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Abstract

Instruction granularity is an important yet
poorly controlled variable in language-guided
embodied Al. Existing benchmarks typically
pair each task with a single static instruction,
making it difficult to study how agent behav-
ior changes when the same task is described at
different levels of detail. We introduce MINI-
BEHAVIOR-GRAN, a new benchmark for
controlled studies of instruction granularity that
extends MINI-BEHAVIOR with multiple in-
struction variants per task, ranging from high-
level goal descriptions to step-by-step guidance.
Using this benchmark, we compare four candi-
date metrics for cross-task granularity quantifi-
cation: token count, entity count, action-verb
count, and planning-width, and find that width
correlates most consistently with agent perfor-
mance. Using width to organize training and
evaluation further reveals a non-monotonic U-
shaped relationship between instruction gran-
ularity and performance, with peaks at both
fine and coarse extremes. Further analysis sug-
gests that the coarse-granularity performance
rebound is associated with shallow grounding,

where agents learn vision-dominant policies'.

1 Introduction

Language-guided embodied agents learn a policy
m(alv,l) that maps visual observations v and lan-
guage instructions [ to executable actions a. Recent
progress has largely focused on model architec-
tures, most notably the Vision-Language-Action
(VLA) paradigm (Kim et al., 2024; Black et al.,
2025; Shukor et al., 2025) and its advanced variants
that adapt world models for future frame prediction
(v¢ ¥ vegr1) (Wu et al., 2026; Zhao et al., 2025; Bi
et al., 2025) or Chain-of-Thought (CoT) reasoning
for intermediate planning (Ye et al., 2025; Lu et al.,
2025; Yin et al., 2025; Huang et al., 2025d,c; Ke
*Corresponding author.

'Our code and data are available at https://github.
com/Sino-Huang/mini-behavior-gran.
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Figure 1: For the same task (cleaning k shoes), a coarse
instruction requires the agent to infer target entities and
executable actions. In contrast, a fine-grained instruc-
tion provides more detailed steps, significantly reducing
the language grounding effort to reach the goal.

et al., 2025b). Yet the impact of instruction granu-
larity remains underexplored. Instruction granular-
ity refers to the level of detail provided in [ to guide
agent decision-making (Arumugam et al., 2017),
and it is typically an uncontrolled variable in cur-
rent datasets and evaluations. It matters because
varying granularity fundamentally alters the cross-
modal alignment difficulty and the latent planning
burden imposed on the agent. Understanding this
impact is crucial not only for optimizing instruction
design during training, but also for ensuring model
robustness across diverse human instruction styles
encountered at test time.

A systematic investigation of instruction gran-
ularity has been hindered by two key bottlenecks.
First, existing embodied Al benchmarks lack con-
trolled variation in instruction granularity. Typi-
cally, each task instance is paired with a single,
static instruction, making it difficult to study how
an agent’s performance scales as instructions shift
from fine-grained (e.g., detailed step-by-step) to
coarse (e.g., high-level goal descriptions). For ex-
ample, popular benchmarks such as LIBERO and
BEHAVIOR-1K provide only fixed or high-level
instructions. Even recent suites like LIBERO-
PLUS (Fei et al., 2025), which aim to increase di-
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versity, primarily vary visual conditions (e.g., light-
ing, sensor noise) while keeping the language input
fixed.

Second, and perhaps more fundamentally, the
field lacks a well-accepted and formalized metric
for quantifying instruction granularity. Since gran-
ularity represents the density of guidance provided
for decision-making, an ideal metric should directly
reflect the complexity of grounding language into
executable actions. With the advent of Large Lan-
guage Models (LLMs), a seemingly natural proxy
is to use the hierarchical depth of an instruction, i.e.,
its specific level within a decomposed plan, as a
measure of granularity (Gao et al., 2025). However,
such a metric fails to support meaningful cross-
task comparisons because it conflates instructional
detail with the task’s inherent complexity. Dif-
ferent tasks exhibit fundamentally different inter-
nal structures: some involve interleaved subgoals
that resist clean hierarchical decomposition (e.g.,
the Sussman anomaly; Sussman, 1975), whereas
others can be arbitrarily elongated into superficial
substeps. Consequently, hierarchical levels cannot
establish a consistent granularity scale across di-
verse tasks, thereby undermining their utility for
investigating the general impacts of granularity on
language grounding.

To enable systematic study of how instruc-
tion granularity shapes language-guided embodied
agents, we introduce MINI-BEHAVIOR-GRAN,
an extension of MINI-BEHAVIOR (Jin et al.,
2023) that provides multiple instruction variants
per task, spanning from high-level goal descrip-
tion to step-by-step instructions. Leveraging Mini-
grid’s engine (Chevalier-Boisvert et al., 2023), we
construct 10,253 trajectory episodes across 20 do-
mains, each paired with dynamic instructions that
evolve as the agent progresses through the task.
Within this controlled setting, we compare four
metrics for quantifying granularity: token count,
entity count, action-verb count, and width. Unlike
decomposition depth, width measures the max state
features jointly tracked per instruction, thereby en-
abling cross-task comparability of planning com-
plexity (Bonet et al., 2019; Drexler et al., 2024).

Our study shows that width correlates more con-
sistently with agent performance across task hori-
zons and VLA variants than other metrics, serving
as a better quantitative proxy for instruction gran-
ularity. Organizing training by width reveals a U-
shaped pattern. Probing this effect via instruction
predictability (P(l|v)) and targeted language inter-

ventions (goal-only and null instructions) suggests
that the rebound at coarse end is associated with
shallow grounding, where agents prioritize single-
modality cues and shift toward vision-dominant
policies.

Contribution. We make the following contribu-
tions: (1) Introduce MINI-BEHAVIOR-GRAN,
a benchmark for controlled study of instruction
granularity. (2) Demonstrate that width is the most
consistent cross-task proxy among the metrics we
evaluate. (3) Unveil a non-monotonic U-shaped
relationship between granularity and agent perfor-
mance; and (4) Provide evidence that the coarse-
granularity performance rebound is linked to shal-
low grounding.

2 MINI-BEHAVIOR-GRAN: A Controlled
Benchmark for Instruction Granularity

Following prior work on varying granularities and
abstraction in robot instructions (Arumugam et al.,
2019), we define instruction granularity as the
level of details and abstraction with which a lan-
guage instruction specifies a task. In embodied
settings, instruction granularity determines the la-
tent planning complexity that an agent must resolve
to map instructions into executable actions.
Reiterating the example in Figure 1, we note
that a coarse instruction (e.g., “clean the shoes™)
leaves the agent with a large language grounding
gap, as it must infer the target entities (e.g., which
shoes to clean) and the executable actions (e.g.,
how to clean). In contrast, a fine-grained instruc-
tion provides detailed steps that significantly re-
duce the language grounding effort to fulfill the
same task. In this section, we describe how we con-
struct MINI-BEHAVIOR-GRAN to systematically
vary instruction granularity for the same task.

2.1 Shared Feature Space and Symbolic Layer

Many embodied Al simulators expose symbolic
representations alongside raw pixel observations
for task specification, progress monitoring, or suc-
cess evaluation (Shridhar et al., 2020; Puig et al.,
2020; Li et al., 2022a,b). We leverage this sym-
bolic backbone to define a shared feature space
® common across all tasks, representing each
environment state s as a feature vector ¢(s) =
(¢1(8),...,®n(s)). Features in ¢ include both
Boolean variables (e.g., H,: holding the rag; .S,:
the rag is soaked) and numerical variables (e.g.,
pr: distance to the rag; Ny: number of uncleaned
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shoes). This shared feature space provides the un-
derlying vocabulary for representing instructions,
which in turn allows us to quantify instruction gran-
ularity across tasks.

2.2 Rule-Based Instruction Representation

Building on the shared feature space ¢, we con-
struct each instruction as a set of “if-then” rules
that specify desired state progression. This choice
is motivated by the fact that sequential decision-
making tasks in automated planning are commonly
modeled in terms of state variables and transi-
tions with preconditions and effects, following the
STRIPS formalism (Haslum et al., 2019). Thus,
rule-based instructions explicitly encode the latent
planning complexity an instruction imposes, as
agents must determine how to transition from states
satisfying a rule’s precondition to those satisfying
its effect. Concretely, an instruction in this study is
aset of rules R = {r1,...,rm}, where each rule
r; is of the form C,, — E,.:

» (), (the condition) is a conjunction of feature
constraints. For a Boolean feature p, a constraint
is p or —p; for a numerical feature n, itisn =0
orn > 0.

* E,, (the effect) is a conjunction of feature
changes. For a Boolean feature p, an effect is
p, —p, or p? (allowing any change); for a numeri-
cal feature n, it is n | (decrease), n T (increase),
or n? (any change).

For each task, we begin by manually construct-
ing a finest-grained rule set R(°) that decomposes
the task into atomic steps, i.e., each rule typically
can be fulfilled by a single action. We use the task
of cleaning k shoes as a running example. Table 1
lists the relevant features from the shared space ®
used in this task.

R©) contains over a dozen atomic rules. For
brevity, we show representative rules from each
phase (full set in § G).

Representative rules from RO (Cleaning Shoes).

{—~Hr, pr >0} = {pr |}
{Hm —Ts, ps = O} = {Tc}
{H:, Ts, ps = 0} = {S,}
{Sr, Ny >0, ps >0} — {ps |}
{Sr, Ny >0, psf =0} = {Ny |, ~H,}
{Ny =0, =O,, H.} — {—-H,, O,}

(approach rag)
(turn on tap)
(soak rag)
(approach shoe)
(clean and drop)

(put away rag)

A coarse rule is not created by mechanically
concatenating the preconditions and effects of its

Feature  Description

H, holding the rag (Boolean)

Pr distance to the nearest rag (numerical)

Ps distance to the sink (numerical)

s distance to the nearest uncleaned shoe (numerical)
Ny number of uncleaned shoes (numerical)

Ts tap (sink) is turned on (Boolean)

Sy rag is soaked (Boolean)

C; shoe 17 is cleaned (Boolean)

O, rag is on the floor (Boolean)

Table 1: Features used in the Cleaning Shoes task.

Task: Cleaning k Shoes(k = 2)

Coarser instruction 7R (3)

‘ mPick up the rag
f the number of dirty Tia : {~Hy} = {H;}
shoes is greater than J71f you're holding an
zero, then clean one unsoaked rag, soak it.
oz 1y : {Hr, =S} = {Sr, He?}
s N, N, ~|With a soaked rag and dirty
MGG shoes. clean the shoes.
ric: {Nf > 0,5.} = {Ny 4}

) 2
Finer instruction 7R (2)

Once the shoes are clean,
place the rag on the floor.
ry: {N;=0,-0,} = {0}

Figure 2: A running example of constructing coarse-
grained instructions by merging atomic rules into macro-
rules. Features H, and S, are omitted as they can be
consumed entirely within the subplan chunk.

constituent atomic rules. Instead, we treat each
merge as an abstraction of a contiguous subplan
segment into a macro-rule. The macro-rule exposes
only the net input/output interface of that segment:
its condition specifies when the segment applies,
and its effect captures the overall progress achieved.
Features that can be consumed entirely within the
segment are thus omitted from the expression. As
shown in Figure 2, the R(?) rules for picking up the
rag (r14), soaking it (r1), and cleaning one shoe
(r1.) form a coherent subplan r; that abstracts into
a single coarse rule in R(3), which captures the
net progress of cleaning one shoe while hiding the
intermediate features H, and .S,..

After each merge, we verify the semantic validity
of the resulting coarse rules through expert review
and use a planning solver to ensure every R(*)
is well-formed: sequentially reachable and goal-
terminating (Bonet and Geffner, 2021).

2.3 Dynamic Instruction Generation

To communicate these rules to the agents, we trans-
late each rule into a natural-language sentence via
a template-based generator. The templates verbal-
ize the feature conditions and desired effects in
each rule. For example, { H, , =S, } — { S, }

is realized as “If you are holding the rag but

the rag is not yet soaked , soak therag.” § 4.5
verifies that our findings are not an artifact of this
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Figure 3: MINI-BEHAVIOR-GRAN Experimental Pipeline. We evaluate the impact of instruction granularity
across three VLA action-decoding strategies. During inference time, a dynamic instructor evaluates the current
world state to decide available rule set R, and active rule r;. A rule-based natural language instruction l; is
generated accordingly. The process iterates until completion or max steps.

Rank N Len U Plan
0 51,474 40.58 + 10.59 145 83.43 + 53.66
1 27,837 38.19 + 11.53 139 85.81 + 56.91
2 14,997 33.51 £ 11.17 253 93.68 + 57.24
3 6,816 34.09 + 13.99 171 120.26 £+ 51.39
4 1,691 41.78 + 22.67 112 169.32 + 37.71
5 923 33.31 &+ 7.68 85 146.70 £+ 23.56

Table 2: Distribution of instruction variants across gran-
ularity ranks. N: number of instruction instances; Len:
mean instruction length in words; Uyy: number of
unique tokens; Plan: mean plan length in steps.

choice by replicating the core result with LLM-
rephrased natural-language instructions.

The benchmark supports dynamic instruction
generation that updates with task progress. As
illustrated in Figure 3, during both training and
evaluation, an instructor module monitors the sim-
ulator state at each timestep, computes the set of
applicable rules R, and determines which rule r;
to activate. This setup ensures that the agent al-
ways receives state-relevant guidance, in contrast
to existing benchmarks (Li et al., 2022b; Fei et al.,
2025) that provide only a single static instruction.

2.4 Benchmark Analysis

Table 2 summarizes the scale and coverage of
MINI-BEHAVIOR-GRAN. Across 20 domains,
we define a shared feature space ® with 166
grounded features. Task-specific feature usage
ranges from only 2 features in simple tasks such as
Opening Packages to 29 in long-horizon tasks such
as Cleaning Up the Kitchen. Despite their struc-
tured origin, the resulting instructions are of mod-
erate linguistic complexity, averaging 40.2 words

in length (see § F.3 for details).

3 Quantifying Instruction Granularity

While hierarchical rank remains a useful within-
task measure, it cannot be used as a consistent
cross-task metric to study how instruction granular-
ity impacts agent performance across a diverse task
set. The reason is that the number of attainable lev-
els depends on the internal structure of each task:
some tasks admit long chains of cleanly merge-
able subgoals, whereas others involve interleaved
dependencies that prevent further merging. Con-
sequently, the same hierarchical rank across two
different tasks may entail vastly different language
grounding complexities. We therefore seek a sepa-
rate cross-task metric for quantifying granularity.

3.1 Candidate Metrics

To this end, we evaluate four candidate metrics,
each corresponding to a different hypothesis about
which properties of an instruction plausibly reflect
its granularity and associated grounding burden.
Token Count measures verbal elaboration: finer-
grained instructions often require more words to
spell out procedural details. Entity Count measures
referential grounding load, since mentioning more
objects or locations requires the agent to ground
a larger set of task-relevant referents. Action-Verb
Count measures procedural complexity, as finer-
grained instructions tend to specify more individual
actions. While these three metrics capture surface-
level properties, our fourth metric, Width, captures
a more structural notion of planning burden.
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State Progression Concurrent Features Tracked (Sequence of Tu- Width

ples)

Initial State [O] 0
Navigate to rag Upr = X), ..., {(pr =0)] 1
Pick up rag [(pr = 0), (Hy)] 1
Navigate to sink [(Hr,ps =X),..., (Hy,ps = 0)] 2
Turn on tap (sink) [(Hy,ps = 0), (Ts)] 2
Soak rag [(Hyo Ty, ps = 0, (Sp)] 3
Navigate to Shoe 1 [(Hy, Srypf1 S ] 3
Clean Shoe 1 [(Hy, Srypp1 = 0),(C1)] 3
Navigate to Shoe 2 [(Hy, SryC1ypp2 4)s -] 4
Clean Shoe 2 [(Hy, Sr,C1,pp2 = 0),(C1, C2)] 4
Put rag on floor [(C1,C2,Hy),...,{(C1, Cq,onfloory)] 3

Table 3: State progression and width for the “Cleaning
k Shoes” (k = 2). Width scales as w = k + 2.

3.2 Instantiating Width as a Metric

Among the candidate metrics we consider, width is
the least surface-oriented. Originating from width-
based planning (Lipovetzky and Geffner, 2012,
2017), for a rule 7, its width w(r;) is the maximum
number of features that must be simultaneously
tracked along an optimal transition from a state sat-
isfying C,, to one satisfying E,.,. This differs from
simply counting the number of features mentioned
in the rule’s condition or effect, since these features
need not all be coordinated concurrently. We instan-
tiate instruction-level width by aggregating over its
constituent rules w(R) = max,,er w(r;). A spe-
cial case of w = 0 occurs for situations where the
desired state progression can be achieved in zero
or one step (Bonet and Geffner, 2024); this will
appear in our experimental analysis.

Table 3 illustrates width computation for a two-
shoe cleaning task. Approaching the rag (p, |—
pr = 0) requires tracking only p, (w = 1). Ob-
taining the rag at p, = 0 (— H,) also needs only
pr (w = 1). Then, maintaining H, while progress-
ing raises width to 2. Soaking the rag requires
simultaneously maintaining three features: at sink
(ps = 0), holding rag (H,), and tap on (7}), yield-
ing w = 3. Cleaning the first shoe (C}) requires
tracking H;, S;, and py (w = 3). Cleaning the sec-
ond shoe adds maintaining C1, increasing width to
4. We acknowledge that w is not a direct measure of
internal grounding difficulty, since learning-based
embodied agents operate as black-box decision-
makers rather than explicit width-based search.
However, w provides a cross-task proxy for the
latent planning demands. We thus view it as a
planning-inspired measure of granularity.

4 Experiments

4.1 Experimental Setup

Data. We use MINI-BEHAVIOR-GRAN, which
contains 17 long-horizon household training tasks
defined over a shared feature space ®. For each
task, the benchmark provides 50 training and 10
evaluation instances, each paired with reference tra-
jectories generated by the BFWS planning solver
(Lipovetzky and Geftner, 2017).

Step Numbering. Each dynamic instruction car-
ries its current step index (e.g., “step 3”). We em-
phasize that this index appears identically in all in-
struction variants, and that the agent never observes
the total number of steps in the reference plan: with-
out the denominator, the index is a neutral times-
tamp from which no relative progress (e.g., “30%
done” or “2/10”) can be inferred.

Action-Decoding Archetypes. The primary ar-
chitectural difference among recent VLA models
lies in their action-decoding strategy (Zhong et al.,
2025). We therefore adopt a unified VLM back-
bone and instantiate three representative action-
decoding paradigms (see the left panel of Fig-
ure 3): (1) Autoregressive (AR), exemplified by
RT-2 (Zitkovich et al., 2023), OpenVLA (Kim
et al., 2024), and related models (Reed et al., 2022;
Huang et al., 2024; O’Neill et al., 2024), which
predict actions sequentially via causal attention; (2)
Discrete Diffusion, which predicts action chunks
through a diffusion process (Black et al., 2025;
Bjorck et al., 2025; Shukor et al., 2025; Liang et al.,
2025); and (3) Parallel Decoding, which uses bidi-
rectional attention for single-pass action prediction
(Kim et al., 2025b; Song et al., 2025; Yin et al.,
2025; Wang et al., 2025; Xiao et al., 2025). Imple-
mentation details are given in § H.

Two-Stage Experimental Protocol. We conduct
experiments in two stages. In Stage I (§ 4.2), we
keep the training distribution fixed and train all
models under a mixed-granularity regime that sam-
ples from all available instruction variants. This
stage is used only to compare candidate granular-
ity metrics by how consistently they correlate with
agent Success Rate (SR) across tasks, task hori-
zons, and action-decoding architectures. In Stage
II (§ 4.3-§ 4.4), after identifying which is the most
consistent metric, we use it to partition instruction
variants into Fine, Medium, and Coarse groups
and study how different granularity mixtures affect
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Figure 4: Metric-success correlation by task-horizon,
with width showing consistent negative correlations.

learning and generalization. Specifically, we con-
sider seven training settings: Pure F/M/C (1:0:0),
(2) Centroid (1:1:1): uniformly sample from all
three classes; (3) Axial F/M/C (3:1:1): empha-
sizes one class with some exposure to the others.

4.2 RQ1: Which metric best captures
instruction granularity?

We first ask which candidate metric most consis-
tently captures instruction granularity in a way that
it reflects embodied language grounding difficulty
across tasks. We train all models under a balanced
granularity regime and evaluate the Pearson cor-
relation between each candidate metric and agent
SR. A useful cross-task metric should exhibit a sta-
ble relationship with performance across tasks of
different sequential burdens.

Why partition by instruction horizon? A criti-
cal confound in evaluating instruction granularity
is sequential burden. A natural choice would be to
stratify examples by the total number of primitive
actions in the expert trajectory. However, this is
not the most relevant notion of difficulty in our set-
ting. In MINI-BEHAVIOR-GRAN, agents do not
ground a single static instruction over the entire tra-
jectory; instead, the instructor issues a sequence of
rule-conditioned instruction updates as execution
unfolds. The more relevant notion of sequential
burden is therefore the instruction horizon, defined
as the number of rule calls issued during execution.
We thus partition metric—SR associations evalua-
tion instances by instruction horizon.

Width vs. surface-level metrics. We compare
between token count, entity count, action-verb
count, and width. Figure 4 shows that width is
the only metric that exhibits a statistically signifi-
cant and consistently negative correlation with SR

o
=N

=4
n

§0.4< o)
. O
-
§03
] (@)
202

(@)

O Autoregressive

] O Discrete Diffusion

O Parallel Decoding

0.0 T U-Shape |

Fine (F) Medium (M) Coarse (C)
Train&Test Instruction Granularity

o

Figure 5: In-Distribution (matched train/test) SR across
granularities (i.e., train Fine — test Fine, etc). A non-
monotonic U-shaped trend appears.

across all instruction-horizon bins (e.g, —0.263 in
the 1-5 steps bin). In other words, as width in-
creases, agent success decreases in a stable manner
regardless of sequential burden. By contrast, the
other three metrics are notably less consistent. To-
ken count is insignificant in the first three bins and
becomes significantly negative only in the longest-
horizon bin. Entity count is mostly insignificant
and even becomes weakly positive in the 11-20
bin. Action-verb count reaches significance in sev-
eral bins, but its direction flips across horizons,
indicating that it does not provide a stable notion
of granularity across tasks. We thus use width to
organize training in the remainder of the paper.

4.3 RQ2: How does agent performance vary
across instruction granularity?

To enable a fair cross-task comparison of instruc-
tion granularity effects, we construct relative gran-
ularity classes via per-task quantile binning. This
approach addresses two key limitations of fixed-
width grouping: (i) the inherent variation in task
complexity results in varying widths (e.g., open-
ing_packages maxes at w = 1, while clean-
ing_the_kitchen reaches w = 5). Therefore,
for each task, we collect all available instruction
widths, sort them, and partition them into F/M/C
classes using terciles (or an equivalent quantile split
that balances the number of instances per level).
When the number of distinct widths is insufficient
for a clean three-way split (e.g., only two widths
exist), we apply a priority-fill heuristic. This nor-
malization ensures that the F/M/C classes repre-
sent relative granularity levels within each task, en-
abling meaningful cross-task comparisons of how
performance varies with instruction granularity.
Figure 5 reveals a consistent non-monotonic U-
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Figure 7: Smaller SR gaps indicate a shift towards shallow
grounding. Under semantic perturbation, the Pure-C setting
exhibits tiny variance (2.8%) between w/ goal lang and w/o lang.

Model T1 T T3 Training Setup  Width0  Width1  Width2  Width3  Width > 4
AR 781% Q552 12.5% (4132) 65.6% (21/32) (20 tasks) (20 tasks) (19 tasks) (10 tasks) (3 tasks)
Parallel 15.6% (5/32) 28.1% (9/32) 15.6% (5/32)
D?;?useion 53.1% (17/32)  71.9% (23/32)*  75.0% (24/32)** Pure-F 34.9% 16.9% 10.8% 1.0% 0.0%
Pure-M 12.2% 22.0% 11.7% 0.0% 0.0%
) ) Pure-C 26.3% 33.3% 32.9% 22.9% 0.0%
Table 4: Layer-wise (N = 32) attention -
. ) Axial-F 50.2% 53.3% 48.8% 34.3% 0.0%
trends from action tokens. T1: lang T (F' = ayjaim 44.7% 43.5% 45.8% 29.5% 0.0%
M); T2: lang | (M — C); T3: vis 1 (M —  Axial-C 55.7% 52.2% 50.8% 37.1% 0.0%
C). *p < 0.05, **p < 0.01 (Binomial test).  Centroid (Mix) 42.7% 38.4% 40.8% 28.6% 0.0%

Parallel models lack consistent trends, likely
due to modality entanglement inherent in
bidirectional attention (Kim et al., 2021).
T2/T3 are not zero-sum as it includes self-
attention. Full table and stats in § 1.2.

shaped relationship between instruction granular-
ity and agent performance across all three action-
decoding archetypes. At the fine extreme, where
instructions require minimal latent reasoning, mod-
els achieve high success rates. Performance then
drops at medium granularity, before rebounding
under coarse instructions. This is notable because
width tracks latent coordination burden: if granular-
ity affected performance only through increasing
planning difficulty, one would expect a monotonic
decline rather than a recovery at the coarse end.

Because each task contributes its own F/M/C
variants, all three classes contain the identical set
of 20 tasks in equal proportion, with balanced train-
ing budgets, thereby ruling out data-volume and
task-difficulty confounds. The U-shape itself fur-
ther argues against a budget artifact: if the Fine
peak merely reflected greater data volume, perfor-
mance should degrade monotonically with coarse-
ness rather than recover at Coarse (Figure 5).

4.4 RQ3: What drives the U-shaped effect?

The coarse-granularity rebound is initially counter-
intuitive: if width reflects latent coordination bur-
den, why does performance improve again when
instructions become coarser? We hypothesize that

Table 5: Success rate (%) across training setups and test granularities.
Numbers in parentheses indicate task coverage at each width. For Pure
models, cells where test width was unseen during training measure
zero-shot transfer. Transfer is asymmetric: coarse — fine succeeds.

this rebound stems from increasing instruction pre-
dictability P(l|v), which makes coarse instructions
easier to infer from visual context alone. This
high predictability incentivizes the policy to ex-
ploit single-modality cues, leading to a dominant re-
liance on visual features rather than complex cross-
modal coordination. We test this vision-dominance
hypothesis with two complementary probes: (i)
measuring instruction predictability P(I|v) directly
(Figure 6), and (ii) a targeted language-intervention
ladder at evaluation time that weakens or removes
the language signal (Figure 7).

This increased predictability has a formal ba-
sis: coarse instructions subsume multiple finer-
grained variants. Formally, consider a surjec-
tive mapping f from fine-grained labels I; to
coarser ones ¢;. The conditional probability of a
coarse label aggregates its fine-grained constituents:
P(cjlv) = Zlieffl(cj) P(l;|v). This aggregation
makes coarse instructions statistically easier to pre-
dict from vision alone.

We confirm this empirically by training a VLM-
based instructor (Qwen3-VL-4B with LoRA) to
predict instructions from visual observations. As
Figure 6 shows, cross-entropy loss decreases mono-
tonically with coarseness (Fine: 0.078, Medium:
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0.063, Coarse: 0.047), a relative drop of 40% from
fine to coarse, confirming that P(I|v) indeed in-
creases with coarseness.

We next test the vision-dominance hypothesis
directly via a targeted language-intervention lad-
der at evaluation time, using ASR across three
language conditions as a measure of grounding
reliance (Fei et al., 2025): (i) full instructions,
our standard dynamic instructions; (ii) goal-only
language, a single static high-level goal descrip-
tion held constant for the entire episode; and (iii)
null language, where the instruction is removed
entirely. If coarse-trained policies are genuinely
vision-dominant, their SR should be largely invari-
ant to these interventions, whereas fine-trained poli-
cies should degrade sharply. This is precisely what
we observe. When full instructions are removed
entirely, fine-trained policies suffer a severe 36.3%
drop, whereas coarse-trained policies show a much
smaller 20.0% gap (Figure 7). Most tellingly, un-
der goal-only language the Pure-C policy retains
only a negligible 2.8% advantage over having no
language at all (15.6% vs. 12.8%): stripping step-
level content from the instruction is nearly costless
for coarse-trained agents. These interventions con-
firm that policies trained on coarse instructions
develop shallow grounding: language is not deeply
integrated into decision-making.

Table 4 provides a supplementary diagnostic, for
the shallow-grounding account. Using a layer-wise
Binomial test (Hg = 0.5), we find that Discrete Dif-
fusion models exhibit a shift consistent with greater
visual reliance at the coarse end (T2, p = 0.01; T3,
p < 0.01). AR models show a similar but weaker
pattern: a stronger language grounding phase from
F to M granularity (T1: 25/32, p ~ 0.001), fol-
lowed by a directional shift toward visual reliance
at the coarse end (T3: 21/32). We therefore in-
terpret these results as converging evidence rather
than definitive mechanistic explanation. Note that
T2 and T3 are not redundant: action tokens can
also attend to previous action tokens, so a decrease
in language attention does not imply a one-to-one
increase in visual attention.

Together, these results reveal a three-regime ac-
count of the U-shaped performance pattern. At fine
granularity, Low P([/|v) (high CE loss) means
language provides unique information. Combined
with low-width grounding burden, this drives gen-
uine multimodal alignment for generating actions,
yielding high SR. Medium granularity introduces
a moderate increase in grounding burden. The

Train — Eval Fine Medium  Coarse
Template — Template 0.339 0.150 0.342
LLM-rephrased — Template 0.165 0.100 0.208
LLM-rephrased — LLM-rephrased ~ 0.227 0.101 0.233

Table 6: In-distribution SR by granularity under the
autoregressive head, for template vs. LLM-rephrased
instructions. The U-shaped topology is preserved.

model attempts to ground language but struggles
with the increased complexity, leading to the lowest
performance. At coarse granularity, instructions
are too complex to ground effectively, and high
P(IJv) incentivizes agents to exploit visual cues.
This visual-dominant strategy recovers SR but sac-
rifices language grounding.

Grounding via Mixed-Granularity Training.
We hypothesize that increasing the diversity of the
training language space should artificially lower
average P(l|v), forcing agents to re-engage with
text. Table 5 confirms this: every mixed-granularity
regime (Centroid and the three Axial weightings)
substantially outperforms its Pure counterparts
across test widths, with the largest gains exactly
where pure training fails. At width 2, Pure-F
reaches only 10.8% while Axial-F attains 48.8%:;
at width 3, the best Pure result is 22.9% (Pure-C)
while Axial-C reaches 37.1% and Axial-F 34.3%.
Among the mixtures, the fine-weighted Axial-F
emerges as the optimal compromise: it achieves
near-top SR across widths while maintaining large
ASR gaps under the language interventions of Fig-
ure 7.

Asymmetric Generalization. We observe an
asymmetric transfer pattern (Table 5): coarse-
trained models successfully zero-shot transfer to
fine-grained instructions, but fine-trained models
fail on coarse-grained ones. This asymmetry aligns
with our ASR analysis: coarse training induces
a visual-dominant policy, hence refining the in-
struction yields minimal behavioral change. Fine
training induces tight coupling with language, mak-
ing the policy brittle when detailed guidance drops.
Also see § 1 for failure mode analysis, showing
low width encounters regression failures more fre-
quently, while high width leads to stagnation.

4.5 Does the U-Shape Generalize to Natural
Language?

The instruction variants used so far are produced by

a template-based generator (§ 2.3) as a strict exper-

imental control. A natural concern is whether the
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U-shaped relationship is an artifact of this template
family. We therefore construct an alternative in-
struction set in which GPT-OSS-20B rewrites each
template instruction into fluent natural language
while preserving the exact underlying granularity
level. We retrain the autoregressive archetype from
scratch on this set and evaluate under both matched
and mismatched language conditions.

Table 6 shows that the U-shaped topology
is preserved. Note coarse-trained policies are
more robust to language-style shift: under out-
of-distribution template evaluation, the Fine peak
drops by 51% (0.339 — 0.165) while the Coarse
peak drops by only 39% (0.342 — 0.208). This
asymmetry is exactly what the vision-dominance
account predicts, confirming the coarse rebound is
not a templating artifact.

5 Related Work

Instruction Abstraction and Granularity. Here,
instruction granularity refers to the level of detail
that affects the latent planning burden of an instruc-
tion. This differs from linguistic abstraction, de-
fined as representational compression (Wing, 2010;
Lachmy et al., 2022; Zheng et al., 2024). Granular-
ity varies independently: “tidy the room” is coarse
yet non-abstract (underspecified actions, no com-
pression); “repeat wiping until clean” is specific yet
abstract (prescribes action via looped condition).
While not framed as the term “granularity”, we
acknowledge that a rich body of work has focused
on augmenting language specificity and its impact,
for example through coarse-to-fine semantic pars-
ing (Dong and Lapata, 2018; Li et al., 2020). Other
work generates compositional instructions via con-
straint dropout and sub-task recombination (Huang
et al., 2025b), or construct counterfactual instruc-
tions to augment diversity (Glossop et al., 2025).
Varying instruction detail is often handled via a
simple two-part decomposition: high-level plans
are converted into sequences of low-level steps
before being grounded into actions (Arumugam
etal., 2017; Yang et al., 2024; Shi et al., 2025; Cai
et al., 2025a; Ke et al., 2024; Cai et al., 2025¢,b),
within the broader study of learning and reasoning
in agents (Huang et al., 2023, 2025e, 2026; Zhang
et al., 2026a; Cai et al., 2026). Most recent Vision
Language Action (VLA) works, however, operate
with static language instructions (Ma et al., 2025;
Li et al., 2025). Some models like InstructVLA
and ThinkAct explore having chain-of-thought rea-

soning or planning steps before action decoding
(Huang et al., 2022; Yang et al., 2025; Ke et al.,
2026; Huang et al., 2025a). These hierarchical def-
initions remain task-specific and qualitative, lack-
ing a unified, cross-task metric to establish shared
granularity levels across tasks. Consequently, quan-
titatively controlled studies on the formal dynamics
of instruction granularity remain scarce.
Language Grounding vs. Shortcuts. Prior work
highlights a dichotomy between fragile language
sensitivity (Akula et al., 2022) and visuo-motor
shortcuts (Xing et al., 2025; Ke et al., 2025a; Zhang
et al., 2026b). We reconcile this via width (w), pro-
viding complementary insights into the trade-offs
between language grounding and visual reliance
based on varying instruction granularity in training
distributions.

6 Conclusion

We introduce MINI-BEHAVIOR-GRAN, the first
testbed for studying the impact of instruction gran-
ularity. Comparing four metrics, we find width
most consistently correlates with grounding dif-
ficulty. Using width to organize training reveals
a U-shaped granularity-performance pattern. We
provide a granularity-centric diagnosis of the under-
lying mechanisms, showing that coarse instructions
are more predictable from vision, leading to visual-
dominant policies that exploit visual cues at the
expense of language grounding. The results also
suggest that training with a fine-weighted mixture
of granularities helps mitigate it.

7 Limitations

Discrete Action Spaces. We evaluate our frame-
work in environments with discrete action spaces,
a common abstraction in language-conditioned em-
bodied AI (e.g., ALFWorld-based agent (Xiong
et al., 2025; Kim et al., 2025a)) and LLM-based
agent systems (Qin et al., 2024; Patil et al., 2024),
where high-level reasoning is decoupled from low-
level execution via skill primitives or API calls.
This choice is intentional: it isolates symbolic plan-
ning from continuous control noise, allowing us
to cleanly attribute observed effects to instruction
granularity. However, extending this granularity-
aware framework to hybrid discrete-continuous or
continuous action spaces remains essential for real-
world robotics applications, where low-level motor
commands interact with high-level linguistic ab-
stractions.
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Scope of Granularity Definition. We view sub-
goal decomposition as the primary axis of instruc-
tion granularity, as it directly determines the latent
planning burden—the central construct we aim to
measure. This focus aligns with the classical plan-
ning view that hierarchical task decomposition is
the fundamental mechanism for reducing search
complexity. Other forms of granularity (e.g., vague-
ness, abstraction via loops or branching) are im-
portant but introduce additional complexities that
would confound our initial investigation. By first
isolating and understanding the effect of subgoal
decomposition in a controlled setting, we establish
a foundation for future work to incorporate these
other dimensions. Our benchmark and findings
provide a baseline against which such extensions
can be compared.

Practicality of width computation. Computing
width currently requires access to symbolic state
features and optimal plans, which limits its direct
applicability to natural language instructions in un-
structured environments. We emphasize, however,
that width is designed as an analytic metric for
controlled studies, not as a deployable measure for
real-world settings. Within our benchmark, width
enables precise quantification of latent planning
burden, allowing us to isolate the effect of instruc-
tion granularity and uncover fundamental phenom-
ena such as the U-shaped performance curve and
asymmetric transfer. Extending width estimation
to realistic settings remains future work and does
not affect the validity of our findings.
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C Anticipatory defense on the choice of
test environments and metrics

In this work, we selected Mini-BEHAVIOR as our
testbed. This choice is motivated by several key
considerations aligned with our research objectives.
Our research objective is not to solve the full stack
of robotic embodiment (which includes perception,
continuous control, and physics), but specifically to
isolate and analyze the impact of instruction gran-
ularity on language grounding and long-horizon
planning.

Therefore, high-fidelity simulators (e.g., iGib-
son (Li et al., 2022a), BEHAVIOR-1K (Li et al.,
2022b)) introduce significant noise through com-
plex texture rendering and continuous motor con-
trol. While realistic, these factors act as con-
founders. When an agent fails in such environ-
ments, it is often difficult to attribute the failure
to a lack of linguistic understanding (granularity
issues) or a failure in low-level execution (e.g.,
grasping physics or occlusion). Mini-BEHAVIOR
retains the high-level decision complexity of house-
hold tasks—long horizons, multi-object interac-
tions, and state dependencies—while abstracting
away low-level sensorimotor noise.

In the perspective of fast prototyping and iter-
ative experimentation, we have to also consider
the rendering and physics simulation costs. Mini-
BEHAVIOR’s grid-based discrete control and sim-
plified visual representation allow for rapid data
generation and model training.

Another consideration is the diversity of the task
structures so that we can systematically vary in-
struction granularity across a wide range of sce-
narios. As such, Crafter (Hafner, 2021), which
focuses on survival in a single domain, lacks the
diverse task structures needed to obtain robust in-
sights about instruction granularity.

Table 7 provides a detailed comparison of Mini-
BEHAVIOR against other prominent benchmarks,
highlighting why they were less suitable for this
specific investigation.

D Symbolic Representation of the
Embodied Task

We formalize the Mini-BEHAVIOR environment
as a deterministic grid-based symbolic world. This
allows us to represent the challenge as a classical
planning problem P = (F, A, so, G), where:

» Fis a finite set of propositional fluents represent-
ing the state variables of the environment (e.g.,

object locations, states like cooked or open).
» A is a finite set of actions available to the agent.
* 59 C F is the initial state configuration.

e G C F is the goal condition that must be satis-
fied.

A state s € S is defined as a truth valuation over
F, with the state space S C 27 encompassing all
valid combinations of fluent truth values.

E Details of MINI-BEHAVIOR
Environment

To operationalize our formalism, we developed
a Universal PDDL Domain Model (available at
minibehavior_gran_domain_model.pddl in the
codebase) capable of supporting all 20 household
tasks without modification. This unified model
comprises over 1,000 lines of PDDL 2.1 definitions
and is fully compatible with the LAMA planner.
We highly recommend checking the codebase for
the complete domain model.

Table 8: Planning complexity in typical tasks.

Metric Typical Range
Objects 15-40
Grid Locations 20-60
Ground Actions 103-10°

Plan Length
Planning Time (LAMA)

50-200 primitive actions
0.5-300+ seconds

Search Space Characteristics

F Details of MINI-BEHAVIOR-GRAN
Extension

MINI-BEHAVIOR provides the foundational task
skeletons, which we extend in MINI-BEHAVIOR -
GRAN to support multi-granularity instruction gen-
eration. A core component of this extension is the
definition of a symbolic feature set used to generate
rule-based policy sketches.

F.1 Feature Categories

The environment defines two primary categories of
features: Boolean State Features and Quantitative
Features.

F.1.1 Boolean State Features

These features evaluate whether a specific object in-
stance satisfies a predicate. They require grounding
(binding to specific object instances, e.g., rag-01).
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Table 7: Comparison of Embodied Al Environments regarding their suitability for studying Instruction Granularity.

Environment Control Horizon Visuals Symbolic Limitation
Abstraction

Mini-BEHAVIOR(*) Discrete Long Grid Support Ideal balance: symbolic abstraction,
diverse tasks, no control noise.

Crafter Discrete Long Cartoon Partial Single survival task; partially
observable; few object types.

Meta-World Continuous Short 3D No Continuous control; no symbolic
abstraction; short-horizon focus.

LIBERO Continuous Short 3D No Continuous control; no symbolic
abstraction; VLA success saturated.

RoboTwin 2.0 Continuous Short 3D No Continuous control; hard to segment
trajectories into granular
instructions.

CALVIN Continuous  Medium 3D No Continuous actions confound
planning with control.

ALFRED Discrete Long 3D Photo Support Partially observable 3D; costly
rendering; weak VLA infrastructure.

iGibson / BEHAVIOR-1K Continuous Long 3D Photo Partial Realistic 3D vision becomes a

confounder.

Table 9: Boolean State Features

Feature Applicable Objects Semantics

Holding All Ttems Is the agent holding the specified object?
isOpened Cabinets, Drawers, Doors | Is the container/door open?
isToggled Sinks, Stoves, Switches Is the appliance turned on?

isSoaked Rags, Sponges
isCleaned Shoes, Dishes, Floor
isDustFree | Furniture, Surfaces

Is the cleaning tool wet?
Is the object free of stains?
Is the object free of dust?

F.1.2 Quantitative and Spatial Features

These features capture distances, counts, and spa-
tial relationships. Crucially, they support temporal
comparison allowing conditions such as “distance
decreased” or “count dropped to zero.”

* DistanceToNearest(type, condition):
Measures the Manhattan distance from the agent
to the nearest object of a specific type.

— Conditions: =0 (adjacent), >0, increase,
decrease, change.

¢ Count(type, condition, function): Counts
the number of objects of a specific type that sat-
isfy a filter function.

— Conditions: =0, >0, increase, decrease.

F.2 Count Functions

A diverse set of counting functions is implemented
to support complex logical conditions (e.g., “all
shoes are clean” is equivalent to count_not_cleaned
==0).

F.3 Reference Plan Generation and Task
Complexity Analysis

While the original MINI-BEHAVIOR framework
provides the high-level skeletons for household

activities, it does not provide reference plans by
default. Thus, we utilize the BFWS (Best-First
Width Search) classical planner to generate refer-
ence plans for all 20 tasks in MINI-BEHAVIOR-
GRAN. These reference plans serve as the ground
truth for our agents and allow us to quantitatively
categorize the complexity of each task.

Detailed statistics regarding the specific rule sets
used for instruction generation and the resulting
natural language statistics are discussed in the next
section.

G Rule Set and Natural Language
Prompt Examples For Different Tasks

We present the rank 0 rule set for 10 over 20 house-
hold tasks in the Mini-BEHAVIOR-Gran environ-
ment. For other levels, please refer to the code-
base at mini-behavior-gran/mini_behavior/
utils/policy_sketch/.

G.1 Task 1: Laying Wood Floors

Features:

* H: holding an isolated wood (plywood)

* p: distance to the nearest isolated wood

* ¢: distance to an arbitrary (non-held) wood
we’ll place next to

* n: number of isolated woods

{=H,p>0,n>0}— {pl,t?}

{-H,p=0,n> 0} — {H}
{H,t>0,n>0}— {t |}
{H,n>0,t=0}— {H?,n|,p?}

; move close to isolated wood

; pick up isolated wood when reachable

; move to some wood location

; drop the isolated wood next to other wood

G.2 Task 2: Preparing Salad

Features:
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Table 10: Available Count Functions for Rule Definitions

Category

Function Description

State-Based

count_not_cleaned: Objects that are currently stained.
count_not_soaked: Cleaning tools that are dry.
count_not_toggled: Appliances that are turned off.
count_closed: Containers/doors that are closed.
count_not_sliced: Food items that require slicing.

Spatial

count_not_onfloor: Objects not placed on the floor layer.

count_isolated: Objects with no neighbors of the same type.
count_not_inside_target: Objects not contained within a specific furniture.
count_not_ontop: Objects not placed on top of a specific surface.
count_not_near_target: Objects not within 1 step of a target type.

Task-Specific

count_incomplete_salad: Plates lacking necessary ingredients.
count_not_complete_tables: Tables lacking specific setups (e.g., candles).

Distribution of Plan Steps - In-Distribution Tasks

Out-of-Distribution Tasks
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Figure 8: Distribution of reference plan steps required for tasks in MINI-BEHAVIOR-GRAN obtained by BFWS

classical planner.

H,,: holding a not-sliceable food
H;: holding a sliceable food

{nn=0,n>0,U = 0,-H,,dy > 0} > {d |}

{nn =0,n>0,U = 0,~H,,dy = 0} > {H,}
{nn=0,n>0,U =0, Hy,dy > 0} = {d, |}
{nn=0,n>0,U =0, Hy,dy = 0} > {n |, ~H,}

Handle sliceable salad:

; move to sliceable food
3 pick up sliceable food
; move to the plate

; put down sliced food

Hj: holding a slicer

U': number of sliceable food that is not sliced
yet

d,: distance to the selected incomplete plate p
dn,ds: distances to nearest not-sliceable /
sliceable

k: distance to a slicer (knife)

B: selected plate p complete bottom salad

n: number of incomplete plates

nn: number of plates that do not have bottom
salad yet

G.3 Task 3: Cleaning Up the Kitchen Only

Features:

* Holding flags: Hy (blender), Hy (food), H,
(soap), H, (rag), H, (plate), H, (vegetable
oil)

* Distances: d. (countertop), d s, (fridge), d;
(sink), d.1 (cabinet for plate), d.o (cabinet for
oil), d,, (to object x)

* State booleans: Open(c), Tog(s), Soaked,

DustFree(c), Clean(p), Oilln(cz), Diff

Counters: N, (blenders not on countertop),

{U>0,-Hp,k >0} {kl}
{U > 0,~Hy, k =0} s {H}
Acquire slicer: {U > 0, Hy,,ds > 0} — {ds |}
{U >0, Hy,ds =0} — {U |,~Hy}
{U=0,H} = {~H}

; move to slicer

; hold a slicer

; move to sliceable food
; cut sliceable food

; put down slicer

N, (apples not in fridge), N.,s (casseroles
not in fridge), N, (soaps not next to sink),
N, qp (cabinets not dusted), N, (rags not next

to sink), IV, ciean (plates not clean), N, (oil
not in cabinet), N siore (plates not stored),
Nejose (closed furniture)

{n>0,U=0,nn>0,-B,~H,,d, >0} {d, |}
v > 0,U =0, >0,-B,—-Hy,d, =0} — {H,
Place bottom ,wlad:{n o e } o {Ha}
{n>0,U=0,nn>0,-B,Hy,d, >0} — {d, |}
{n>0,U=0,nn>0,-B,Hy,d, =0} = {B,nn |,~Hy,}
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Task || Split | Class | Goal Description | Mean Steps
opening_packages ID short | Open every package. 10.2
installing_a_printer 1D short | Place a printer on a table and turn it on. 10.6
laying_wood_floors D short | Lay every plywood sheet on the floor, each touching at least one 15.9
other sheet.
moving_boxes_to_storage ID short Place every carton inside a shelf. 36.3
cleaning_a_car ID short | Make at least one car dust-free. Place a rag and soap together inside 62.6
a bucket.
throwing_away_leftovers D middle | Throw away every hamburger by placing it in a trash can. 68.3
organizing_file_cabinet ID middle | Put a marker on a table and file every folder and document in a 75.5
cabinet.
making_tea D middle | Slice a lemon. Put a teapot on an activated stove. Keep a soaked 78.7
teabag with the teapot.
sorting_books ID middle | Place every book and every hardback on a shelf. 78.8
collect_misplaced_items ID middle | Place all gym shoes, necklaces, notebooks, and socks on a table. 90.7
thawing_frozen_food ID middle | Place a date label next to a fish. Put every fish next to a sink. Set an 101.7
olive next to a sink.
boxing_books_up_for_storage ID long Place every book inside a box. 134.4
storing_food D long Store every cookable item inside a cabinet. 144.6
preparing_salad ID long Slice all apples and tomatoes; place them on plates. Put every radish 146.7
and lettuce on plates. Ensure each plate holds at least one cookable
item.
putting_away_dishes_after_cleaning D long Put every plate inside a cabinet. 147.7
cleaning_up_the_kitchen_only ID long Put every blender on a countertop. Refrigerate all apples and 161.0
casseroles. Keep soap next to a sink. Make plates unstained and
cabinets dust-free. Place each rag either beside or inside the sink.
Store plates and vegetable oil in different cabinets.
setting_up_candles ID long On every table, place three distinct candles on top. 165.2
cleaning_shoes OOD | short | Leave atowel on the floor and make sure every shoe is unstained 542
and dust-free.
watering_houseplants OOD | middle | Water every potted plant until it is soaked. 79.4
washing_pots_and_pans 00D long Clean every teapot, kettle, and pan so they’re unstained, then store 149.5
each inside a cabinet.

Table 11: Classification of tasks in MINI-BEHAVIOR-GRAN based on the median number of plan steps, as
determined by the BWFS planner. Tasks are categorized into short, middle, and long classes to reflect varying

planning complexity based on plan length.

{Nutose > 0,de > 0} =+ {do 1}
{Netose > 0,dc = 0} = {Netose 1}
{Netose = 0,7 Ho, doit > 0} = {doir 1}
{Netose = 0, ~Ho, doit = 0} > {H,}

{Netose = 0, Hp, Noig > 0,dep > 0} > {de2 |}
{Neiose =0, Ho, Noit > 0,dca = 0} — {Noyy |, —H,}

. . ; move toward closed furniture
Open Cabinet and Fridge:

; approach oil
; pick up oil
Oil placement: P P .
; go to cabinet ¢y
; place oil in ¢z
{=Tog(s),dsi > 0} — {ds; 1}
{-Tog(s),ds; = 0} > {Tog(s)}

; toggle sink on

{~H;,drag > 0} = {drag 1} ; getrag
—H,,dyg =0} — {H,
Plate cleaning: { ag = 0} = {1}
{H,,—Soaked, ds; > 0} — {ds; |} ; soak rag
{H,,~Soaked, ds; = 0} > {Soaked}
{H.,Soaked, Ny, ciean > 0, dpiate > 0} = {dpiate 1}
{H,, Soaked, Ny ciean > 0, dptate = 0} = {Np_ctean ¥» dpiate?}
g ), dplate > 0} = {dpiate 1}
Plate placement distinct from oil: ; >‘ :l“d:. ; ﬁi : § (’1 (’:;)V}
re > 0,det = 0} = {Ny store o= Hy}

{Nb > 07 “Hb: dblcndcr > 0} = {dblcndcr \L}
{Nb > OﬁﬁHlHdbleTLdC’l‘ = 0} — {Hb}

{Hb, Nb > O,d(;t > 0} — {dct \L}

{Hp, Ny > 0,det = 0} = {Npy |, ~Hp}
{NClOSE = 07 “ny dapple > 0} — {dapple wL}
{Nclosc =0, “va dapple = 0} — {Hf}

{Nclose = O,Hf., N, > O,dfr > 0} d {d‘fT \L}
{Neiose =0,Hf, Ng > 0,dfr =0} — {Ng |, —Hy}
{Netose = 0, ~Hy, dcasserote > 0} = {dcasserote +}

{Neiose = 0,7 Hy, deasserole = 0} — {Hy}
{Nc[ose =0, Hf, Neas > 0, dfr > 0} = {dfr l,}
{Neose = 0, H, Negs > 0,dgr = 0} > {Neas L, —Hy}
{~Hr,drag > 0} = {drag |}
Cabinet dusting: {5 Hy, drag = 0} = {Hy}
{Hy, Neap > 0,d. > 0} - {d. 1}
{Hy,Neay > 0,dc = 0} = {Neap |, ~Hr}

Blender to countertop:

Apple to fridge:

Casserole to fridge:

; get rag

; clean cabinet

{Neab = 0, Np_cican = 0, ~Hy, dpag > 0} = {drag |}
{Neap = 0, Np_ctean = 0, ~Hy, drag = 0} —~ {H,}
{Neap = 0, Np_ciean = 0, Hp, Ny > 0,dg > 0} = {dy |}
{Neab =0, Np_ciean = 0, Hy, N, > 0,dg; = 0} = {N; |, ~H,}
{Neab = 0, Ny ctcan = 0, ~H, dsoap > 0} = {dsoap 4}
{Neab = 0, Np_ciean = 0, " Hy, dsoqp = 0} — {H,}
{Neab = 0, Npy_ctean = 0, Ho, Ny > 0, dg; > 0} > {dg; |}
{Neab = 0, Np_ctean = 0, Hs, N > 0,ds; = 0} = {Ns |, ~H}

Rag near/inside sink:

Soap next to sink:

G.4 Task 4: Organizing File Cabinet

Features:

* H,,: holding a marker

 Hy: holding a folder

* H;: holding a document

* pm: distance to the nearest marker

* py: distance to the nearest folder

* pg: distance to the nearest document

* p;: distance to a table

* p.: distance to a valid cabinet target

e N,,: number of markers not on a table
¢ Ny: number of folders not in a cabinet
¢ N;: number of documents not in a cabinet
¢ N,: number of closed cabinets

. . {N,>0,p. >0} — {p. 1} :move toward a closed cabinet
Opening Cabinet: R
{No>0,pc =0} = {No [}
{Nm > 0,~Hp,pym > 0} = {pm 1,7}
{Nin > 0, ~Hp, pim = 0} = {Hpn, pi?}
{Nm >0, Hyp,pr > 0} = {py L}
{Nim >0, Hyp,pr = 0} = {Noyy |, =Hpm, o7}

; open the cabinet when reachable
; move toward the nearest marker
; pick up the marker when reachable
Marker task:
; move toward a table

; put marker on table
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{Nf >0,N, =0,-Hy,ps > 0} — {pf L, pe?}

{Nf > O,No = O,ﬁHf,pf = 0} — {Hf,pc?}
{Ny>0,N, =0,Hyf,p. >0} — {p. |}
{N;>0,N, =0, Hy,pe =0} = {Ny |, ~Hy,ps7}

{Na > 0,N, = 0,=Hg,pa > 0} = {pa I, p:?}

{Na>0,N, = 0,~Hg,pa = 0} > {Hg, p:"}
{Ng>0,N, =0,Hg,pc >0} = {pc }
{Na>0,N, =0,Hg,pc = 0} = {Ng },~Ha, pa?}

Folder task:

Document task:

G.5 Task 5: Thawing Frozen Food

Features:

* Hyigp: holding a fish

* Hjive: holding an olive

* Hgute: holding a date

* pyish: distance to the nearest fish

* Dolive: distance to the nearest olive

* pdate: distance to the nearest date

* psink: distance to a sink

* Ny;sp: number of fish not next to a sink

¢ N jive: Number of olives not next to a sink
* Ngate: number of dates not next to a fish

{_‘Hfishvpfish > 0} = {pfish, i}
{=Hyfish:ppish = 0} = {Hypisn}
{Hfish»psink > 0} — {psink »L}
{H gishs psink = 0} = {Nyisn 4, 7 Hpisn, Drisn?}
{_‘Holiu57poli'ue > 0} = {polive »L}
{_‘Holivevpolive = 0} = {Holive}
{Holiveapsink > 0} = {psink l/}
{Holivc7psink = 0} = {Nolive 4, olivcvpolive?}
{=Huate Niish olive = 0, Pdate > 0} > {Pdate +}
{=Haate, Neish olive = 0, Pdate = 0} = {Haate }
{Hudate, Nisholive = 0, Dfish, > 0} — {pgisn 1}
{Hudate> Nisholive = 0, pfish = 0} = {Naate 4, "Hdate, Pdate? }

Fish Task:

Olive Task:

Date Task:

G.6 Task 6: Making Tea

Features:

* H;: holding a lemon

* Hpyife: holding a knife

* H;: holding a teapot

* Hyy: holding a tea bag

* p;: distance to the nearest lemon

* Pknife: distance to the knife

* p;: distance to the nearest teapot

* pyp,: distance to the nearest tea bag

* p,: distance to the stove

* psink: distance to the sink

* is_sliced(lemon): whether the lemon is sliced

* is_toggled(stove): whether the stove is tog-
gled on

* is_toggled(sink): whether the sink is toggled
on

* is_soaked(tea_bag): whether the tea bag is
soaked

* atsamelocation(tea_bag, teapot): tea bag at
same location as teapot
* onTop(teapot, stove): teapot on stove

Toggle vae:{ﬁisftoggled(stove), ps > 0} — {ps |}
{—is_toggled(stove), p, = 0} ~— {is_toggled(stove)}
{—Hpnife, Pknife > 0, is_sliced(lemon)} — {prnife 4}
{=Hgnife> Pknife = 0, —is_sliced(lemon)} — {Hppize}
{Hpnife, nis_sliced(lemon), p; > 0} — {p; |}
{Hjnife, ~is_sliced(lemon), p; = 0} + {is_sliced(lemon)}

Slice lemon:

{Himige, is_sliced(lemon) } = {=Hpnife, Pinife?}
{—atsameloc(tb, tp), monTop(tp, st), = Hy, py > 0} — {p; |}
{—atsameloc(tb, tp), monTop(tp, st), = Hy, p; = 0} — {H;}

{—atsameloc(tb, tp), ~onTop(tp, st), Hy, ps > 0} — {ps |}

{—atsameloc(tb, tp), ~onTop(tp, st), Hy, ps = 0} +— {onTop(tp, st), ~Hy, p;?}
{—atsameloc(tb, tp), onTop(tp, st), ~Hy, psp > 0} — {pw |}
{—atsameloc(tb, tp), onTop(tp, st), = Hzy, ptp = 0} > {Hy}

{—atsameloc(tb, tp), onTop(tp, st), Hy, p; > 0} — {p; 1}

Handle teapot:

{Hy, ~atsameloc(tb, tp), onTop(tp, st), p; = 0} — {atsameloc(tb, tp), ~Hy,, ps?}

G.7 Task 7: Opening Packages

Features:

* p: distance to the nearest package
e N: number of unopened packages

{N>0,p>0} = {pl}
{N >0,p=0}— {N |} ;open the package when reachable

; move toward the nearest unopened package

G.8 Task 8: Boxing Books Up for Storage

Features:

* H: holding an unboxed book

 p: distance to the nearest unboxed book
* b: distance to a valid box target

e N: number of unboxed books

{-H,p> 0} {pl,07} ; move toward the nearest unboxed book
{~H,p=0}— {H}

{H,N >0,b>0} v {bl}

{H,N >0,b=0}— {-H,N |,p?}

; pick up the book when reachable
; move toward a chosen box spot

; place the book into the box

G.9 Task 9: Collect Misplaced Items

Features:

* H;: holding a gym shoe

* H,: holding a necklace

* Hy: holding a notebook

* Hj: holding a sock

* ps: distance to the nearest gym shoe

* pn: distance to the nearest necklace

* py: distance to the nearest notebook

* pg: distance to the nearest sock

 p;: distance to a table

* Ng: number of gym shoes not on a table
e N,,: number of necklaces not on a table
e Np: number of notebooks not on a table
e N;: number of socks not on a table
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{=Hs,Ng > 0,ps > 0} = {ps |, p?}
{ﬁHSaNs > 0,ps = 0} = {Hs:pt?}

{Hs;Ns > 0,p; > 0} — {p: |}

{Hs, Ns > 0,p; =0} — {Ng |, ~Hg,ps?}
{ﬁHmNn > 0,pp > O} = {Pn \vat?}
{—~Hn, Ny > 0,pp, = 0} = {Hyp,pe?}

{Hn, Ny, > 0,p, > 0} — {p; 1}

{Hp, Ny > 0,p =0} = {Np, |, 7 Hy, pn?}
{ﬁHb,Nb > 0,pp > 0} — {pb J,,pt?}
{—Hy, Ny > 0,pp = 0} = {Hp,pe?}

{Hp, Ny, > 0,p: > 0} — {p: |}

{Hp, Ny > 0,pr = 0} = {Ny |, = Hp, pp7}
{=Hp, N > 0,px > 0} = {px |, p:7}
{=Hp, Nk > 0,pp = 0} = {Hy,pi?}

{Hk,Nk > 0,p: > 0} = {pt J/}

{Hy, N > 0,py = 0} = {Ny |, ~Hy, pi.7}

Gym shoe task:

Necklace task:

Notebook task:

Sock task:

G.10 Task 10: Putting Away Dishes After
Cleaning

Features:

* H: holding a plate

* p: distance to the nearest plate

* b: distance to a valid cabinet target

e N: number of unboxed plates

* is_opened: whether the cabinet is opened

{—is_opened, b > 0} — {b |}
{—is_opened, b = 0} — {is_opened}
{=H,N > 0,p > 0,is_opened} — {p |, b?}
{—H,N > 0,p = 0,is_opened} — {H,b?}
{H,N >0,b>0,is_opened} — {b |}
{H,N >0,b=0,is_opened} — {—H,N |,p?}

; move toward the cabinet

; open the cabinet when reachable

G.11 Instruction Generation Statistics

We used a template-based generator to translate the
symbolic rule sets into natural language instruc-
tions, ensuring alignment with the VLA’s training
data format. Table 12 presents the summary statis-
tics for the generated instructions across the three
granularity levels.

H Implementation Details

H.1 Model Architecture

Our policy is built upon the OpenVLA architec-
ture (Kim et al., 2024). Specifically, we utilize the
Prismatic-7B backbone (Karamcheti et al., 2024),
which integrates a frozen Llama-2-7B language
model with fused visual features. The visual en-
coder consists of a dual-stream setup combining
SigLIP (for semantic understanding) and DINOv2
(for fine-grained spatial geometry) (Zhai et al.,
2023; Oquab et al., 2024).

H.2 Training Configuration

We fine-tune the model using Low-Rank Adap-
tation (LoRA) on the language model backbone,
keeping the visual encoders frozen. All training set-
ting variants (Pure, Centroid, Axial) share the same
underlying training hyperparameters to ensure fair
comparison.

Hardware and Duration: Training was conducted
on a single node equipped with 8 x NVIDIA A100
GPUs. A standard training run for 100,000 steps
took approximately 23 hours to complete.

Table 13 summarizes the core hyperparameters
used across our experiments.

Table 13: Hyperparameters for OpenVLA fine-tuning
on MINI-BEHAVIOR-GRAN.

Hyperparameter ‘ Value
Base Model Prismatic-7B (Llama-2)
Visual Encoders SigLIP + DINOv2

LoRA (Rank r = 32)
8x NVIDIA A100

Parameter Efficient Tuning
Compute Hardware

Training Duration ~23 hours
Optimization Steps 100,000
Steps Before Decay 80,000
Learning Rate 2.5 x 10~*
Batch Size (per GPU) 7—-38

We also train a lightweight VLM predictor to
quantify instruction predictability via perplexity.
The model is fine-tuned using Low-Rank Adapta-
tion (LoRA) on the Qwen3-VL-4B-Instruct back-
bone, with vision encoders frozen to preserve
visual grounding capabilities established during
pretraining. All models are trained on MINI-
BEHAVIOR-GRAN instruction and image train-
ing data pairs, with training and evaluation splits
maintained consistently across experiments. Hard-
ware and Duration: Training was conducted on
a single node equipped with 4x NVIDIA RTX
5090 GPUs. Each training run for 2 epochs. Table
14 summarizes the core hyperparameters used for
VLM predictor training.
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Table 12: Statistics of generated natural language instructions across granularity levels.

Granularity | Count | Avg Length | Std Length | Min | Max | Unique Tokens TTR Avg Sent. Length
(words) (Type-Token Ratio)
Fine (F) 1636 41.12 11.36 19 140 0.0021 41.12
Medium (M) 859 38.62 12.76 22 108 0.0033 38.62
Coarse (C) 587 33.60 13.39 22 94 0.0048 33.60
Table 14: Hyperparameters for Qwen3-VL-4B- 4 gingle sample, the sequence layout is defined as:

Instruct fine-tuning on MINI-BEHAVIOR-GRAN
(High-domain).

Value

Qwen3-VL-4B-Instruct
Frozen (Qwen3-VL native)
LoRA (Rank r = 64, a = 128)

Hyperparameter ‘

Base Model
Visual Encoders
Parameter Efficient Tuning

LoRA Target Modules All linear layers
Compute Hardware 4x NVIDIA RTX 5090
Training Epochs 2

1.0 x 107°
Cosine with 10% warmup

Learning Rate
Learning Rate Scheduler

Batch Size (per GPU) 32
Seed [42,50,60]
Gradient Accumulation Steps 1
DeepSpeed Strategy Zero-2

I Additional Experimental Results

This section provides additional detailed per-task
performance breakdowns, and failure mode distri-
butions.

I.1 Detailed Task Performance

Figure 9 details the success rates across all 20
tasks in the benchmark. We see some tasks are
too difficult to solve and thus low across all in-
struction granularity. And then we also see the U
shape trends in most tasks, showing the same phe-
nomenon we discussed in (Q1) that both very fine
and very coarse instructions are easier for VLA to
follow.

LI.2 Detailed Attention Analysis Table

We quantify the internal information-gathering be-
havior of Vision-Language-Action (VLA) models
by analyzing the attention weight distribution of
the action tokens. In these architectures, the ac-
tion tokens serve as the terminal query point; their
attention allocation reveals which input modalities
(vision vs. language) the model prioritizes at differ-
ent stages of its internal processing hierarchy.

I.2.1 Input Sequence Formalization

The input sequence S is composed of visual
patches, linguistic tokens, and action tokens. Given

S = [BOS, vy, ..

vision text

.,Up,tl,...,tT,al,...,aA,EOS]

action
ey

where P is the number of visual patch tokens, 7' is
the number of text tokens (comprising both prompt
prefix and task instruction), and A is the number of
action tokens (where A = dction X chunk size).

For analysis, we exclude the [BOS| and [EOS]
boundary tokens. For each layer ¢ € {1,..., L},
we extract the trimmed attention tensor:

A(f) c RHX (P+T+A) X (P+T+A) (2)

1.2.2 Partitioning of Semantic Regions

To distinguish between general linguistic context
and specific task instructions, we partition the
key dimension (columns) of A® into four non-
overlapping semantic regions:

Note: For models utilizing compressed instruc-
tion patches, the compressed embeddings are
mapped to the Dynamic Text category to ensure
functional consistency across architectures.

1.2.3 Quantitative Measurement

For each layer ¢ and head h, we isolate the action-
to-key sub-matrix Aﬁcﬁm ey € RAX(P+T+4)
The mean attention mass allocated to a specific
region R = [I'start, Tend) iS computed by summing
weights across the region and averaging over the A
action tokens:

A repa—1

1 ..
attnh(R> = Z Z Z A;fzactionﬁkey[z’j] €

i=1 j:rstan

1.2.4 Aggregation and Normalization

To derive a layer-wise modality reliance score, we
perform the following:

1. Head  Averaging:
% Zthl attny (R).

2. Sample Mean: Values are averaged across all
samples within a specific granularity-model
pair.

attn(R) =
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boxing_books_up_for storage
cleaning_a_car
cleaning_up_the_kitchen_only
collect_misplaced_items
installing_a_printer
laying_wood_floors

making_tea
moving_boxes_to_storage
opening_packages
organizing_file_cabinet
preparing_salad
putting_away_dishes_after_cleaning
setting_up_candles

sorting_books

storing_food

thawing_frozen_food
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Figure 9: Detailed per-task success rates.

3. Simplex Normalization: The final regional
shares G are normalized such that )", ap =
1.

L.2.5 Statistical Trend Hypothesis Testing

We define three binary indicators to test the Shal-
low Grounding Hypothesis layer-wise:

* T1 (Lang 1): dext(Medium) > Gyex¢(Fine)
* T2 (Lang |): dext(Medium) > Gyex¢(Coarse)
* T3 (Vis 1): ayis(Coarse) > ayis(Medium)

We assess the significance of these trends across
N = 32 layers using a one-sided Binomial test
(Hyg : p = 0.5). Significance is reported as
*p < 0.05 and **p < 0.01. Confidence intervals
for proportions are calculated using the Clopper-
Pearson method. The full statistical breakdown is
presented in Table 15.

1.3 Failure Analysis

Figure 10 presents the distribution of failure types
across varying instruction widths. It confirms that
low width encounters regression failures more fre-
quently, while high width predominantly leads to
stagnation failures. This aligns with our earlier
observations in Figure 11 regarding the distinct
failure modes associated with different instruction
granularities. Agent failure distributions bifurcate
strictly with width. Low-width, long-horizon tasks
predominantly suffer from regression: the agent
violates previously satisfied fluents and cycles back
to prior states, reflecting subgoal serialization fail-
ures. High-width tasks (w > 3), by contrast, ex-
hibit stagnation: the agent freezes, unable to re-
solve concurrent feature dependencies (O(|®|"))
required to initiate a valid state transition. This di-
chotomy mirrors the width-based complexity land-
scape.

T
Failure Type
[ Severe Stagnation
[0 Light Stagnation

=1 Normal
[ Regression

80 —

60

Percentage

40

20

Q D
N
S

<L

v > b-
Instruction Width

&
&

<L

Figure 10: Failure type distribution across instruction
widths.

laying_wood_floors

L

1

opening_packages 1
sorting_books 1
throwing_away_leftovers - 1

moving_boxes_to_storage ! I

Regression

making_tea

organizing_file_cabinet

:I Stagnation
collect_misplaced_items - I
preparing_salad -:I

cleaning_up_the_kitchen_only - — = Reference

2 3 4
Avg Step Ratio

Figure 11: Low-width but long task horizon (e.g., lay-
ing woods) tends to cause regression, while high-width
stagnates.

1.4 Width vs. Other Linguistic Heuristics as
Metric for Complexity

As shown in the correlation heatmap Figure 12, w
is the only metric that maintains a stable negative
correlation with Success Rate across all horizons.
In contrast, surface metrics like Token Count and
Entity Count exhibit near-zero or even positive cor-
relations in shorter horizons (e.g., r = 0.09 for
1-5 steps). This confirms the Complexity Paradox:
while longer, more detailed instructions (higher
token/entity counts) could actually provide help-
ful guidance that improves SR, increasing the la-
tent planning width (w) invariably degrades perfor-
mance.
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Model Trend k/N Prop. 95% CI Hy p-value
Autoregressive T1 25/32  78.1% [0.600,0.907] 50.0%  0.0011
T2 4/32  12.5% [0.035,0.290] 50.0%  1.0000
T3 21/32  65.6% [0.468,0.814] 50.0% 0.1102
Parallel Decoding  T1 5/32 15.6% [0.053,0.328] 50.0% 1.0000
T2 9/32  28.1% [0.137,0.467] 50.0%  0.9965
T3 5/32 15.6% [0.053,0.328] 50.0% 1.0000
Discrete Diffusion Tl 17/32  53.1% [0.347,0.709] 50.0%  0.4300
T2 23/32  71.9% [0.533,0.863] 50.0% 0.0100
T3 24/32  75.0% [0.566,0.885] 50.0%  0.0035

Table 15: Detailed statistical analysis of layer-wise attention trends across architectures. P-values are calculated
using a one-sided Binomial test against a null hypothesis (Hj) of 0.5. Confidence intervals (CI) are calculated at the

95% level.
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Figure 12: Correlation heatmap between instruction
width and other linguistic heuristics.

Similarly, the consistency analysis in Figure 13
shows that w possesses the lowest standard devia-
tion (o = 0.033), indicating its predictive reliabil-
ity is invariant to task horizons. Surface metrics,
particularly Action Verbs (o = 0.155), are highly
volatile. It also shows that w provides the highest
mean predictive power (|| = 0.220), more than
doubling the predictive strength of Token Count
(0.076) or Entity Count (0.072).
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Figure 13: Consistency comparison between instruction
width and other linguistic heuristics.

1.5 Sample Generated Instructions by
Granularity

To illustrate the qualitative differences between
granularity levels, we provide five random sam-
ples for each category below. Note how Low (L)
granularity explicitly specifies navigation and pre-
conditions (e.g., move toward,” not yet at’), while
High (H) granularity focuses almost exclusively on
the final state change (e.g., “reduce the count of...””),
shown in Table 16.

Fine Granularity (F) Samples

1. Atstep 11: When the count of uncleaned plate
is above 0, not yet at sink O and sink is off,
please try to move toward sink 0.

2. At step 8: When not yet at soap 0, not holding
soap 0, the count of unwiped car is 0 and the
count of rag not inside bucket is 0, please try
to move toward soap O.

3. Atstep 27: When the count of chip and oatmeal
sugar and vegetable oil not inside cabinet is
above 0, you are at oatmeal 1 and not holding
oatmeal 1, please pick up oatmeal 1.

4. At step 15: When the count of plate not inside
cabinet is above 0, you are at plate 3, the count
of closed cabinet is 0 and not holding plate 3,
please pick up plate 3.

5. At step 13: When the count of fish and olive
not near sink is above 0, not yet at olive 0 and
not holding olive 0, please try to move toward
olive 0.

Medium Granularity (M) Samples
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. At step 2: When the count of plate not inside

cabinet is above 0, the count of closed cabinet
is 0 and not holding plate 2, please pick up
plate 2.

. At step 6: When the count of uncleaned plate

is above 0, the count of dry rag is above 0 and
holding rag 0, please reduce the count of dry
rag.

. At step 9: When the count of plate not inside

cabinet 0 is above 0, the count of closed cab-
inet is O, the count of vegetable oil not inside
cabinet 1 is O, the count of uncleaned plate is 0
and not holding plate 0, please pick up plate 0.

. At step 13: When the count of book not inside

box is above 0 and not holding book 2, please
pick up book 2.

. At step 9: When the count of chip and oatmeal

sugar and vegetable oil not inside cabinet is
above 0, holding chip 1 and the count of closed
cabinet is 0, please not holding chip 1, then
reduce the count of chip and oatmeal sugar and
vegetable oil not inside cabinet.

Coarse Granularity (C) Samples

,

. At step 2: When the count of hamburger not in-

side ashcan is above 0, please reduce the count
of hamburger not inside ashcan.

. At step 5: When the count of plate not inside

cabinet is above 0 and the count of closed cab-
inet is 0, please reduce the count of plate not
inside cabinet.

. At step 3: When the count of teapot not on

stove is above 0, please reduce the count of
teapot not on stove.

. At step 9: When the count of plate not inside

cabinet is above 0 and the count of closed cab-
inet is 0, please reduce the count of plate not
inside cabinet.

. At step 8: When the count of chip and oatmeal

sugar and vegetable oil not inside cabinet is
above 0 and the count of closed cabinet is 0,
please reduce the count of chip and oatmeal
sugar and vegetable oil not inside cabinet.

Table 16: Sample generated instructions across granu-
larity levels.
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