (X)
Execute open(window_1) X (already open)

Model Chain-of-Thought

First, | will look at the window in the image. The window has multiple panes and appears
to be a sliding window. The panes are aligned with the frame, and there is no visible gap
or separation that would indicate the window is open. Therefore, the window is not

open.

Figure 10: Failure case of a VLM-as-grounder method in ViPlan-HH. During precondition grounding, the
VLM incorrectly judges a required precondition of the action open(window_1) as satisfied, stating that the window
is closed when it is already open. Consequently, the symbolic planner attempts an invalid action that cannot be
executed in the environment. If uncorrected, this error can lead to repeated invalid action attempts and potential

infinite loops.

et al., 2023b) is an established benchmark for ob-
ject hallucination in VLMs, with adversarial ex-
amples constructed out of frequently co-occurring
objects. This kind of evaluation was scaled up by
DASH (Augustin et al., 2025) through smart re-
trieval from a bigger dataset. MM VP (Tong et al.,
2024) investigates both object and relationship hal-
lucinations by looking at CLIP-blind pairs of im-
ages, placing a large emphasis on the role of the
vision encoder (Radford et al., 2021). Benchmarks
for relationship hallucination typically work in a
similar way, by presenting pairs of images with
adversarial captions (Thrush et al., 2022; Nikolaus
et al., 2022), with later advancements also focusing
on the particular role of the vision encoder (Zeng
etal., 2024).

C Model Information

For clarity and readability, we report simplified
model names throughout the main text and figures.
In Table 2 are the correspondance between the
full names of the models and the simplified ver-
sions. For our experiments, GPT-5.2, GPT-4.1 and
GPT-4.1 Nano were accessed via the OpenAI API',

1https ://openai.com/index/openai-api/

while all other models were downloaded from the
Hugging Face Hub?.

Licensing. All models, environments, and soft-
ware used in this work (Qwen-VL, InternVL,
Gemma3, BEHAVIOR-1K, Fast Downward, Uni-
fied Planning, etc.) are released under permissive
open-source licenses (Apache 2.0, MIT, or similar)
that allow research use. Our use is consistent with
their intended use. We release ViPlan under the
MIT License.

D Error Computations

In this Section we outline how the errors are com-
puted throughout the paper.

To estimate the error of the mean on the success
rate on a split, we assume each problem being a
Bernoulli trial (i.e., drawn from a binomial distribu-
tion) with true success probability p. Our empirical
estimate of p, denoted as p, is used to estimate the
standard error of the mean (SEM) as

(b1 —p)/n, 1

where n is the number of problems in the split. This
normal approximation to the binomial distribution

SEM(p) ~

https://huggingface.co/docs/hub/index

21485


https://openai.com/index/openai-api/
https://huggingface.co/docs/hub/index

Table 2: Simplified Model Names. Mapping between specific model identifiers and simplified model names used

in the paper.

Identifier Simplified Name Reference
Coherelabs/aya-vision-8b AyaVision 8B (CohereLabs, 2025)
CoherelLabs/aya-vision-32b AyaVision 32B (CohereLabs, 2025)

nvidia/Cosmos-Reason2-8B
deepseek-ai/deepseek-v12
gpt-5.2-2025-12-11
gpt-4.1-nano-2025-04-14
gpt-4.1-2025-04-14
google/gemma-3-12b-it
google/gemma-3-27b-it
OpenGVLab/InternVL3-8B
OpenGVLab/InternVL3-78B
OpenGVLab/InternVL3_5-8B-HF
OpenGVLab/InternVL3_5-38B-HF
OpenGVLab/InternVL3_5-30B-A3B-HF
Imms-1lab/1llava-onevision-qwen2-7b-ov-hf
Imms-lab/1lava-onevision-gqwen2-72b-ov-hf
mistralai/Mistral-Small-3.1-24B-Instruct-2503
allenai/Molmo-7B-D-0924
microsoft/Phi-4-multimodal-instruct
Qwen/Qwen2.5-VL-7B-Instruct
Qwen/Qwen2.5-VL-72B-Instruct
Qwen/Qwen3-VL-8B-Instruct
Qwen/Qwen3-VL-32B-Instruct
Qwen/Qwen3-VL-30B-A3B-Instruct

Cosmos-Reason2 8B
DeepSeek-VL2
GPT-5.2

GPT-4.1 Nano
GPT-4.1

Gemma-3 12B
Gemma-3 27B
InternVL3 8B
InternVL3 78B
InternVL3.5 8B
InternVL3.5 38B
InternVL3.5 30B A3B
LLaVA-Onevision 7B
LLaVA-Onevision 72B
Mistral-Small-3.1 24B
Molmo 7B

Phi-4 Multimodal
Qwen2.5-VL 7B
Qwen2.5-VL 72B
Qwen3-VL 8B
Qwen3-VL 32B
Qwen3-VL 30B A3B

(NVIDIA, 2025)
(Wu et al., 2024)
(OpenAl, 2025b)
(OpenAl, 2025a)
(OpenAl, 2025a)
(Team et al., 2025)
(Team et al., 2025)
(Zhu et al., 2025)
(Zhu et al., 2025)
(Wang et al., 2025)
(Wang et al., 2025)
(Wang et al., 2025)
(Li et al., 2025)
(Li et al., 2025)
(Mistral Al 2025)
(Deitke et al., 2024)
(Microsoft et al., 2025)
(Bai et al., 2025b)
(Bai et al., 2025b)
(Bai et al., 2025a)
(Bai et al., 2025a)
(Bai et al., 2025a)

is reasonable for n = 25, which holds for all splits
in our experiments.

In the Tables we further report the error of the
average success rates across difficulty splits and oc-
casionally even combined across the two domains
of ViPlan. These are computed using standard er-
ror propagation for the average of independent esti-
mates:

2

SEM(z) = SEM <§: xl/m>

S [ " SEM(z;)? . (3)
m 7

E Statistical Significance of
Chain-of-Thought

We report in Table 3 the numerical differences be-
tween the average success rate with and without
CoT prompting, together with their errors. As a
descriptive measure of effect magnitude relative to
uncertainty, we also report the ratio between the
absolute average difference and its SEM. Except
for Plan in the medium split of both domains, there

is no significant difference (measured in 3 standard
deviations of the mean from 0) in employing CoT
or not, and even in this case, the difference is posi-
tive in ViPlan-BW, but negative in ViPlan-HH. We
conclude that there is no evidence that CoT helps
in our benchmark when averaging across models.

F Chain-of-Thought Token Budget
Analysis

We use a generation budget of 1024 tokens for the
main benchmark experiments. To assess whether
this setting affects our conclusions about Chain-of-
Thought prompting, we analyze output lengths and
truncation across both domains and method classes.
For VLM-as-grounder, none of the five selected
models exhausts the token budget in either domain,
with median CoT lengths of approximately 100
tokens in ViPlan-BW and 115 tokens in ViPlan-
HH. For VLM-as-planner, four of the five selected
models remain within the budget, with median CoT
lengths of approximately 250—400 tokens. The
exception is Qwen3-VL 32B, which can enter long
repetitive reasoning chains and exhaust the budget.
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Table 3: Statistical significance of CoT difference. We report the average difference between experiments with
and without CoT prompting across models for each split and the Ground and Plan methods, using all models tested
during pre-evaluation. We further report the standard error of the mean, and the ratio between the absolute value of
the average and its error in parenthesis. We bold ratios below 3, indicating differences that lie within three SEMs of

zero.
. Simple Medium Hard
Method  Domain Average  Error Average Error Average Error
Ground ViPlan-BW  -0.060 0.022 28  -0.018 0.015a2 -0.005 0.013 @4
ViPlan-HH 0.010  0.016 06y  0.000  0.005 @0y -0.003  0.005 s
Plan ViPlan-BW 0.052 0.018 3.0 0.033 0.009 3.6 0.007 0.005 1.4
ViPlan-HH  -0.068 0.024 28  -0.065 0.018 35 -0.040 0.017 24

We rerun Qwen3-VL 32B with Plan+CoT on
ViPlan-HH using a 4096-token generation budget
in order to mitigate the issue. Truncated outputs de-
crease from approximately 8% to 2%, while its task
success rate increases from 20% to 35%. Substitut-
ing this result into the five-model aggregate raises
Plan+CoT from 23% to 26%, which remains below
the 39% obtained by Plan without CoT. Therefore,
increasing the generation budget improves a model-
specific failure mode (as also shown in Appendix A,
Figure 8) but does not change our conclusion that
CoT provides no consistent improvement.

G Computational Resources

We ran all our experiments on a cluster equipped
with three different GPU models from NVIDIA:
A100 with 80GB VRAM, H100 with 80GB VRAM
and H200 with 141GB VRAM.

The computational resources needed to run the
full benchmark for 12 models fitting in a single
80GB GPU and 9 models fitting in two GPUs, to-
taling around 1800 GPU hours. While this is a
considerable amount, for practitioners willing to
benchmark a VLM of around 7-8B parameters, this
would require roughly 39 hours for just the Ground
and Plan methods (with and without CoT) and less
than 15 if running only the experiments without
Chain-of-Thought. Benchmarking a new method
on the five selected models (assuming the GPU
cost is similar to one of our CoT implementations)
would instead cost around 100 GPU hours (assum-
ing all selected models are ran on a double GPU
setup, but this can be reduced if, for example, they
are loaded on a single H200).

More in general, we estimate that all the experi-
ments of the project required us around 4000 GPU
hours, several of which employing smaller V100

GPUs to run the iGibson simulator.

Finally, the experiments with GPT-5.2, GPT-4.1
and GPT-4.1 Nano costed around 2108.

H Domain Details

H.1 ViPlan-BW

We divided the tasks into three splits, simple,
medium and hard, each composed of 25 different
problems which were automatically generated and
validated. The details for each split can be found
in Table 4.

Table 4: ViPlan-BW Task Splits. Task splits based on
difficulty, number of blocks, columns, and plan length.

Split # Blocks # Columns Plan Length
Simple 3 4 3-5
Medium 5 5 5-10
Hard 6 4 8-15

While typical PDDL domains for Blocksworld
also include a predicate for the agent holding a
block in its hand, since our image observation space
does not show the agent, we instead define a simpli-
fied version of the domain with only a single action
that moves a block to the top of a specified column.

The full PDDL domain for ViPlan-BW can be
seen in Figure 11. Note that the rightOf and
leftOf predicates are never actually used in the
moveBlock action; however they are still filled in
by the VLM when enumerating all predicates, and
can thus serve as a way of measuring the VLM’s
awareness of spatial directions such as left and
right. The domain and problem files can be given
to a classical planner to compute a plan.
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(define (domain Blocksworld)

(:requirements :strips :typing :negative-preconditions :conditional-effects
requality)
(:types block column)

(:predicates
(on ?b1 - block ?b2 - block) ;; block b1l is on block b2

(inColumn ?b - block ?c - column) ;; block b is in column c

(clear ?b - block) ;; block b is clear (i.e., nothing is on top of it)
(rightOf ?c1 - column ?c2 - column) ;; column c1 is to the right of column c2
(leftOf ?c1 - column ?c2 - column) ;; column c1 is to the left of column c2

)

(:action moveBlock
:parameters (?b1 - block ?c1 - column) ;; move block bl to column ci
:precondition (and (clear ?b1) (not (inColumn ?b1 ?c1))) ;; block bl must be clear and not

already in column ci
:effect (and
(forall

(?b2 - block) ;; for all blocks b2
(and
(when

(on ?b1 ?b2)

(and (not (on ?b1 ?b2)) (clear ?b2)) ;; if block b1 was on block b2, then bl is no
longer on b2 and b2 is clear

)

(when
(and (inColumn ?b2 ?c1) (clear ?b2) (not (= ?b2 ?b1)))

(and (on ?b1 ?b2) (not (clear ?b2))) ;; if another block b2 was in the column ci
where bl is moving and b2 was clear, then bl is now on b2 and b2 is no longer clear

)

)
)
(forall

(?c2 - column) ;; for all columns c2

(when
(inColumn ?b1 ?c2)

(not (inColumn ?b1 ?c2))) ;; if block b1 was in column c2, then b1 is no longer in c2)
(inColumn ?b1 ?c1) ;; block b1l is now in column c1
(clear ?b1) ;; block b1l is now clear (as it must be if it was moved)

Figure 11: ViPlan-BW Domain. PDDL domain for ViPlan-BW.
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Example Problem for ViPlan-BW

(define (problem simple_problem_0)

(:domain Blocksworld)

(:objects

Y P R - block
C1 C2 C3 C4 - column

(:init

(clear Y)
(clear P)

(clear R)

(inColumn Y C2)

(inColumn P C1)
(inColumn R C4)

(rightof C2 C1)
(rightof C3 C2)
(rightof C4 C3)

(leftOf C1 C2)
(leftof C2 C3)

(leftof C3 C4)

)
(:goal

(and

(clear Y)

(clear P)
(clear R)

(inColumn Y C3)
(inColumn P C4)
(inColumn R C1)

Figure 12: ViPlan-BW Problem. Example of a problem for the ViPlan-BW domain.
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Table 5: Task splits used in the ViPlan-HH domain
of our benchmark. Tasks appearing in multiple splits
have been adjusted in terms of goal to achieve, to make
them easier or harder, depending on the split. The two
additional columns report the number of problem in-
stances per task and the minimum number of actions
required to complete each instance.

Difficulty Task # Instances # Actions

W
W

cleaning out drawers
locking every door
locking every window
packing food for work
sorting books

Simple

E N e N

—_
(=)

cleaning out drawers
collect misplaced items
packing food for work
putting away toys
sorting books

sorting groceries

—_
OOO

Medium

—_
OOO

—_
W

cleaning out drawers

organizing boxes in garage
Hard organizing file cabinet

putting away toys

sorting groceries

BN N LY TV I e N SN N S LS BV BV, BV B
SE= %

w

H.2 ViPlan-HH

ViPlan-HH is composed of a selection of Behavior
Domain Definition Language (BDDL)? problems
from the BEHAVIOR-100 task suite (Srivastava
et al., 2022). As BDDL problems are not enough
for planning, but are used as constraints to generate
the problem layout in the iGibson simulator, we
translated them into PDDL and wrote an adequate
domain, reported in Figure 13.

The iGibson simulator includes multiple scenes
that are compatible with each problem, and each
scene has multiple instances (e.g., different dispo-
sitions of objects or different looking 3D models
for the same object). Thus, in order to reach 25
problems, we select 5 tasks for the simple split, 6
tasks for the medium split and 5 tasks for the hard
split. For each tasks, we write a PDDL problem
file (see e.g., Figure 14) and then select multiple
scenes and instances, to reach a total of 25 unique
(PDDL problem, scene, scene instance) triplets, as
reported in Table 5. For each split, the problems
are edited (e.g., by considering more or less ob-
jects) to ensure that length of the plan required to
solve them matches the one used for ViPlan-BW
(Table 4). Sample images from iGibson can be
found in Figures 1 and 2 of the main text.

3This is a simplified version of PDDL, where no domain
is provided, only the problem.

Note that a successor to iGibson, named Omni-
Gibson (Li et al., 2022b), was recently proposed.
While it provides more realistic graphics, which
would be an advantage for VLM evaluation, it
requires a NVIDIA RTX GPU (NVIDIA RTX
2070+), causing significant accessibility issues. We
thus opted for iGibson instead for ease of reuse.

H.2.1 ViPlan-HH Original Contributions

While we build on top of iGibson and leverage
BDDL problems from BEHAVIOR-100, adapting
the environment to our benchmark required months
of work. Our main contributions in this regard can
be summarized as follows:

1. Implement a PDDL domain and interface it
with a symbolic planner

2. Implement in iGibson each predicate and
high-level action listed in the domain by
leveraging privileged low-level access to the
internal states of the simulator

3. Add 3D bounding boxes with object labels
when multiple objects of the same type are in
sight

4. Building a server-client framework to enable
containerization of the iGibson environment
with GPU acceleration on a SLURM server
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(define (domain igibson)
(:requirements :strips :typing :negative-preconditions :conditional-effects :equality)

(:types
container movable - object
)

(:predicates
;3 Agent predicates
(reachable ?0 - object)
(holding ?m - movable)

;; Object attributes
(open ?c - container)

;; Object relations
(ontop ?01 - object ?02 - object)
(nextto ?01 - object ?02 - object)

;5 Only containers can contain objects
(inside ?0 - object ?c - container)

)

(:action grasp
:parameters (?m - movable)
:precondition (and
(reachable ?m)
;; Agent must not be holding anything
(forall (?x - movable)
(not (holding ?x))

)
:effect (and
(holding ?m)
(forall (?y - object)
(and
;3 If grasped object is on top of something,
;; it is no longer on top of it
(not (ontop ?m ?y))

;; Same for nextto
(not (nextto ?m ?y)))
)

;5 If m was in a container, it's not anymore
(forall (?c - container)

(when (inside ?m ?c) (not (inside ?m ?c)))
)

)

(:action place-on
:parameters (?m - movable ?02 - object)
:precondition (and
(holding ?m)
(reachable ?02)

)

:effect (and
(ontop ?m ?02)
(not (holding ?m))

)

(:action place-next-to
:parameters (?m - movable ?02 - object)
:precondition (and
(holding ?m)
(reachable ?02)

)
:effect (and

(nextto ?m ?02)
(not (holding ?m))
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(:action place-inside
:parameters (?m - movable ?c - container)
:precondition (and
(holding ?m)
(reachable ?c¢)
(open ?c)

)

:effect (and
(inside ?m ?c¢)
(not (holding ?m))

)

(:action open-container
:parameters (?c - container)
:precondition (and
(reachable ?c)
(not (open ?¢))
;5 Agent must not be holding anything
(forall (?x - movable)
(not (holding ?x))

)
:effect (and
(open ?c)
;; All objects inside the container are reachable
(forall (?0 - object)
(when (inside ?0 ?c) (reachable ?0))

)

(:action close-container
:parameters (?c - container)
:precondition (and

(reachable ?c)
(open ?c¢)

)
:effect (and
(not (open ?¢))
;5 All objects inside the container are unreachable
(forall (?o0 - object)
(when (inside ?0 ?c) (not (reachable ?0)))
)

)

(:action navigate-to
:parameters (?0 - object)
:precondition (and
(not (reachable ?0))
;; Do not navigate-to things hidden in a closed container
(forall (?c - container)
(or (not(inside ?0 ?c)) (open ?c))

)
:effect (and
(reachable ?0) ;; make target object reachable

;; Make every other object unreachable
(forall (?x - object)
(when (not (= ?x ?0))
(not (reachable ?x))))

;; Also, if there exists a container which is ?0 and that it's open,
;; set the objects inside as reachable
(forall (?c - container ?x - object)
(when (and (= ?c ?0) (open ?c) (inside ?x ?¢))
(reachable ?x)))

Figure 13: PDDL domain for the ViPlan-HH environment.
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I Prompts

In the following, we report prompts for the Ground,
Ground + CoT, Plan, and Plan + CoT methods used
in our experiments. The prompts for Action and
Action + CoT use the same format as Plan and Plan
+ CoT respectively, with the JSON only containing
a single "action" element rather than a full plan
(and the wording in the system prompt adjusted
accordingly to ask for a single action rather than a
plan). For the memory augmented Ground variants,
the prompts are the same as the ones reported, with
the memory context appended at the end of the user
prompt. All possible memory augmentations are
reported after the prompts.
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Example Problem for ViPlan-HH

(define (problem cleaning_out_drawers_0)
(:domain igibson)

(:objects
bowl_1 - movable
cabinet_1 - container
sink_1 - object

)

(:init
(inside bowl_1 cabinet_1)
(not (open cabinet_1))

)

(:goal
(and
(ontop bowl_1 sink_1)

Figure 14: ViPlan-HH Problem. Example of a problem for the ViPlan-HH domain.
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Ground prompt for ViPlan-BW

<system>
You are tasked with replying to a question about the given image. You will be given a single question, defined after the
keyword "Question:" and will need to answer it ONLY with Yes or No. Do not write anything else besides your answer.

The image will be about colored blocks and how they relate to each other. In the environment, the blocks will be
arranged in columns, spanning from left to right. Keep in mind that some of these columns can be empty with no blocks
currently placed in them. Within a column one or multiple blocks of different colors can be stacked on top of each other.
Your task is to correctly evaluate the question based on the image provided.

</system>

<user>

{image}

</user>

Ground + CoT prompt for ViPlan-BW

<system>

You are tasked with replying to a question about the given image. You will be given a single question, defined after the
keyword "Question:" and will need to first reason about it and then give a Yes or No answer. The reasoning for your
answer should be written within the XML—style <explanation></explanation>tags. To write the final answer, you should
write only "Yes" or "No" surrounded by <answer></answer>tags. Do not write anything else besides your step—by—step
reasoning and your answer.

Example output for a question about the an image:

Question: Is there a dog on top of a table?

<explanation>

First, I will look for a dog in the image. Then, I will check if the dog is on top of a table. In the image, there is a dog and
there is a table, but the dog is not on top of the table. Therefore, the answer is "No".

</explanation>

<answer>

No

</answer>

</system>

<user>

The image will be about colored blocks and how they relate to each other. In the environment, the blocks will be
arranged in columns, spanning from left to right. Keep in mind that some of these columns can be empty with no blocks
currently placed in them. Within a column one or multiple blocks of different colors can be stacked on top of each other.

{image}
</user>

Ground prompt for ViPlan-HH

<system>

You are tasked with replying to a question about the given image. You will be given a single question, defined after the
keyword "Question:" and will need to answer it ONLY with Yes or No. Do not write anything else besides your answer.
</system>

<user>

The environment is a virtual household simulator, with objects and furniture which can be interacted with. There is a
robotic arm, which is the agent, that can hold objects.

{image}

</user>

Ground + CoT prompt for ViPlan-HH

<system>

You are tasked with replying to a question about the given image. You will be given a single question, defined after the
keyword "Question:" and will need to first reason about it and then give a Yes or No answer. The reasoning for your
answer should be written within the XML—style <explanation></explanation>tags. To write the final answer, you should
write only "Yes" or "No" surrounded by <answer></answer>tags. Do not write anything else besides your step—by—step
reasoning and your answer.
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Example output for a question about the an image:

Question: Is there a dog on top of a table?

<explanation>

First, I will look for a dog in the image. Then, I will check if the dog is on top of a table. In the image, there is a dog and
there is a table, but the dog is not on top of the table. Therefore, the answer is "No".

</explanation>

<answer>

No

</answer>

</system>

<user>
The environment is a virtual household simulator, with objects and furniture which can be interacted with. There is a
robotic arm, which is the agent, that can hold objects.

{image}
</user>

<system>

You are an expert planning assistant. You will be given an image which represents the current state of the environment
you are in, a natural language description of the goal that needs to be achieved and a set of actions that can be performed
in the environment.

Your task is to generate a plan that achieves the goal, in the form of a sequence of actions that need to be executed to
reach the goal.

The format of your output should be a JSON object with the following structure:

T json
"plan": [
"action": action_name,
"parameters": {
parameter_name: parameter_value
B

... other actions ...

]

You will also receive feedback of the previously taken actions, with a note showing if they failed or not. If an action
failed, think about why that could be and then output a new plan accordingly.

</system>

<user>

## Description of the environment

The environment is about colored blocks and how they relate to each other. In the environment, the blocks will be
arranged in columns, spanning from left to right. Keep in mind that some of these columns can be empty with no blocks
currently placed in them. Within a column one or multiple blocks of different colors can be stacked on top of each other.
Your task is to correctly evaluate the question based on the image provided.

## Available actions

You have only one action available, called * moveblock(block, column)" . This action allows you to move a block from its
current column to the specified column. In order to perform this action, the block you want to move must be the topmost
block of its column and must not already be in the target column. If the action is valid, the block will be moved to the
specified column and will be placed on top of any blocks that are already in that column, if any.

To refer to the blocks, use lowercase letters for the colors: 'r' for red, 'g' for green, 'b' for blue, 'y' for yellow, 'p' for purple,
'0o' for orange. To refer to the columns, use the labels provided in the image, 'c1', 'c2’, 'c3', 'c4' and 'c5'.

## Goal
{goal_string}

## Previously taken actions
{previous_actions}
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## Current environment state
{image}
</user>

<system>

You are an expert planning assistant. You will be given an image which represents the current state of the environment
you are in, a natural language description of the goal that needs to be achieved and a set of actions that can be performed
in the environment.

Your task is to generate a plan that achieves the goal, in the form of a sequence of actions that need to be executed to
reach the goal.

Before answering with the plan, think carefully step by step about the actions you need to take and what the expected
outcome of each action is. Write the reasoning behind the plan and justify each action you are going to take. Make sure
that each action is possible, and if previous actions failed, reason about why this could be the case.

The format of your output should be a JSON object with the following structure. Make sure that the explanation is also
written inside the json.
T json
{
"explanation": <a detailed explanation of the plan>,
"plan": [
{
"action": action_name,
"parameters": {
parameter_name: parameter_value
}

),

... other actions ...

]

You will also receive feedback of the previously taken actions, with a note showing if they failed or not. If an action
failed, think about why that could be and then output a new plan accordingly.

</system>

<user>

## Description of the environment

The environment is about colored blocks and how they relate to each other. In the environment, the blocks will be
arranged in columns, spanning from left to right. Keep in mind that some of these columns can be empty with no blocks
currently placed in them. Within a column one or multiple blocks of different colors can be stacked on top of each other.
Your task is to correctly evaluate the question based on the image provided.

## Available actions

You have only one action available, called " moveblock(block, column)" . This action allows you to move a block from its
current column to the specified column. In order to perform this action, the block you want to move must be the topmost
block of its column and must not already be in the target column. If the action is valid, the block will be moved to the
specified column and will be placed on top of any blocks that are already in that column, if any.

To refer to the blocks, use lowercase letters for the colors: 'r' for red, 'g' for green, 'b' for blue, 'y' for yellow, 'p' for purple,
'o' for orange. To refer to the columns, use the labels provided in the image, 'c1’, 'c2', 'c3', 'c4' and 'c5'.

## Goal
{goal_string}

## Previously taken actions
{previous_actions}

## Current environment state

{image}
</user>
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<system>

You are an expert planning assistant. You will be given an image which represents the current state of the environment
you are in, a natural language description of the goal that needs to be achieved and a set of actions that can be performed
in the environment.

Your task is to generate a plan that achieves the goal, in the form of a sequence of actions that need to be executed to
reach the goal.

The format of your output should be a JSON object with the following structure:

* " json
"plan": [
{
"action": action_name,
"parameters": ['parameterl’, 'parameter2’, ...]
1

... other actions ...

]

You will also receive feedback of the previously taken actions, with a note showing if they failed or not. If an action
failed, think about why that could be and then output a new plan accordingly.

</system>

<user>

## Description of the environment

The environment is a virtual household simulator, with objects and furniture which can be interacted with. Keep in mind
that some objects might not be visible or immediately reachable, in which case you need to navigate to them first. If after
navigating to an object it is still not reachable, you might need to open a container.

## Additional information
{privileged_info}

## Available actions

— Action: grasp

— Parameters:
1. a movable object

— Preconditions:
— The object is within reach.
— The agent is not holding anything.

— Effects:
— The agent picks up that object.
— It is no longer on top of or next to any other object.
— If it was inside a container, it leaves the container.

— Action: place—on

— Parameters:
1. the movable object being held
2. another object to serve as support

— Preconditions:
— The agent is holding the first object.
— The support object is within reach.

— Effects:
— The held object is placed on top of the support object.
— The agent's hands become free.

— Action: place—next—to

— Parameters:
1. the movable object being held
2. another object to stand beside

— Preconditions:
— The agent is holding the first object.
— The other object is within reach.

— Effects:
— The held object is positioned next to the other object.
— The agent's hands become free.
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— Action: place—inside
— Parameters:
1. the movable object being held
2. an open container
— Preconditions:
— The agent is holding the object.
— The container is open and within reach.
— Effects:
— The object is placed inside the container.
— The agent's hands become free.

— Action: open—container

— Parameters:
1. a closed container

— Preconditions:
— The container is within reach.
— The agent is not holding anything.

— Effects:
— The container becomes open.
— All objects inside it become reachable.

— Action: close—container

— Parameters:
1. an open container

— Preconditions:
— The container is within reach.

— Effects:
— The container becomes closed.
— All objects inside it become unreachable.

— Action: navigate—to
— Parameters:
1. any target object
— Preconditions:
— The target object is currently out of reach and not hidden in a closed container.
— Effects:
— The target object becomes reachable.
— All other objects become out of reach.
— If the target is an open container, everything inside it also becomes reachable.

## Goal
{goal_string}

## Previously taken actions
{previous_actions}

## Current environment state
{image}
</user>

<system>

You are an expert planning assistant. You will be given an image which represents the current state of the environment
you are in, a natural language description of the goal that needs to be achieved and a set of actions that can be performed
in the environment.

Your task is to generate a plan that achieves the goal, in the form of a sequence of actions that need to be executed to
reach the goal.

Before answering with the plan, think carefully step by step about the actions you need to take and what the expected
outcome of each action is. Write the reasoning behind the plan and justify each action you are going to take. Make sure
that each action is possible, and if previous actions failed, reason about why this could be the case.

The format of your output should be a JSON object with the following structure. Make sure that the explanation is also
written inside the json.

json

{

"explanation": <a detailed explanation of the plan>,
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"plan": [
{
"action": action_name,
"parameters": ['parameterl’, 'parameter2’, ...]
}s
... other actions ...

]

You will also receive feedback of the previously taken actions, with a note showing if they failed or not. If an action
failed, think about why that could be and then output a new plan accordingly.

</system>

<user>

## Description of the environment

The environment is a virtual household simulator, with objects and furniture which can be interacted with. Keep in mind
that some objects might not be visible or immediately reachable, in which case you need to navigate to them first. If after
navigating to an object it is still not reachable, you might need to open a container.

## Additional information
{privileged_info}

## Available actions

— Action: grasp

— Parameters:
1. a movable object

— Preconditions:
— The object is within reach.
— The agent is not holding anything.

— Effects:
— The agent picks up that object.
— It is no longer on top of or next to any other object.
— If it was inside a container, it leaves the container.

— Action: place—on

— Parameters:
1. the movable object being held
2. another object to serve as support

— Preconditions:
— The agent is holding the first object.
— The support object is within reach.

— Effects:
— The held object is placed on top of the support object.
— The agent's hands become free.

— Action: place—next—to

— Parameters:
1. the movable object being held
2. another object to stand beside

— Preconditions:
— The agent is holding the first object.
— The other object is within reach.

— Effects:
— The held object is positioned next to the other object.
— The agent's hands become free.

— Action: place—inside
— Parameters:
1. the movable object being held
2. an open container
— Preconditions:
— The agent is holding the object.
— The container is open and within reach.
— Effects:
— The object is placed inside the container.
— The agent's hands become free.
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— Action: open—container

— Parameters:
1. a closed container

— Preconditions:
— The container is within reach.
— The agent is not holding anything.

— Effects:
— The container becomes open.
— All objects inside it become reachable.

— Action: close—container

— Parameters:
1. an open container

— Preconditions:
— The container is within reach.

— Effects:
— The container becomes closed.
— All objects inside it become unreachable.

— Action: navigate—to
— Parameters:
1. any target object
— Preconditions:
— The target object is currently out of reach and not hidden in a closed container.
— Effects:
— The target object becomes reachable.
— All other objects become out of reach.
— If the target is an open container, everything inside it also becomes reachable.

## Goal
{goal_string}

## Previously taken actions
{previous_actions}

## Current environment state
{image}
</user>

Previously, in the same state (image) as the one shown, you were asked these questions and provided the following
answers:
— Q: {question}
A: {answer}
(repeated for all relevant Q/A pairs)

(the next line varies based on the previous outcome)

(if the previously selected action was illegal, but the VLM thought it was legal:)

Based on these answers, the action '{action_str}' was attempted, but something went wrong. This is very likely to have
been caused by one or more incorrect answers above. Keep this in mind while answering the following question.

(if the previous action was deemed illegal by the VLM due to unsatisfied preconditions, but there is a chance it could
have been legal:)

Based on these answers, the previously—planned action '{action_str}' was called off, as at least one of its preconditions
was judged invalid. This might have been the correct choice or a mistake. Keep this in mind while answering the
following question.

(if an unobserved precondition was not satisfied:)

Based on these answers, the action '{action_str}' was attempted, but something went wrong. This may have been due to
an unobserved precondition not being met. Keep this in mind while answering the following question.
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J Complete Selection Results

We report the individual success rate and accuracy
for each model, method, domain and split in Ta-
bles 6,7, 8,9, 10, 11, 12 and 13. The task success
rates for the full selection results are also visual-
ized in Figure 15. Besides task success rate (which
we use as our main metric), we further report pred-
icate accuracy for Ground variants, computed as
the fraction of yes-no questions that were answered
correctly when compared to the ground truth en-
vironment. In practice, we observe that models
generally show very high accuracy (> 90% for
many model families); however, this does not al-
ways translate to high task success rate. This is
due to compounding errors preventing successful
completions: especially as the complexity grows,
one episode requires up to 120 questions to be an-
swered correctly, so even very accurate models can
make a single mistake that compromises the task,
as shown in Figure 16.

K Action Failures on ViPlan-BW

While the main ViPlan-BW experiments were per-
formed without action failures, the possibility of
actions going wrong in the real world is a motivat-
ing example particularly for the VLM-as-grounder
evaluation setting, as verifying preconditions and
effects is a natural way of counteracting action fail-
ures. We opted to exclude this from the main results
as, with action failures, a task can fail either due
to the VLMSs’ poor performance or simply due to
poor luck, which in turn makes comparing different
models difficult. However, to test the robustness
to action failures of the approach, we report the re-
sults with a probability of action failure py = 0.1,
which we implement into our simulator, in Table 14
for Ground and in Table 15 for Plan.

Overall, we observe similar trends as the version
with no failures (Table 6), showing the resilience
of the Ground setting, and validating the no-failure
choice for the main benchmark.

Note that, as these experiments were performed
in a preliminary version of the benchmark, some
VLMs are missing from the results. Nevertheless,
the method is the same, so the results are directly
comparable to the ones in the main benchmark.

L. Blank-Image Ablation

To assess how strongly the two paradigms depend
on visual information, we rerun Plan and Ground
with InternVL3.5 38B while replacing the environ-

ment observation with a blank image and leaving
all textual inputs unchanged. In ViPlan-HH, these
textual inputs include the goal, action descriptions,
previous-action history, and the privileged informa-
tion described in Section 4.2.

Plan drops from an average success rate of 16% to
4% in ViPlan-BW, whereas its average ViPlan-HH
success remains 24%, even improving from 44%
to 64% when not given the image in the simple
split. Ground instead falls to 0% in both domains,
including from 83% to 0% on average in ViPlan-
BW. These results are consistent with direct VLM
planning being able to exploit non-visual task infor-
mation in the household domain, while symbolic
grounding necessarily depends on accurately recov-
ering the visual state.

M Predicate Accuracy Results

We report the accuracy for individual predicates
Q/A pairs for methods in the VLM-as-grounder
class on ViPlan-BW in Tables 17 (No CoT) and 18
(CoT), and on ViPlan-HH in Tables 19 and 20
(CoT).

Some predicates are clearly harder than others to
predict: in ViPlan-BW, the clear predicate tends
to show much worse performance compared to the
others, with some models even approaching ran-
dom chance (0.50). clear indicates a block that
can be moved, and is translated to "Is the block
x the topmost of its column?", which is a harder
question compared to the other predicates, which
are more straight-forward. This is an example of
what is sometimes known as a derived predicate,
as it could also be obtained with a combination
of forall and on, which confirms that predicates
encoding higher-level relationships can be more
challenging also for VLMs. The accuracy also
tends to worsen as the splits increase in difficulty,
which suggests that having more objects in the im-
age (as harder splits have more blocks) results in a
harder task for the VLM.

The performance is overall worse for ViPlan-HH,
where many predicates, such as nextto, open and
reachable fail to reach 90% accuracy even for the
best-performing models. This can be attributed to
the ambiguity of the domain: if in ViPlan-BW all
predicates are distinctly and correctly identifiable,
asking if an object is reachable by the agent or next
to another object can require a degree of interpreta-
tion, which is challenging for VLMs. More well-
defined predicates, such as holding and inside
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Figure 15: Expanded Selection Results. The Ground approach excels in ViPlan-BW (top), where GPT-4.1,
InternVL3 78B and InternVL 3.5 38B complete a significant fraction of tasks, matching the performance of GPT-5.2
and GPT-4.1. The Plan approach is instead better on ViPlan-HH (bottom), where medium, large and closed models
perform generally better than with Ground, with Gemma-3 27B and Qwen3-VL 32B standing out as medium-sized
models.

show a higher accuracy, confirming this hypothesis.
Furthermore, our experiments also measure the in-
dividual performance by ground truth answer (yes-
no), which we omit from this manuscript for brevity.
This reveals that some models, like Molmo and the
AyaVision family, have a strong bias towards an-
swering "yes", while others like DeepSeek-VL2
tend to always answer "no", leading to poor perfor-
mance.
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Figure 16: Compounding Errors in Planning. Analysis of the fractions of tasks solved in ViPlan-BW (all
difficulties), based on the number of predictions a model would need to answer correctly to succeed for the Ground
method. Benchmarks that ask independent questions to VLMs and measure their accuracy do not capture the effect
that compounding errors have on solving a problem, and would correspond to measuring only one prediction. Most
models score well on the single prediction, but deteriorate quickly as the errors compound.
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Table 6: Full Results for Ground and Ground + CoT on ViPlan-BW. Success rate indicates the fraction of
problems solved, accuracy is the fraction of correct predictions for a single predicate. The result is an average over
the 25 problems in each split. Standard error of the mean is reported in parenthesis. The highest value in each
column is bolded.

Simple Medium Hard
Model CoT Success Accuracy Success Accuracy Success Accuracy
AyaVision 32B 0.04 (0.04) 0.88(0.01) 0.00(0.00) 0.82(0.00) 0.00(0.00) 0.76 (0.01)
AyaVision 32B 0.00 (0.00)  0.89(0.01) 0.04(0.04) 0.85(0.00) 0.00(0.00) 0.79 (0.00)
AyaVision 8B 0.04 (0.04) 0.68(0.01) 0.00(0.00) 0.69(0.01) 0.00(0.00) 0.76 (0.01)
AyaVision 8B 0.00 (0.00)  0.51(0.01) 0.00(0.00) 0.53(0.01) 0.00(0.00) 0.60(0.01)

0.80 (0.08)  0.99(0.00) 0.16(0.07)  0.97(0.00)  0.12(0.06)  0.96 (0.00)
0.44(0.10) 097 (0.00)  0.12(0.06)  0.98(0.00)  0.04 (0.04)  0.96 (0.00)
0.00 (0.00)  0.91(0.01)  0.00(0.00) 0.88(0.01) 0.00(0.00) 0.88 (0.01)
0.04 (0.04)  0.91(0.00) 0.00(0.00) 0.85(0.00) 0.00(0.00)  0.86 (0.00)

Cosmos-Reason2 8B
Cosmos-Reason2 8B
DeepSeek-VL2
DeepSeek-VL2

GPT-4.1 1.00 (0.00)  1.00 (0.00)  0.76 (0.09)  0.99 (0.00)  0.48 (0.10)  0.98 (0.00)
GPT-4.1 0.92 (0.05) 099 (0.00) 0.76 (0.09)  0.98 (0.00)  0.44 (0.10)  0.98 (0.00)
GPT-4.1 Nano 0.12(0.06)  0.89(0.01)  0.00(0.00) 0.85(0.00)  0.00(0.00)  0.84 (0.00)
GPT-4.1 Nano 0.36(0.10)  0.96 (0.00)  0.00 (0.00)  0.96(0.00)  0.00 (0.00)  0.92 (0.00)
GPT-5.2 0.96 (0.04) 099 (0.00)  0.76 (0.09)  0.99 (0.00)  0.36(0.10)  0.98 (0.00)
Gemma-3 12B 0.04 (0.04)  0.96(0.01)  0.00(0.00) 0.95(0.00) 0.00(0.00) 0.91 (0.00)
Gemma-3 12B 0.16 (0.07)  0.93(0.00)  0.00(0.00) 091 (0.01) 0.00(0.00) 0.88 (0.01)
Gemma-3 27B 0.20 (0.08)  0.96(0.00)  0.00(0.00) 0.93(0.00) 0.00(0.00) 0.93(0.01)
Gemma-3 27B 0.28 (0.09)  0.96(0.00)  0.04(0.04)  0.94(0.00)  0.00(0.00)  0.91 (0.00)

InternVL3 78B
InternVL3 78B
InternVL3 8B
InternVL3 8B
InternVL3.5 30B A3B
InternVL3.5 30B A3B
InternVL3.5 38B
InternVL3.5 38B
InternVL3.5 8B
InternVL3.5 8B
LLaVA-Onevision 72B
LLaVA-Onevision 72B
LLaVA-Onevision 7B
LLaVA-Onevision 7B
Mistral-Small-3.1 24B
Mistral-Small-3.1 24B
Molmo 7B

Molmo 7B

Phi-4 Multimodal
Phi-4 Multimodal
Qwen2.5-VL 72B
Qwen2.5-VL 72B
Qwen2.5-VL 7B
Qwen2.5-VL 7B
Qwen3-VL 30B A3B
Qwen3-VL 30B A3B
Qwen3-VL 32B
Qwen3-VL 32B
Qwen3-VL 8B
Qwen3-VL 8B

0.92 (0.05)  1.00 (0.00)  0.80 (0.08)  0.99 (0.00)  0.56(0.10)  0.98 (0.00)
0.96 (0.04)  1.00 (0.00)  0.80 (0.08)  0.99 (0.00) 0.56(0.10)  0.98 (0.00)
0.32(0.09)  0.97(0.00)  0.00(0.00) 0.95(0.00) 0.00(0.00) 0.92 (0.00)
0.08 (0.05)  0.95(0.00)  0.00(0.00) 0.92(0.00)  0.00(0.00) 0.86 (0.00)
0.60 (0.10)  0.99 (0.00)  0.04 (0.04)  0.98 (0.00)  0.00 (0.00)  0.97 (0.00)
0.80 (0.08)  0.99 (0.00)  0.24(0.09) 097 (0.00)  0.00 (0.00)  0.94 (0.00)
1.00 (0.00)  1.00 (0.00)  0.88 (0.06)  0.99 (0.00)  0.60 (0.10)  0.98 (0.00)
1.00 (0.00)  1.00 (0.00)  0.88 (0.06)  0.98 (0.00)  0.36 (0.10)  0.95 (0.00)
0.92 (0.05) 099 (0.00)  0.36(0.10)  0.99 (0.00)  0.08 (0.05)  0.98 (0.00)
0.88 (0.06)  0.99 (0.00)  0.40(0.10)  0.98 (0.00)  0.20 (0.08)  0.97 (0.00)
0.00 (0.00)  0.95(0.01)  0.00(0.00) 0.94(0.00)  0.00(0.00) 0.93(0.01)
0.04 (0.04)  0.96 (0.00)  0.00 (0.00)  0.94(0.00)  0.00 (0.00)  0.94 (0.00)
0.00 (0.00)  0.92(0.01)  0.00(0.00) 0.88(0.01) 0.00(0.00) 0.86 (0.01)
0.00 (0.00)  0.93(0.01)  0.00(0.00) 0.88(0.01) 0.00(0.00) 0.89 (0.01)
0.40(0.10)  0.99 (0.00)  0.00 (0.00)  0.96 (0.00)  0.00 (0.00)  0.96 (0.00)
0.56(0.10)  0.98 (0.00)  0.04 (0.04)  0.95(0.00)  0.00(0.00)  0.94 (0.00)
0.52(0.10)  0.94(0.00)  0.08 (0.05) 0.93(0.00) 0.00(0.00) 0.91 (0.00)
0.00 (0.00)  0.77(0.01)  0.00 (0.00)  0.75(0.01)  0.00 (0.00)  0.74 (0.01)
0.00 (0.00)  0.92(0.01)  0.00(0.00) 0.89(0.01)  0.00(0.00) 0.83(0.01)
0.00 (0.00)  0.08 (0.01)  0.00(0.00) 0.15(0.01)  0.00(0.00)  0.19 (0.01)
0.56(0.10)  0.98 (0.00)  0.40(0.10)  0.99 (0.00)  0.04 (0.04)  0.97 (0.00)
0.48 (0.10)  0.97 (0.00)  0.20(0.08)  0.99 (0.00)  0.00 (0.00)  0.96 (0.00)
0.76 (0.09)  0.99 (0.00)  0.12(0.06)  0.97 (0.00)  0.00 (0.00)  0.94 (0.00)
0.08 (0.05)  0.98 (0.00)  0.00(0.00)  0.92(0.00)  0.00(0.00)  0.89 (0.00)
0.48 (0.10)  0.98 (0.00)  0.00 (0.00)  0.97 (0.00)  0.00 (0.00)  0.96 (0.00)
0.60 (0.10)  0.97 (0.00)  0.20(0.08)  0.97 (0.00)  0.12(0.06)  0.97 (0.00)
0.72(0.09)  0.98 (0.00)  0.36(0.10)  0.98 (0.00)  0.00 (0.00)  0.96 (0.00)
0.56(0.10)  0.97 (0.00)  0.44(0.10)  0.98 (0.00)  0.04 (0.04)  0.97 (0.00)
0.80 (0.08)  0.99 (0.00)  0.00 (0.00)  0.98 (0.00)  0.04 (0.04)  0.98 (0.00)
0.80 (0.08)  0.99 (0.00)  0.40(0.10)  0.98(0.00)  0.40(0.10)  0.96 (0.00)

AXAXAXAXAXAXAXAXAXAXAXAXAXAXAXAXAXXAXAXAXAXAXAX
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Table 7: Full Results for Ground + Mem and Ground + Mem + CoT on ViPlan-BW. Success rate indicates the
fraction of problems solved, accuracy is the fraction of correct predictions. The highest value in each column is
bolded.

Simple Medium Hard
Model CoT Success Ill)&ccuracy Success Accuracy Success Accuracy
Gemma-3 27B X 0.24 009 0.96 ©ooy 0.00 ©o0y 0.94 000y 0.00 ©ooy 0.93 .00
Gemma-3 27B v 0.28 009  0.96 ©o0)  0.00 000y 0.93 000y 0.00 ©ooy 0.92 .00
InternVL3 78B X 0.92 005y  1.00 000y 0.80 o8y  0.99 000y 0.68 0099 0.98 (0.00)
InternVL3 78B v 096009 0.99 000 0.76 009  0.99 000y 0.64 0100  0.98 (0.00)
InternVL3.5 38B X 1.00 0000 1.00 000y 1.00 0000 0.99 000y 0.64 0100 0.98 (0.00)
InternVL3.5 38B v 1.00 000y  0.99 000y 0.84 0on  0.99 ©0o0) 0.48 ©.100  0.96 0.00)
Qwen2.5-VL 72B X 0.60 0100  0.98 ©ooy 0.20 ©osy 0.98 000y 0.00 000y 0.96 (0.00
Qwen2.5-VL 72B v 0.52 0100 097 0ooy 0.16 0onn  0.98 000y 0.00 000y 0.96 (0.00)
Qwen3-VL 32B X 0.64 0100  0.99 ©0ooy 0.32 009 0.98 000y 0.04 009 0.97 0.00)
Qwen3-VL 32B v 0.56 0100  0.98 0oy 0.48 0100 0.98 000y 0.08 005y 0.97 ©.00

Table 8: Full Results for Ground + Mem and Ground + Mem + CoT on ViPlan-HH. Success rate indicates the
fraction of problems solved, accuracy is the fraction of correct predictions. The highest value in each column is
bolded.

Simple Medium Hard
Model CoT Success Ill)&ccuracy Success Accuracy Success Accuracy
Gemma-3 27B X 0.00 000y  0.69 ©o02 0.00 ©ooy 0.79 000) 0.00 000y 0.76 .00
Gemma-3 27B v 0.12 0os)  0.62 0o  0.00 000y 0.67 000y 0.00 ©ooy 0.66 (.00
InternVL3 78B X 0.12 006y 0.66 ©on  0.04 009y 0.63 0o 0.04 0on  0.59 ©.00
InternVL3 78B v 0.16 0oy  0.64 ©on  0.00 ©ooy 0.71 000y 0.00 ©o0)y 0.67 ©.00)
InternVL3.5 38B X 0.20 008y 0.59 0o 0.00 ©ooy 0.62 0o 0.04 0ony 0.71 .00
InternVL3.5 38B v 0.12 006y  0.64 0o  0.00 000y 0.68 0oy  0.08 0.05) 0.68 (0.00)
Qwen2.5-VL 72B X 0.04 004y 0.66 0oy 0.00 ©ooy 0.79 000) 0.00 000y 0.77 (0.00
Qwen2.5-VL 72B v 0.04 0oy  0.72 0oy  0.00 ©ooy 0.77 000y  0.00 000y 0.71 (0.00)
Qwen3-VL 32B X 0.20 008y 0.72 0oy 0.04 009 0.74 0o 0.00 0ooy 0.74 ©0.00)
Qwen3-VL 32B v 0.12 ©os)  0.68 0o  0.00 ooy 0.70 0oy  0.04 004y  0.64 0.00)
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Table 9: Full Results for Plan and Plan + CoT. on ViPlan-BW. Success rate indicates the fraction of problems
solved. The result is an average over the 25 problems in each split. Standard error of the mean is reported in
parenthesis. The highest value in each column is bolded.

Model CoT Simple Medium  Hard

AyaVision 32B 0.00 ©.000 0.00 ©.000 0.00 (0.00)
AyaVision 32B 0.00 0000 0.00 0000 0.00 (0.00
AyaVision 8B 0.00 ©.00  0.00 ©.00) 0.00 (0.00)
AyaVision 8B 0.04 004 0.00 000y 0.00 (0.00
Cosmos-Reason2 8B 0.00 ©.000 0.00 .00y 0.00 (0.00)
Cosmos-Reason2 8B 0.00 ©.000 0.00 ©.000 0.00 (0.00)
DeepSeek-VL2 0.00 ©.00) 0.00 ©.00) 0.00 (0.00
DeepSeek-VL2 0.00 ©.00) 0.00 ©.00) 0.00 (0.00

GPT-4.1 0.24 009 0.04 004 0.04 ©.04)
GPT-4.1 0.84 0o 0.48 0100 0.12 (0.06)
GPT-4.1 Nano 0.04 004 0.00 ©.000 0.00 (0.00)
GPT-4.1 Nano 0.24 ©0.09 0.00 ©.000 0.00 (0.00)
GPT-5.2 0.32 009 0.08 005y 0.00 (0.00)
Gemma-3 12B 0.16 ©0on  0.00 000y 0.00 0.00)
Gemma-3 12B 0.28 ©.09 0.00 ©.00) 0.00 (0.00)
Gemma-3 27B 0.24 ©0.09 0.04 004 0.00 (0.00)
Gemma-3 27B 0.20 ©.08) 0.12 ©.06) 0.04 0.04)
InternVL3 78B 0.08 005  0.00 000y 0.00 (0.00)
InternVL3 78B 0.12 006y 0.00 000y 0.00 (0.00)

InternVL3 8B
InternVL3 8B
InternVL3.5 30B A3B
InternVL3.5 30B A3B
InternVL3.5 38B
InternVL3.5 38B
InternVL3.5 8B
InternVL3.5 8B
LLaVA-Onevision 72B
LLaVA-Onevision 72B
LLaVA-Onevision 7B
LLaVA-Onevision 7B
Mistral-Small-3.1 24B
Mistral-Small-3.1 24B
Molmo 7B

Molmo 7B

Phi-4 Multimodal
Phi-4 Multimodal
Qwen2.5-VL 72B
Qwen2.5-VL 72B
Qwen2.5-VL 7B
Qwen2.5-VL 7B
Qwen3-VL 30B A3B
Qwen3-VL 30B A3B
Qwen3-VL 32B
Qwen3-VL 32B
Qwen3-VL 8B
Qwen3-VL 8B

0.04 0049  0.00 ©00) 0.00 (0.00)
0.04 004 0.00 .00y 0.00 (0.00)
0.00 ©.000 0.00 ©.000 0.00 (0.00)
0.08 005  0.00 000y 0.00 (0.00)
0.40 ©.100  0.08 005y  0.00 (0.00)
0.12 006y 0.00 ©.00) 0.00 (0.00)
0.00 ©.00) 0.00 .00y 0.00 (0.00)
0.00 ©.000 0.00 ©.000 0.00 (0.00)
0.00 .00  0.00 000y 0.00 (0.00)
0.00 .00y  0.00 000y 0.00 (0.00)
0.00 000y 0.00 000y 0.00 (0.00)
0.00 ©.00) 0.00 .00y 0.00 (0.00)
0.16 ©on  0.00 ©.000 0.00 (0.00)
0.00 ©.000 0.00 ©.000 0.00 (0.00)
0.00 .00  0.00 000y 0.00 (0.00)
0.00 000y 0.00 000y 0.00 (0.00)
0.00 ©.000 0.00 000y 0.00 (0.00)
0.00 ©.000 0.00 000y 0.00 (0.00)
0.08 005 0.04 004 0.00 (0.00)
0.16 ©on  0.04 ©os 0.00 .00
0.08 005  0.00 000y 0.00 (0.00)
0.04 004y 0.00 ©0.00) 0.00 (0.00)
0.00 ©.000 0.00 .00y 0.00 (0.00)
0.20 ©.08) 0.00 ©.000 0.00 (0.00)
0.04 0049 0.00 000y 0.00 (0.00)
0.48 0100  0.20 008y 0.04 0.04)
0.04 004y 0.00 000y 0.00 (0.00)
0.00 ©.000 0.00 000y 0.00 (0.00)

AXAXAXAXAXAXAXAXAXAX AN AXAXEAXAXEAXAXXAXAX X AXAX AX
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Table 10: Full Results for Ground and Ground + CoT on ViPlan-HH. Success rate indicates the fraction of
problems solved, accuracy is the fraction of correct predictions for a single predicate. The result is an average over
the 25 problems in each split. Standard error of the mean is reported in parenthesis. The highest value in each
column is bolded.

Simple Medium Hard
Model CoT Success Accuracy Success Accuracy Success Accuracy
AyaVision 32B 0.04 (0.04) 0.61(0.02) 0.00(0.00) 0.65(0.01) 0.00(0.00) 0.65(0.01)
AyaVision 32B 0.04 (0.04) 0.72(0.01)  0.00(0.00) 0.75(0.00) 0.00(0.00) 0.74 (0.01)
AyaVision 8B 0.00 (0.00)  0.46(0.02)  0.00(0.00) 0.44(0.01) 0.00(0.00) 0.44(0.01)
AyaVision 8B 0.00 (0.00)  0.67 (0.01)  0.00(0.00) 0.70(0.01)  0.00(0.00)  0.69 (0.00)

Cosmos-Reason2 8B
Cosmos-Reason2 8B
DeepSeek-VL2
DeepSeek-VL2

0.16 (0.07)  0.57(0.01)  0.00(0.00) 0.65(0.01)  0.00(0.00)  0.50 (0.01)
0.00 (0.00)  0.69 (0.01)  0.00(0.00) 0.72(0.01)  0.00(0.00)  0.73 (0.01)
0.12(0.06)  0.71(0.01)  0.00(0.00)  0.75(0.00)  0.00 (0.00)  0.75 (0.01)
0.00 (0.00)  0.69 (0.01)  0.00(0.00)  0.70 (0.00)  0.00 (0.00)  0.68 (0.01)

GPT-4.1 0.16 (0.07)  0.68(0.01)  0.00(0.00) 0.74(0.01)  0.00(0.00)  0.70 (0.01)
GPT-4.1 0.20(0.08)  0.69(0.01) 0.04(0.04) 0.72(0.01)  0.00(0.00) 0.71 (0.00)
GPT-4.1 Nano 0.04 (0.04)  0.54(0.01)  0.00(0.00) 0.60(0.01)  0.00(0.00) 0.53(0.01)
GPT-4.1 Nano 0.04 (0.04)  0.67(0.01)  0.00(0.00) 0.72(0.01)  0.00(0.00)  0.66 (0.01)
GPT-5.2 0.16 (0.07)  0.65(0.01)  0.00(0.00) 0.76 (0.00)  0.00 (0.00)  0.82 (0.00)
Gemma-3 12B 0.16 (0.07)  0.52(0.02)  0.00(0.00) 0.68(0.01)  0.00(0.00) 0.59 (0.01)
Gemma-3 12B 0.12(0.06)  0.65(0.01)  0.00(0.00) 0.58(0.01) 0.00(0.00) 0.60 (0.01)
Gemma-3 27B 0.08 (0.05)  0.67(0.01)  0.00(0.00) 0.77(0.00)  0.08 (0.05)  0.75 (0.00)
Gemma-3 27B 0.12(0.06) 070 (0.01)  0.00 (0.00)  0.68 (0.01)  0.00 (0.00)  0.66 (0.00)

InternVL3 78B
InternVL3 78B
InternVL3 8B
InternVL3 8B
InternVL3.5 30B A3B
InternVL3.5 30B A3B
InternVL3.5 38B
InternVL3.5 38B
InternVL3.5 8B
InternVL3.5 8B
LLaVA-Onevision 72B
LLaVA-Onevision 72B
LLaVA-Onevision 7B
LLaVA-Onevision 7B
Mistral-Small-3.1 24B
Mistral-Small-3.1 24B
Molmo 7B

Molmo 7B

Phi-4 Multimodal
Phi-4 Multimodal
Qwen2.5-VL 72B
Qwen2.5-VL 72B
Qwen2.5-VL 7B
Qwen2.5-VL 7B
Qwen3-VL 30B A3B
Qwen3-VL 30B A3B
Qwen3-VL 32B
Qwen3-VL 32B
Qwen3-VL 8B
Qwen3-VL 8B

0.12(0.06)  0.71(0.01)  0.00(0.00) 0.68 (0.01)  0.00(0.00)  0.65(0.01)
0.28 (0.09)  0.66(0.01)  0.00(0.00) 0.69(0.01) 0.04(0.04) 0.70 (0.01)
0.00 (0.00)  0.73(0.01)  0.00(0.00) 0.78 (0.00)  0.04 (0.04)  0.78 (0.01)
0.08 (0.05)  0.62(0.01)  0.00(0.00) 0.59(0.01)  0.00(0.00) 0.56(0.01)
0.16 (0.07)  0.68(0.01)  0.00(0.00) 0.73(0.01)  0.00(0.00)  0.68 (0.01)
0.04 (0.04)  0.72(0.01)  0.00(0.00) 0.75(0.01)  0.00(0.00)  0.76 (0.01)
0.08 (0.05)  0.52(0.01) 0.04(0.04) 0.55(0.01) 0.00(0.00) 0.46 (0.01)
0.08 (0.05)  0.68(0.01)  0.00(0.00) 0.66(0.01)  0.12(0.06)  0.69 (0.00)
0.08 (0.05)  0.69(0.01)  0.00(0.00) 0.72(0.01)  0.00(0.00)  0.68 (0.01)
0.04 (0.04)  0.65(0.01)  0.00(0.00) 0.70 (0.01)  0.00(0.00)  0.71 (0.01)
0.00 (0.00)  0.64 (0.02)  0.00(0.00) 0.80(0.01)  0.00(0.00) 0.75(0.01)
0.00 (0.00)  0.69 (0.02)  0.04(0.04)  0.79(0.01)  0.00 (0.00)  0.78 (0.02)
0.04 (0.04)  0.59(0.01)  0.00(0.00) 0.68(0.01) 0.00(0.00) 0.69 (0.01)
0.04 (0.04)  0.58(0.01)  0.00(0.00) 0.65(0.01)  0.00(0.00) 0.70 (0.01)
0.00 (0.00)  0.69 (0.01)  0.00 (0.00)  0.83(0.00)  0.00 (0.00)  0.83 (0.00)
0.04 (0.04)  0.60(0.02)  0.00(0.00) 0.64(0.01) 0.00(0.00) 0.67 (0.01)
0.00 (0.00)  0.60(0.02)  0.04(0.04) 0.65(0.01)  0.00(0.00) 0.67 (0.00)
0.00 (0.00)  0.68 (0.01)  0.00(0.00) 0.71 (0.01)  0.00(0.00)  0.78 (0.00)
0.04 (0.04)  0.31(0.02) 0.00(0.00) 0.22(0.01) 0.00(0.00) 0.33(0.01)
0.00 (0.00)  0.05(0.03)  0.00(0.00) 0.02(0.00)  0.00(0.00) 0.17 (0.02)
0.04 (0.04)  0.72(0.01)  0.00 (0.00)  0.80(0.00)  0.00 (0.00)  0.78 (0.00)
0.00 (0.00)  0.70 (0.01)  0.00 (0.00)  0.75(0.01)  0.00 (0.00)  0.76 (0.00)
0.00 (0.00)  0.73(0.01)  0.04(0.04)  0.81(0.00)  0.00(0.00)  0.82 (0.00)
0.04 (0.04)  0.68(0.01)  0.00(0.00) 0.73(0.00)  0.04 (0.04)  0.62 (0.00)
0.20(0.08)  0.75(0.01)  0.00(0.00) 0.72(0.01)  0.00(0.00)  0.71 (0.01)
0.08 (0.05)  0.68(0.01)  0.00(0.00) 0.74(0.01)  0.00(0.00)  0.73 (0.00)
0.08 (0.05)  0.71(0.01)  0.00(0.00) 0.71 (0.01)  0.04(0.04)  0.66 (0.01)
0.12 (0.06)  0.66(0.01)  0.08 (0.05) 0.71 (0.01)  0.04(0.04)  0.69 (0.00)
0.12(0.06)  0.66(0.01)  0.00(0.00) 0.73(0.01)  0.04(0.04)  0.72 (0.01)
0.04 (0.04) 076 (0.01)  0.00 (0.00)  0.72(0.01)  0.00 (0.00)  0.74 (0.00)
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Table 11: Full Results for Plan and Plan + CoT on ViPlan-HH. Success rate indicates the fraction of problems
solved. The result is an average over the 25 problems in each split. Standard error of the mean is reported in
parenthesis. The highest value in each column is bolded.

Model CoT Simple Medium  Hard

AyaVision 32B 0.36 ©0.100  0.00 ©.000 0.00 (0.00)
AyaVision 32B 0.04 009 0.00 000 0.00 (.00
AyaVision 8B 0.04 004 0.00 ©.00 0.00 0.00)
AyaVision 8B 0.00 000y  0.00 000y 0.04 0.04)
Cosmos-Reason2 8B 0.52 0100  0.24 009 0.04 0.04)
Cosmos-Reason2 8B 0.44 0100 0.12 ©006) 0.24 (0.09
DeepSeek-VL2 0.00 ©.00) 0.00 ©.00) 0.00 (0.00
DeepSeek-VL2 0.00 ©.00) 0.00 ©.00) 0.00 (0.00

GPT-4.1 0.88 006y 0.52 0100 0.36 (0.10)
GPT-4.1 0.60 0100 0.44 0100 0.32 0.09)
GPT-4.1 Nano 0.08 005 0.04 004 0.00 (0.00)
GPT-4.1 Nano 0.16 ©on  0.04 ©0os 0.04 .04
GPT-5.2 0.76 009 0.72 009 0.16 ©.07)
Gemma-3 12B 0.64 ©010) 0.04 004 0.20 ©.08)
Gemma-3 12B 0.48 ©.100  0.00 .00 0.00 (0.00)
Gemma-3 27B 0.92 005 0.32 009 0.28 0.09
Gemma-3 27B 0.76 009 0.16 ©on 0.04 .04
InternVL3 78B 0.44 0100 0.44 0100 0.20 0.08
InternVL3 78B 0.36 ©010) 0.04 004 0.08 ©.05)

InternVL3 8B
InternVL3 8B
InternVL3.5 30B A3B
InternVL3.5 30B A3B
InternVL3.5 38B
InternVL3.5 38B
InternVL3.5 8B
InternVL3.5 8B
LLaVA-Onevision 72B
LLaVA-Onevision 72B
LLaVA-Onevision 7B
LLaVA-Onevision 7B
Mistral-Small-3.1 24B
Mistral-Small-3.1 24B
Molmo 7B

Molmo 7B

Phi-4 Multimodal
Phi-4 Multimodal
Qwen2.5-VL 72B
Qwen2.5-VL 72B
Qwen2.5-VL 7B
Qwen2.5-VL 7B
Qwen3-VL 30B A3B
Qwen3-VL 30B A3B
Qwen3-VL 32B
Qwen3-VL 32B
Qwen3-VL 8B
Qwen3-VL 8B

0.16 ©on  0.04 0oy 0.04 0.04)
0.44 ©.100  0.00 .00y 0.00 (0.00)
0.32 009 0.32 009 0.12 0.06)
0.12 0060 0.00 000y 0.00 (0.00)
0.44 ©.100 0.08 005y 0.20 (0.08
0.32 009 0.12 006y 0.00 (0.00)
0.48 ©.100 0.08 005y 0.04 (0.04)
0.36 ©0.100  0.00 ©0.000 0.00 (0.00)
0.00 .00  0.00 000y 0.00 (0.00)
0.00 .00y  0.00 000y 0.00 (0.00)
0.00 000y 0.00 000y 0.00 (0.00)
0.00 ©.00) 0.00 .00y 0.00 (0.00)
0.68 0.09 0.32 009 0.32 0.09
0.44 ©0.100  0.28 009 0.04 0.04)
0.00 .00  0.00 000y 0.00 (0.00)
0.00 000y 0.00 000y 0.00 (0.00)
0.00 ©.000 0.00 000y 0.00 (0.00)
0.00 ©.000 0.00 000y 0.00 (0.00)
0.68 0.09 0.32 009 0.04 ©0.04)
0.44 ©10p 0.16 0071  0.32 0.09)
0.16 ©on 0.12 006y 0.08 0.05)
0.24 009 0.00 ©.00) 0.00 (0.00)
0.64 ©.100 0.56 ©.100 0.20 (0.08)
0.40 ©0.100  0.32 009 0.32 (0.09
0.92 005) 0.40 0100 0.20 0.08)
0.40 ©.100  0.12 006y  0.08 (0.05)
0.44 ©10) 0.08 005y 0.16 .07
0.20 008y 0.16 0oy  0.08 (0.05)
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Table 12: Full Results for Action and Action + CoT on ViPlan-BW. Success rate indicates the fraction of
problems solved. The highest value in each column is bolded.

Model CoT Simple Medium  Hard

Gemma-3 27B X 0.28 .09 0.08 .05 0.00 (0.00)
Gemma-3 27B v 0.28 009 0.08 005 0.04 .04
InternVL3 78B X 0.08 .05 0.00 ©.000 0.00 (0.00)
InternVL3 78B v 0.56 010y 0.08 005 0.04 0.04)
InternVL3.5 38B X 0.48 0100 0.04 004 0.00 .00
InternVL3.5 38B Ve 0.12 006) 0.04 004 0.00 (.00
Qwen2.5-VL 72B X 0.04 004 0.00 000y 0.00 0.00)
Qwen2.5-VL 72B Ve 0.12 ©006) 0.00 ©.000 0.04 (0.09
Qwen3-VL 32B X 0.04 004 0.00 000y 0.00 0.00)
Qwen3-VL 32B ve 0.40 ©.100  0.32 009 0.00 (0.00)

Table 13: Full Results for Action and Action + CoT on ViPlan-HH. Success rate indicates the fraction of
problems solved. The highest value in each column is bolded.

Model CoT Simple Medium  Hard

Gemma-3 27B 0.80 008y 0.20 008y 0.32 0.09
Gemma-3 27B 0.72 009 0.28 009 0.16 ©.07)
InternVL3 78B 0.44 0100 0.48 0100  0.32 0.09)
InternVL3 78B 0.36 0100 0.32 009 0.16 ©.07)
InternVL3.5 38B 0.48 ©0.100  0.32 009 0.12 0.06)
InternVL3.5 38B 0.44 0100 0.16 0071y  0.08 (.05
Qwen2.5-VL 72B 0.56 ©0.100  0.40 ©.100 0.24 0.09)
Qwen2.5-VL 72B 0.60 ©0.100 0.36 ©0.100  0.36 (0.10)
Qwen3-VL 32B 0.76 009 0.44 0100 0.28 .09
Qwen3-VL 32B 0.80 008y 0.32 009 0.12 .06

AX NAX A X A X SN X
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Table 14: Full Results for Ground on ViPlan-BW with action failures. Actions have a 10% chance of failing.
Success rate indicates the fraction of problems solved, accuracy is the fraction of correct predictions for a single
predicate. The result is an average over the 25 problems in each split. Standard error of the mean is reported in
parenthesis. The highest value in each column is bolded.

Simple Medium Hard
Model CoT Success Accuracy Success Accuracy Success Accuracy
AyaVision 32B 0.04 009 0.88 0o  0.00 ©ooy 0.84 o0y 0.00 000y 0.76 ©0.00)

0.04 0oy 0.68 0on  0.00 ©ooy 0.70 0o  0.00 o0y 0.76 001
0.84 0o 0.99 000y 0.00 ©ooy 0.97 0oy 0.08 005y  0.96 ©.00)
0.00 000y 091 o  0.00 ©ooy 0.88 won  0.00 o0y 0.88 .01

AyaVision 8B
Cosmos-Reason2 8B
DeepSeek-VL2

GPT-4.1 Nano 0.16 ©on  0.89 0on  0.00 ©ooy 0.84 000y 0.00 ©o0) 0.84 ©0.00)
Gemma-3 12B 0.04 009 0.96 000y 0.00 ©ooy 0.95 o0y 0.00 000y 0.91 (©.00)
Gemma-3 27B 0.20 008y  0.96 ©ooy 0.00 ©ooy 0.94 000y 0.00 o0y 0.92 ©.on

InternVL3 78B
InternVL3 8B
InternVL3.5 30B A3B
InternVL3.5 38B
InternVL3.5 8B
LLaVA-Onevision 72B
LLaVA-Onevision 7B
Mistral-Small-3.1 24B
Molmo 7B

Phi-4 Multimodal
Qwen2.5-VL 72B
Qwen2.5-VL 7B
Qwen3-VL 30B A3B
Qwen3-VL 8B

0.92 005y 0.99 ©ooy 0.84 0o  0.99 0000 0.76 0.09 0.98 (0.00)
0.32 009  0.97 ©ooy 0.00 ©ooy 0.95 000y 0.00 ©0o0) 0.92 (0.00)
0.44 0100  0.99 000y 0.08 005y  0.99 000y 0.00 ©oo)y 0.97 0.00)
1.00 ©.00) 1.00 ©0.00) 0.88 0.06) 0.99 0.00) 0.68 009y 0.98 (0.00)
0.92 0os)y 0.99 ooy 0.32 009 0.99 0oo) 0.16 ©on  0.98 (0.00)
0.00 000y  0.95 0on  0.00 ©ooy 0.94 ooy 0.00 000y 0.93 (©.00)
0.00 000y 0.92 0oy  0.00 0oy 0.88 0o  0.00 ©ooy 0.86 0.on
0.36 0100  0.99 ©ooy 0.00 ©ooy 0.96 000y 0.00 ©00) 0.95 0.00)
0.44 0100  0.94 ©ooy 0.04 0o 0.93 000y 0.08 005y 0.92 (0.00)
0.00 000y 0.92 0oy  0.00 ©ooy 0.90 0oy 0.00 ©ooy 0.83 0.on
0.52 0100 098 ooy 0.44 ©10)  0.99 000y 0.08 ©os5) 0.97 (0.00)
0.76 009y 098 ooy 0.12 0oy 0.97 0oy 0.00 ©oo)y 0.95 (0.00)
0.32 009y 098 000y 0.00 ©ooy 0.98 ooy 0.00 000y 0.97 0.00)
0.76 009  0.99 ooy 0.00 0oy 0.98 0ooy 0.08 ©os) 0.97 0.00)

X X X X X X X X X X X X X X X X X X X X X
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Table 15: Full Results for Plan on ViPlan-BW with action failures. Actions have a 10% chance of failing.
Success rate indicates the fraction of problems solved. The result is an average over the 25 problems in each split.
Standard error of the mean is reported in parenthesis. The highest value in each column is bolded.

Model CoT Simple Medium Hard

AyaVision 32B 0.00 0000 0.00 0.000 0.00 (0.00
AyaVision 8B 0.00 ©.00)  0.00 0000 0.00 (0.00)
Cosmos-Reason2 8B 0.00 ©.00) 0.00 0000 0.00 (0.00)
DeepSeek-VL2 0.00 ©.000  0.00 0000 0.00 (0.00)

GPT-4.1 Nano 0.08 005  0.00 ©.000 0.00 (0.00)
Gemma-3 12B 0.20 ©.08) 0.00 .00 0.00 (0.00)
Gemma-3 27B 0.24 009  0.00 ©.000 0.00 (0.00)

InternVL3 78B
InternVL3 8B
InternVL3.5 30B A3B
InternVL3.5 38B
InternVL3.5 8B
LLaVA-Onevision 72B
LLaVA-Onevision 7B
Mistral-Small-3.1 24B
Molmo 7B

Phi-4 Multimodal
Qwen2.5-VL 72B
Qwen2.5-VL 7B
Qwen3-VL 30B A3B
Qwen3-VL 8B

0.08 ©.05) 0.00 .00 0.00 (0.00)
0.04 004  0.00 ©.000 0.00 0.00)
0.00 ©.00) 0.00 0000 0.00 (0.00)
0.32 009 0.00 ©.000 0.00 0.00)
0.00 ©.00) 0.00 ©.00) 0.04 (0.04)
0.00 000y  0.00 ©.000 0.00 (0.00)
0.00 ©.00) 0.00 0000 0.00 (0.00)
0.20 ©.08) 0.00 .00 0.00 (0.00)
0.00 ©.00) 0.00 0.000 0.00 (0.00)
0.00 ©.000 0.00 0000 0.00 (0.00)
0.08 005  0.00 ©.000 0.00 0.00)
0.00 ©.000  0.00 ©0.000 0.00 (0.00)
0.00 ©.00) 0.00 ©.00) 0.04 (0.04)
0.04 004 0.00 0000 0.00 (0.00)

X X X X X X X X X X X X X X X X X X X X X

Table 16: Blank-image ablation with InternVL3.5 38B. Success rates with the original visual observation and
after replacing it with a blank image, while keeping all textual inputs unchanged. Bold indicates the higher score
within each pair. Ground collapses to 0% success without visual input in both domains, whereas Plan degrades in
ViPlan-BW and not in ViPlan-HH.

ViPlan-BW ViPlan-HH
Method Input Simple Medium Hard | Simple Medium Hard

Plan Original  0.40 0.08 0.00 0.44 0.08 0.20
Plan Blank 0.12 0.00 0.00 0.64 0.08 0.00

Ground Original  1.00 0.88 0.60 0.08 0.04 0.00
Ground Blank 0.00 0.00 0.00 0.00 0.00 0.00
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Table 17: Individual Predicate Accuracy for Ground on ViPlan-BW. The table shows the accuracy for each
predicate in each split. Bolded values show the best accuracy for each predicate and split. Standard error of the
mean is reported in parenthesis.

Model Split clear  incolumn leftof on rightof
Simple  0.70 003  0.77 00  1.00 @00y 0.69 002 1.00 (.00
AyaVision 32B Medium  0.74 002 0.76 0oy 0.98 000y  0.57 0o 1.00 .00

Hard 0.59 002 0.79 0o 1.00 ©00) 0.55 0o 1.00 .00

Simple  0.78 0o 0.72 0o  0.70 0oy  0.91 0oy  0.48 o1
AyaVision 8B Medium 0.62 0os  0.75 0on  0.62 002 0.89 won  0.53 ©.02)
Hard 0.57 003  0.81 @on  0.66 002 0.91 0on 0.53 ©.02)

Simple  0.96 002  0.96 0oy  1.00 @00y 0.98 001y  1.00 (.00
Cosmos-Reason2 8B Medium 0.83 002 0.98 000y  1.00 @00y 0.93 o0y  1.00 .00
Hard 0.85 002 0.97 0oy  1.00 ©00) 0.93 000y 1.00 .00

Simple  0.23 0055  0.9500on  0.92 0o 0.93 002 1.00 ©.00
DeepSeek-VL2 Medium  0.33 004y  0.95 0oy 0.88 0oy  0.81 o2  0.99 .00y
Hard 0.54 009 098 0on  0.88 002 0.82 01 1.00 ©.00

Simple 0.99 0oy 0.99 0oy  1.00 o0y 0.99 0oy 1.00 (0.00)
GPT-4.1 Medium  0.93 002 0.98 000y  1.00 0000 0.98 000y 1.00 (.00
Hard 0.95 0oy  0.97 0ooy  1.00 000) 0.98 000y 1.00 (0.00)

Simple  0.67 005y  0.97 0on  0.90 0oy  0.91 002y 0.86 ©.02)
GPT-4.1 Nano Medium  0.70 002 0.91 0o 0.79 0oy  0.87 0o 0.86 ©on
Hard 0.54 002 0.94 0on  0.89 0oy  0.79 0o  0.86 ©on

Simple  0.98 002  0.98 won  1.00 @00y 0.98 0o  1.00 .00
GPT-5.2 Medium  0.95 0o  0.98 0oy 1.00 @00y 0.98 .00y  1.00 .00
Hard 0.95 0on  0.97 000y  1.00 ooy 0.98 0.00) 1.00 .00

Simple  0.57 00s)  0.94 0o  1.00 @00y 0.96 001y 1.00 (.00
Gemma-3 12B Medium  0.64 009  0.94 0o  1.00 @00y 0.93 0o 1.00 .00
Hard 0.69 003 091 0o  1.00 000y 0.88 0o  1.00 .00

Simple  0.85 003  0.96 0oy  0.95 0o 0.96 ©on  1.00 ©.00
Gemma-3 27B Medium  0.62 009 0.96 0o 0.93 0oy  0.92 0o  1.00 .00
Hard 0.69 009 0.94 0on  0.97 0oy  0.90 0o  1.00 .00

Simple  1.00 000y  0.99 0o  1.00 @00y 1.00 0.00) 1.00 (.00
InternVL3 78B Medium  0.99 o 1.00 @00y 1.00 000y 0.98 001y 0.98 0o
Hard 0.96 0oy 0.99 000y  1.00 @00) 0.96 000y 0.99 (0.00)

Simple  0.73 003  0.97 0on  1.00 @00y 0.93 001y  1.00 .00
InternVL3 8B Medium  0.66 003  0.95 0on  1.00 @00y 0.92 0o 1.00 @.00)
Hard 0.58 003 0.97 000p  1.00 000y 0.88 0oy  0.99 .00

Simple 0.90 003y  0.99 000y 1.00 000y 0.99 0oy 1.00 (0.00)
InternVL3.5 30B A3B Medium 0.79 ©03 0.98 ©00p  1.00 000 0.98 000y 1.00 (0.00)
Hard 0.88 002 0.98 000y  1.00 000) 0.96 000y 1.00 (0.00)

Simple  1.00 000  1.00 @00  1.00 000 1.00 0.00) 1.00 (.00
InternVL3.5 38B Medium  1.00 000  1.00 ©00)  1.00 000y 0.95 0o 1.00 .00
Hard 1.00 000y  0.99 000y  1.00 000y 0.95 000y 1.00 (0.00)

Simple  0.93 002  0.99 0o  1.00 ©00) 1.00 000y 1.00 .00
InternVL3.5 8B Medium  0.82 002 1.00 @00y  1.00 @00 0.99 0.00) 1.00 (.00
Hard 0.81 002  1.00 000  1.00 000) 0.98 0.00) 1.00 .00

Simple  0.49 00s)  0.94 0o 1.00 @00y 0.95 001  1.00 (.00
LLaVA-Onevision 72B  Medium  0.47 005y  0.91 0oy 1.00 000y 0.93 0oy  1.00 0.00)
Hard 0.68 009 0.94 0on  1.00 ©e0) 0.91 0o  1.00 .00

Simple  0.40 ©os)  0.90 002y  0.97 0oy  0.96 0oy  0.95 o1
LLaVA-Onevision 7B Medium  0.36 004 0.90 0o 0.96 001  0.83 0on  0.95 won
Hard 0.52 003  0.94 0on  0.96 0oy  0.79 0o  0.93 won

Simple  0.89 003  0.98 0o  1.00 @o0y 0.99 001y  1.00 .00
Mistral-Small-3.1 24B Medium 0.72 004  0.96 0oy  0.98 0oy  0.95 0oy  0.99 .00
Hard 0.75 003y 098 0oy  1.00 @o0) 0.94 0oy 0.99 0.00)

Simple  0.77 002 0.98 000y  0.95 oy 0.88 001y  0.97 ©.00)
Molmo 7B Medium  0.81 0on  0.97 000y  0.96 000y 0.86 0o 0.97 ©.00)
Hard 0.77 0o 0.95 000  0.96 ©00) 0.88 000 0.92 .00

Simple 0.44 005y  0.96 0oy  1.00 @000y 0.77 002y 1.00 (0.00)
Phi-4 Multimodal Medium  0.36 004y  0.97 0oy 1.00 @000y 0.71 002y  1.00 (0.00)
Hard 0.54 003y 0.9500n 1.00 @o0) 0.64 0oy 1.00 0.00)

Simple  0.95 002  0.950on  1.00 @00 0.98 001y 1.00 (.00
Qwen2.5-VL 72B Medium  0.97 0oy 0.97 0oy 1.00 @00y 0.98 o1y  1.00 ©.00)
Hard 0.94 002 0.96 ©on  1.00 ©00) 0.96 0o  1.00 .00

Simple  0.9500»  1.00 000  0.98 0o 1.00 @00y 0.99 ©.00)
Qwen2.5-VL 7B Medium  0.87 003  0.98 000)  0.98 000y 0.98 000y 0.97 won
Hard 0.83 003  0.97 0on  0.90 0oy  0.96 0o  0.94 ©on

Simple  0.91 00»  0.9500n  0.99 ©ooy 0.99 000y 1.00 ©.00)
Qwen3-VL 30B A3B Medium  0.74 003 097 0o 0.99 000y 0.97 ©on  1.00 .00
Hard 0.85 002 097 0on  1.00 ©00) 0.95 0o  1.00 .00

Simple  0.94 002  0.96 0o  1.00 ©o0) 0.98 0o  1.00 .00
Qwen3-VL 32B Medium  0.89 002 0.97 ©o0)  1.00 @00y 0.97 ©00)  1.00 (@.00)
Hard 0.86 002  0.96 000y  1.00 @00y 0.95 000y 1.00 0.00)

Simple 0.93 003y 098 0oy  1.00 w00y 0.97 0oy 1.00 (0.00)
Qwen3-VL 8B Medium  0.84 002  0.98 000y 1.00 ©.00) 0.98 ©00) 1.00 .00
Hard 0.89 002  0.99 000y  1.00 000) 0.97 000y 1.00 (0.00)
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Table 18: Individual Predicate Accuracy for Ground + CoT on ViPlan-BW. The table shows the accuracy for
each predicate in each split. Bolded values show the best accuracy for each predicate and split. Standard error of the
mean is reported in parenthesis.

Model Split clear  incolumn leftof on rightof
Simple  0.73 003  0.78 002  1.00 000y 0.74 002 0.98 ©0.00)
AyaVision 32B Medium  0.69 002  0.80 0oy 1.00 @00y 0.66 0o  0.98 .00

Hard 0.53 002y  0.84 0o  1.00 000y 0.65 0oy 0.96 ©.on

Simple  0.52 006 0.58 ©03) 0.46 002 0.85 02 0.30 002
AyaVision 8B Medium  0.45 005y 0.58 002y  0.44 002 0.80 002 0.33 002
Hard 0.53 009y  0.65 002 043 0o 0.76 0on  0.34 ©002)

Simple  0.93 002  0.91 0o  1.00 @0y 0.98 001y  1.00 .00
Cosmos-Reason2 8B Medium 0.86 002  0.96 000y  1.00 ©00) 0.96 ©00) 1.00 (0.00)
Hard 0.92 0o 092 0on  1.00 000y 0.95 000) 1.00 .00

Simple 0.71 003y  0.96 0o  0.92 o1y 0.77 002y  0.96 ©.o1)

DeepSeek-VL2 Medium 0.64 003 0.87 0o  0.91 0oy 0.74 0oy  0.94 ©on
Hard 0.60 ©003)  0.95 0oy  0.94 001y  0.76 0oy  0.96 (0.0
Simple 1.00 000y  0.97 0ony  1.00 000y 0.99 o1  1.00 (0.00)
GPT-4.1 Medium  0.95 0on  0.97 0ony  1.00 @00y 0.97 ©00) 1.00 (0.00)

Hard 0.96 0oy 0.96 000y 1.00 ©00) 0.97 0000 1.00 (0.00)

Simple  0.88 003  0.91 ©on  1.00 @o0) 0.91 o1y  1.00 0.00)
GPT-4.1 Nano Medium  0.84 002  0.93 0oy 1.00 @00y 0.94 0oy  1.00 .00
Hard 0.84 002  0.92 0o  1.00 000y 0.88 0oy 1.00 .00

Simple  0.83 003y 0.88 0on  0.97 0o 0.84 002 0.99 ©.00)
Gemma-3 12B Medium  0.68 0049 0.92 0o  0.95 0o 0.81 002 0.98 o1
Hard 0.72 003 091 0on  0.94 0o 0.81 0on  0.99 .00

Simple  0.86 003 0.94 0o  1.00 000y 0.89 002 1.00 ©.00)
Gemma-3 27B Medium 0.80 002  0.95 ©on  0.99 000y 0.83 o1y  1.00 (0.00)
Hard 0.84 002 094 00on  1.00 000y 0.84 0o  1.00 .00

Simple 0.98 002y  0.99 0o  1.00 000y 1.00 0000 1.00 .00
InternVL3 78B Medium  1.00 000  0.98 000y  1.00 ©.00) 0.98 0.00) 1.00 (0.00)
Hard 0.99 0o  0.98 000y 1.00 000y 0.95 000y 1.00 (0.00)

Simple  0.77 0oy 0.98 0o 0.99 000y 0.82 002 0.99 (0.00)
InternVL3 8B Medium  0.73 003  0.95 0o 0.99 o0y  0.80 o1y  0.99 ©.00)
Hard 0.61 003  0.96 0o  1.00 @00y 0.71 0oy 1.00 .00

Simple  0.91 003  0.99 0oy 1.00 @0y 0.97 0o1y  1.00 ©.00)
InternVL3.5 30B A3B Medium 0.85 002  0.98 000y  1.00 000y 0.94 001y  1.00 0.00)
Hard 0.76 002  0.96 0on  1.00 @o0) 0.90 0o 1.00 .00

Simple  1.00 000y  1.00 @00y  1.00 000y 0.98 o1y  1.00 ©.00)
InternVL3.5 38B Medium  1.00 0000  0.99 0000  1.00 0000 0.94 o1 1.00 (0.00)
Hard 0.98 0o 0.97 000y  1.00 000y 0.89 001y  1.00 0.00)

Simple 0.98 0oy  0.97 0o  1.00 @00y 0.98 0oy 1.00 .00
InternVL3.5 8B Medium  0.88 002 0.97 000y  1.00 ©.00)  0.98 0.00) 1.00 0.00)
Hard 0.87 0o 0.98 000y 1.00 000 0.96 000y 1.00 (0.00)

Simple  0.76 009  0.92 ©on  1.00 @o0) 0.93 o1y  1.00 0.00)
LLaVA-Onevision 72B  Medium  0.54 004y  0.92 001y  0.99 000y  0.95 001y 1.00 0.00)
Hard 0.73 0osy  0.93 0o  1.00 000y 0.93 0oy 1.00 .00

Simple  0.42 006) 0.89 002  1.00 000y 0.93 002 1.00 ©.00)
LLaVA-Onevision 7B Medium 0.41 009 0.82 002 0.96 0o 0.84 0o 0.98 ©oon
Hard 0.63 009y  0.9200n  0.99 ©ooy 0.83 0on  0.98 won

Simple  0.96 002  0.96 0oy 1.00 @00y 0.95 001y  1.00 ©.00)
Mistral-Small-3.1 24B Medium 0.90 002  0.95 0o  1.00 @00 0.88 0oy  1.00 0.00)
Hard 0.87 0o 0.97 0o 1.00 000y 0.87 001y  1.00 0.00)

Simple 0.28 ©0os) 0.83 002y 0.78 w02y 0.93 w02y 0.71 002
Molmo 7B Medium  0.37 009y  0.87 0o 0.76 002y 0.80 002y 0.64 ©0.02)
Hard 0.49 009y  0.80 002  0.69 002y 0.81 001y 0.61 002

Simple 0.09 003  0.12 002y  0.04 0oy 0.19 003 0.04 ©on
Phi-4 Multimodal Medium  0.12 003 029 002  0.03 0o  0.26 002  0.05 .01
Hard 0.11 003y  0.35 002  0.06 0oy 0.22 0oy 0.05 ©on

Simple  0.92 003  0.920on  1.00 @00y 0.97 001y 1.00 ©.00)
Qwen2.5-VL 72B Medium  0.95 002  0.98 000y  1.00 ©00) 0.98 000 1.00 (0.00)
Hard 0.93 002y  0.94 0o 1.00 @00y 0.94 0oy 1.00 .00

Simple ~ 0.78 0oy  0.98 0o 1.00 ooy 0.95 o1y 1.00 ©.00)
Qwen2.5-VL 7B Medium  0.72 003  0.95 0on  1.00 000y 0.77 ©0on  1.00 (0.00)
Hard 0.76 002  0.97 000y  1.00 @00y 0.77 0o 1.00 0.00)

Simple  0.96 002  0.91 0o 1.00 @00y 0.96 001  1.00 ©.00)
Qwen3-VL 30B A3B Medium 093 0on  0.93 0on  1.00 000y 0.98 0.00) 1.00 0.00)
Hard 0.950on 09200y 1.00 000y 0.97 000 1.00 (0.00)

Simple 0.90 003 0.93 0o  1.00 @00y 0.97 0oy 1.00 .00
Qwen3-VL 32B Medium 0.93 002  0.96 ©on  1.00 @o0) 0.97 0oy  1.00 0.00)
Hard 0.92 002  0.94 0oy 1.00 @o0) 0.96 001y 1.00 0.00)

Simple 098 0on  0.97 ©on  1.00 @oe0) 0.97 o1y  1.00 (0.00)
Qwen3-VL 8B Medium  0.97 0o 0.95 0oy  1.00 @00y 0.96 000y 1.00 (0.00)
Hard 0.96 0ony  0.95 000y  1.00 000y 0.94 000y 1.00 (0.00)

21514



Table 19: Individual Predicate Accuracy for Ground on ViPlan-HH. The table shows the accuracy for each
predicate in each split. Bolded values show the best accuracy for each predicate and split. Standard error of the
mean is reported in parenthesis.

Model Split holding inside  nextto ontop open reachable
Simple  0.79 0oy 0.79 0oy 0.34 003 0.78 0oz  0.30 ©os)  0.71 ©.03)
AyaVision 32B Medium  0.86 003 0.76 003 0.40 0o 0.87 0oy 0.47 0oy 0.64 003

Hard 0.92 002 0.57 003 0.55002 0.78 0on 0.49 o4y  0.58 ©.02)

Simple  0.59 ©05) 0.61 005 0.12 002 0.57 003 0.39 006  0.68 ©.04
AyaVision 8B Medium  0.64 003 0.52 003 0.14 00 0.67 0on 033 005  0.63 ©.03)
Hard 0.57 009 0.42 003 0.19 002y 0.63 002 0.79 ©o4)  0.38 0.03)

Simple  0.75 004 0.63 005) 0.34 003 0.61 003 0.51 005y  0.76 003
Cosmos-Reason2 8B Medium  0.78 002 0.88 002 0.41 0on 0.83 0oy 0.79 sy  0.65 ©.02)
Hard 0.85 003 0.71 003 0.29 002y 0.55 002 0.76 0.04) 0.47 0.03)

Simple 091 002 0.81 003 0.54 002 0.85002 0.46 005  0.69 ©0.03)
DeepSeek-VL2 Medium  0.98 o0y  0.90 002 0.59 000y 0.92 000 0.77 004 0.50 .01
Hard 0.91 0o 0.93 0oy 0.45 0oy  0.89 0oy  0.88 002y 0.83 won

Simple 0.79 ©03) 0.80 003 0.52 002 0.83 002 0.50 004y  0.66 0.03)
GPT-4.1 Medium  0.81 002  0.94 002 0.55 001 0.89 0o  0.74 009  0.72 002
Hard 0.86 002 0.79 003 0.56 002y 0.86 001y 0.77 0oy 0.49 ©0.03)

Simple  0.85 009 0.66 005 0.18 002y 0.73 002y  0.49 ©os)  0.67 .04
GPT-4.1 Nano Medium  0.89 002 0.83 003 030 0o 0.84 0oy  0.62 006  0.55 003
Hard 0.86 009  0.74 003 0.21 002y  0.69 002y  0.64 ©os)  0.53 .04

Simple  0.86 003 0.67 0o 0.52 002 0.84 002 0.59 00  0.49 003
GPT-5.2 Medium  0.95 0o 0.94 0o 0.64 0o  0.94 000 0.53 003  0.42 ©on
Hard 0.98 000y 0.88 0oy  0.73 000y 0.94 000y 0.53 002  0.63 001

Simple  0.63 ©os) 0.71 ©on  0.23 003 0.65 003 0.27 005y  0.70 ©.04
Gemma-3 12B Medium  0.71 003 0.79 003y 0.61 0o 0.76 0oy 0.44 o6y  0.64 ©.02)
Hard 0.63 0o 0.76 003 0.39 002y  0.76 0o  0.68 ©os)  0.43 ©0.03)

Simple  0.80 003 0.80 0o 0.52 003 0.92 001 0.46 005  0.50 ©.03)
Gemma-3 27B Medium  0.86 0o 0.95 0on  0.63 0on  0.94 000 0.54 003  0.55 002
Hard 0.87 0o 0.8500n 0.63 0oy 0.93 ooy 0.38 ©o3)  0.50 o1

Simple  0.89 003 0.82 003 0.59 002 0.77 002 038 009y  0.76 003
InternVL3 78B Medium  0.86 002 0.87 002y 0.48 0oy 0.83 0oy 0.37 004  0.74 ©0.02)
Hard 0.83 003 0.83 003 0.43 002 0.83 002 0.79 00s) 0.42 (0.03)

Simple 091 002 0.83 002 0.61 002 0.84 0o 0.36 004y  0.76 ©.02)
InternVL3 8B Medium  0.91 o 0.89 0o  0.65©on  0.91 0on 055003  0.71 0o
Hard 0.90 002 093 002y 0.71 0ony  0.90 0oy  0.62 ©os)  0.44 ©.02)

Simple  0.93 003 0.87 003 0.58 003 0.76 003 0.39 ©os)  0.63 ©.03)
InternVL3.530B A3B Medium 0.92 0o 0.90 002 0.50 0oy  0.92 0o  0.56 004 0.67 ©.02)
Hard 0.87 002  0.59 003y 0.58 0oy  0.81 0on  0.44 009y  0.51 002

Simple  0.86 003 0.56 ©06) 0.32 003 0.55 003 0.40 0oy  0.60 003
InternVL3.5 38B Medium  0.86 002 0.78 002 0.30 0o  0.64 0on  0.68 005  0.68 ©.02)
Hard 0.66 003 0.61 0oy 0.29 0ony  0.54 0oy  0.74 ©os)  0.63 ©.03)

Simple  0.81 009 0.73 0o 0.46 003 0.87 0o 0.53 006y 0.79 ©.03)
InternVL3.5 8B Medium 091 002 0.950on 0.48 0o 091 ©on  0.73 0oy  0.67 002
Hard 0.94 0o 0.84 003 0.39 0oy 092001 043 ©0s)  0.71 ©002)

Simple  0.87 0o 0.48 009 0.50 004 0.84 003y 0.20 006)  0.64 004
LLaVA-Onevision 72B Medium  0.94 0on  0.91 0oy 0.68 001y  0.94 0ony  0.60 003 0.63 .02
Hard 0.96 0o 0.81 o3 0.59 0oy 0.88 0o 0.60 00s)  0.68 ©.03)

Simple  0.87 003 0.82 003 0.28 002 0.81 002 0.64 0o  0.44 ©.03)
LLaVA-Onevision 7B Medium  0.89 002  0.96 0on  0.41 0o 0.88 won 0.73 003 0.52 0.02)
Hard 0.94 0o 0.88 003 0.45 001 0.94 0o 0.84 004y  0.45 003

Simple 0.98 0.ony 0.84 004 0.72 002 0.87 0oy 0.67 003  0.28 (002
Mistral-Small-3.1 24B Medium  1.00 ©00) 1.00 ©000) 0.79 0oy 0.94 000y 0.73 002y  0.40 001
Hard 0.99 ©000)  0.96 000y 0.78 000y 0.93 000y 0.72 0oy  0.40 .01

Simple  0.88 003 0.75 009 0.51 003 0.58 003 0.29 005)  0.65 004
Molmo 7B Medium  0.86 002 0.60 ©03 0.55 001 0.68 0on 0.54 004  0.76 0.2
Hard 0.90 0o 0.69 ©on  0.62 000y 0.70 000y 0.61 003  0.71 won

Simple  0.51 0os) 0.39 ©05) 0.20 0029 0.14 002 0.33 006)  0.63 .04
Phi-4 Multimodal Medium  0.69 003 0.38 003y 0.11 0o 0.18 0oy  0.26 0049y 0.57 002
Hard 0.56 003 0.43 003 0.24 0o 0.18 0on  0.59 0oy 0.63 (003

Simple  0.950on  0.75 005 0.79 002y 0.83 002y 0.60 ©o4)  0.35 ©.02)
Qwen2.5-VL 72B Medium  0.95 0o  0.88 0oy  0.81 won 0.93 0o 0.51 003  0.36 o1
Hard 0.95 0on  0.83 0oy  0.72 000y 0.91 ooy 0.64 0oy 0.39 ©on

Simple  0.96 0on  0.89 0o 0.73 002 0.86 002> 0.72 003  0.47 ©02)
Qwen2.5-VL 7B Medium  0.91 o 0.92 0o  0.77 0o 0.96 000y 0.44 003  0.43 ©.on
Hard 0.96 0o 0.90 0oy 0.80 @00y 0.93 ooy 0.60 0oz  0.37 won

Simple  0.92 002 0.80 002 0.71 002 0.89 0on 035009  0.64 003
Qwen3-VL 30B A3B Medium  0.92 0oy  0.83 002 0.53 0o  0.86 0on 0.43 003  0.72 002
Hard 0.90 002 0.82 001 0.59 002 0.8200n 0.76 009  0.51 003

Simple 091 002 0.73 005 0.56 003 0.89 002y 0.52 004y  0.67 ©.03)
Qwen3-VL 32B Medium  0.90 0o  0.83 002y  0.55©0n 0.88 0oy 0.48 0oy  0.55 002
Hard 0.90 002 0.82 002 0.43 0oy 0.83 0o 0.71 ©o3)  0.65 ©.02)

Simple 0.87 002y  0.85 002 0.46 002y 0.83 0o 0.27 003  0.62 (0.02)
Qwen3-VL 8B Medium  0.90 0oy  0.91 0oy  0.57 0oy  0.88 0oy  0.45 004  0.54 ©.02)
Hard 0.91 002y 0.88 002 0.52 o1y 0.87 0oy 0.64 004y  0.72 0.02)
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Table 20: Individual Predicate Accuracy for Ground + CoT on ViPlan-HH. The table shows the accuracy for
each predicate in each split. Bolded values show the best accuracy for each predicate and split. Standard error of the
mean is reported in parenthesis.

Model Split holding inside nextto ontop open reachable
Simple  0.88 003 0.85 003 0.66 002y 0.82 002 0.51 04  0.62 003
AyaVision 32B Medium  0.86 002 0.93 0oy 0.58 0o 0.88 0o 0.82 03  0.74 002

Hard 0.87 002 0.80 002y 0.59 0oy 0.92 0oy 0.80 0.03) 0.52 ©.02)

Simple  0.62 0oy 0.70 003 0.47 002y  0.92 00y 047 0o 0.67 ©.03)
AyaVision 8B Medium 0.52 003 0.72 003 0.57 0oy  0.90 0oy 0.45 .05 0.59 ©.02)
Hard 0.57 002  0.8500n 0.49 0o  0.89 ©on) 0.70 003  0.68 ©.02)

Simple  0.89 003 0.73 009y 0.60 003 0.87 002) 0.57 004  0.51 ©03)
Cosmos-Reason2 8B Medium  0.98 001  0.98 0o  0.55 002 0.82 0on 0.65 .03 0.52 ©.02)
Hard 0.79 0o 0.67 0o 0.73 0oy 091 ©on  0.68 003  0.46 ©0.02)

Simple 0.72 ©0os) 0.79 0o6) 0.61 ©03) 0.76 ©03 0.53 (0.06) 0.74 ©.03)
DeepSeek-VL2 Medium  0.67 002 0.97 0oy 0.51 0oy 0.83 0on  0.61 004y  0.80 o1
Hard 0.42 003 0.8500» 0.61 o 0.8600n 0.88 00  0.34 002

Simple  0.87 003 0.68 0049 0.60 002 0.81 002 0.52 005  0.66 ©.03)
GPT-4.1 Medium  0.85 002 091 0o  0.51 0o 0.87 0on 0.70 003 0.69 .02
Hard 0.92 ooy 0.78 002y 0.55 0oy 0.85 00 0.63 0.04) 0.64 ©.02)

Simple  0.79 0oy 0.88 003 0.60 003y 0.78 002 0.34 005y  0.60 ©.03)
GPT-4.1 Nano Medium  0.82 002y 0.92 0oy  0.57 0o1y  0.85 0o  0.55 004 0.65 ©.02)
Hard 0.71 003  0.78 0o  0.58 o 0.73 0o  0.53 ©03)  0.62 ©002)

Simple  0.64 005) 0.83 009y 0.37 003 0.83 002 0.58 00s)  0.71 003
Gemma-3 12B Medium 0.55 003 0.97 0o  0.38 0oy  0.69 ©on  0.70 .04 0.59 ©.02)
Hard 0.48 003 0.89 0oy 0.38 0on 0.84 0o 0.38 o3y  0.41 ©o2

Simple 0.83 003y 0.73 003y 0.61 002y 0.91 0oy 0.43 0.04 0.50 ©.02)
Gemma-3 27B Medium  0.64 002 0.97 0oy 0.39 0oy  0.89 0on  0.69 003  0.81 won
Hard 0.79 0o 0.96 0o 0.33 0o 0.89 0oy 0.80 003  0.82 o1

Simple 0.87 003 0.73 0os) 0.50 ©03) 0.75 002 0.41 0.05) 0.72 ©.03)
InternVL3 78B Medium  0.76 002 0.95 0on  0.45 ©on  0.86 0on  0.75 009y 0.73 002
Hard 0.95 0oy 0.94 0oy 0.40 0oy 0.86 0oy 0.70 0oy  0.92 0.01)

Simple  0.73 0oy 0.76 00 0.53 002y 0.67 002 0.36 005  0.68 0.03)
InternVL3 8B Medium  0.67 002 0.85 02 0.45 001 0.6500n 0.36 004  0.75 0.02)
Hard 0.82 002 0.52 002 0.40 0oy 0.61 0o 0.67 .04 0.75 ©.02)

Simple  0.94 002 0.66 004y 0.60 002 0.88 0oy 0.59 0o  0.58 .03
InternVL3.5 30B A3B  Medium 0.92 ooy  0.97 0oy  0.62 0oy  0.85 0o  0.72 0.04) 0.64 ©.02)
Hard 0.90 002 0.87 0oz 0.71 002 0.86 0o 0.61 ©os)  0.49 ©.03)

Simple 0.86 003) 0.78 ©03) 0.52 002 0.79 002 0.47 0.04 0.71 ©.03)
InternVL3.5 38B Medium  0.76 002  0.79 002  0.47 0oy  0.80 0o  0.50 0o 0.69 .02
Hard 0.85 0o 0.86 0o  0.55 0 0.72 0on  0.74 0o 0.78 o1

Simple 0.75 004y 0.84 ©03) 0.39 ©03) 0.80 002 0.55 0.05) 0.73 ©.03)
InternVL3.5 8B Medium  0.70 ©03 0.82 002 0.50 0on 0.89 0on 0.56 ©os)  0.71 ©02)
Hard 0.72 002 0.89 0o1y 0.61 0oy 0.87 0o  0.62 0.03) 0.35 ©.02)

Simple  0.86 0oy 0.50 013y 0.66 004y 0.87 003 0.27 0oy  0.59 004
LLaVA-Onevision 72B Medium 0.95 0oy  0.94 0o 0.63 0o  0.94 0on  0.61 00y  0.67 002
Hard 0.89 o7y  0.61 ©09) 0.76 009y 0.92 003 0.53 0.13) 0.69 ©.07)

Simple  0.91 003 0.74 005 0.32 003 0.77 002 0.55 005  0.45 ©.03)
LLaVA-Onevision 7B Medium 0.89 002 0.94 002 0.38 0oy 0.87 0on  0.69 .04 0.53 ©.02)
Hard 0.95 0on 092 002 0.4500n 093 0on 0.79 0os  0.49 ©.02)

Simple  0.77 004y 0.67 005y 0.44 003 0.69 003 0.43 005)  0.65 ©.03)
Mistral-Small-3.1 24B Medium  0.59 ©03 0.89 002 0.46 0oy 0.79 0oy  0.40 .05 0.73 ©.02)
Hard 0.70 009y  0.84 002 0.59 002 0.79 002 0.81 003  0.40 003

Simple 0.99 0oy 0.95 004y 0.49 002y 0.80 002y 0.45 006  0.63 0.03)
Molmo 7B Medium 0.72 002 0.92 002 0.56 0oy 0.87 0on  0.77 0oy 0.59 002
Hard 0.96 0o 0.90 o  0.75 o 0.87 o  0.36 0o 0.56 o1

Simple  0.00 000y  0.00 ©00) 0.00 ©00) 0.00 ©00) 0.67 019  0.00 ©.00
Phi-4 Multimodal Medium  0.00 ©00) 0.17 @11y 0.01 000y  0.02 0o 0.67 @199 0.10 .04
Hard 0.22 ©08) 0.26 ©08) 0.02 0oy 0.27 005y 0.64 0.14) 0.05 ©.03)

Simple  0.90 002 0.82 003 0.6500» 0.80002 0.53 009 0.54 002
Qwen2.5-VL 72B Medium  0.87 002y  0.95 0oy  0.66 .01y 0.86 0oy 0.59 004y  0.58 (0.02)
Hard 0.92 0o 0.97 @on  0.66 0oy  0.82 ©on 0.76 0o  0.68 001

Simple  0.84 003 0.84 003 0.55003 0.83 002 0.49 00y  0.61 003
Qwen2.5-VL 7B Medium 0.72 002  0.98 000y 0.52 0ony  0.90 000y 0.67 ©.03) 0.65 ©.on
Hard 0.61 0o  0.96 0oy 0.46 0oy 0.75 0oy 0.45 0o 0.58 won

Simple 0.92 002 0.68 004y 0.53 002y 0.88 002 0.37 0.04 0.60 ©.03)
Qwen3-VL 30B A3B Medium 0.90 0o  0.78 002  0.58 wony 0.87 0on  0.56 0os)  0.69 ©.02)
Hard 0.94 0o 0.89 oy 0.72 0o 0.75 0o 0.75 0o 0.44 oo

Simple 0.77 004y  0.77 0oy 0.56 ©03) 0.74 002y 0.48 0os)  0.69 .03
Qwen3-VL 32B Medium 091 0o  0.90 0oy 0.52 0o  0.84 0o  0.60 ©os)  0.76 ©.02)
Hard 0.92 oony 0.92 0oy 0.55 o1 0.77 0oy 0.73 0.03) 0.64 ©.02)

Simple  0.85 003 0.92 00 0.64 00 0.8200) 0.52003 0.84 002
Qwen3-VL 8B Medium  0.94 0on  0.89 0o 0.61 0o 0.73 o 0.65 003  0.77 o1
Hard 0.97 0oy  0.96 0oy 0.57 0oy 0.85 0o  0.92 .01 0.51 ©.on
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