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Abstract

Embodied agents in open-ended environments
such as Minecraft increasingly adopt plan-
ner–controller architectures, with large lan-
guage models acting as high-level planners.
While planning has advanced rapidly, control
remains underexplored. Existing systems com-
monly rely on a monolithic policy to execute
subgoals across varying contexts, forcing in-
compatible behaviors into a shared parameter
space and causing interference that scaling only
partially mitigates. To address this, we pro-
pose MoEC, a Memory-Routed Mixture-of-
Experts Controller for Adaptive Minecraft Con-
trol. MoEC routes via a subgoal-indexed, non-
parametric expert memory and regulates ca-
pacity through failure-triggered expert growth
and redundancy-aware consolidation. This
design enables continual adaptation without
full retraining, while maintaining parameter
efficiency and with bounded inference cost.
We evaluate MoEC on diverse and composi-
tional Minecraft tasks, demonstrating signifi-
cant gains in adaptability, robustness, and exe-
cution consistency over strong baselines, yield-
ing a scalable and efficient alternative for open-
ended control.

1 Introduction

Embodied AI in complex open-ended environments
such as Minecraft requires agents to handle combi-
natorial variability of tasks and contexts while exe-
cuting long-horizon behaviors. Earlier approaches
often relied on end-to-end policies trained via be-
havior cloning or reinforcement learning, typically
tailored to narrowly scoped tasks (Levine et al.,
2016; Codevilla et al., 2018; Rahmatizadeh et al.,
2018). Recent work has shifted toward modular ar-
chitectures that decouple high-level planning from
low-level control, improving compositionality and
adaptability (Zitkovich et al., 2023; Park et al.,
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Figure 1: Performance variance of the STEVE-1 con-
troller across independent evaluation trials under the
same fixed subgoal. Each point shows the number of
target items collected in one trial (higher is better). The
figure illustrates that a monolithic controller can pro-
duce inconsistent outcomes even when executing the
same subgoal in similar settings, motivating the need
for adaptive modular control.

2025). Building on this paradigm, large language
models (LLMs) now serve as planners, leveraging
reasoning capabilities and prior knowledge to trans-
late free-form instructions into structured subgoals
(Huang et al., 2023; Shinn et al., 2023; O’Neill
et al., 2024). While these advances have substan-
tially improved planning in open-ended domains,
the control layer responsible for executing subgoals
has received considerably less attention.

Most existing systems adopt a monolithic con-
troller, forcing all subgoals to share a single policy
and overlooking contextual variation. Such fixed
designs struggle in open-ended settings, where
executing an identical subgoal may require di-
vergent behaviors across contexts. We probe
this issue by evaluating STEVE-1 (Lifshitz et al.,
2023), a widely adopted controller with instruction-
following fine-tuning, under identical planner-
generated subgoals for short-horizon tasks such as
collecting seeds and digging dirt. Empirical results
reveal substantial variability, with seed collection
ranging from 2 to 7 items and dirt digging from 8
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to 13 across trials despite identical plans, exposing
a structural weakness in handling context diversity.

Monolithic controllers force incompatible behav-
iors into a shared parameter space, causing inter-
ference and instability as context diversity grows.
The conflict stems from reconciling competing be-
havioral gradients within a single set of parameters.
Scaling or adapter tuning partially mitigates it, but
lacks explicit mechanisms for specialization or iso-
lation and is computationally costly. Addressing
this structural limitation is critical for building scal-
able, long-horizon embodied agents. This raises
a fundamental question: How can control archi-
tectures preserve generality while enabling adap-
tive modularity to accommodate diverse subgoal-
context realizations?

To address this challenge, we propose MoEC,
a Memory-Routed Mixture-of-Experts Controller
for Adaptive Minecraft Control. It replaces mono-
lithic control with adaptive modularity via dynamic
expert evolution rather than a fixed modular de-
sign. As shown in Figure 2, MoEC augments the
planner–controller paradigm with an evolving con-
trol layer. First, a subgoal-indexed, non-parametric
expert memory performs two-stage routing: hard
subgoal alignment followed by context-conditioned
similarity search, without retraining the backbone.
Second, on execution failure, an LLM judge ei-
ther triggers replanning or targeted expert growth,
and merges redundant experts to keep capacity
bounded, maintaining scalability alongside adapt-
ability. Third, each expert is a lightweight policy
head trained online with reinforcement learning on
a frozen backbone, enabling fast adaptation at low
computational cost. Unlike static modular or fixed-
capacity MoE designs, MoEC treats modularity as
a continually evolving structure, reducing behav-
ioral interference and improving long-horizon con-
sistency under open-ended variability. The main
contributions of our work are:

• We identify the lack of adaptive modularity
in current embodied controllers as a structural
bottleneck to scalability in open-ended envi-
ronments.

• We introduce MoEC, a Memory-Routed
Mixture-of-Experts Controller for Adaptive
Minecraft Control, which replaces monolithic
control with dynamic expert evolution rather
than fixed-capacity modular designs.

• Our design employs a subgoal-indexed, non-

parametric expert memory for two-stage,
context-conditioned routing; failure-triggered
expert growth and redundancy-aware consol-
idation enables continual adaptation without
backbone retraining.

• Extensive experiments on diverse and compo-
sitional Minecraft tasks show significant gains
in adaptability, robustness, and execution con-
sistency over strong baselines, with bounded
inference cost.

2 Related Work

Open-World Embodied Agents. Minecraft has
become a primary testbed for open-ended embod-
ied agents, enabled by platforms such as Malmo
(Johnson et al., 2016), MineRL (Guss et al., 2019),
and MineDojo (Fan et al., 2022). These bench-
marks have supported progress in hierarchical
RL (Milani et al., 2020; Lin et al., 2022; Mao
et al., 2022), imitation learning from large-scale
video datasets (Amiranashvili et al., 2020; Guss
et al., 2021), and instruction following via video-
pretrained policies such as VPT (Baker et al., 2022).
Recent systems adopt planner–controller architec-
tures and integrate large language models to decom-
pose free-form goals into subgoals (Huang et al.,
2023; Wang et al., 2024; Qin et al., 2024), often
combining planning with skill reuse or multimodal
grounding for long-horizon tasks (Wang et al.,
2024; Li et al., 2024b). Recent embodied-agent
research has also explored open-world capability
beyond Minecraft, including long-horizon spatio-
temporal memory for robot navigation (Anwar
et al., 2025) and LLM-guided symbolic planning in
interactive visual environments (Zhu et al., 2025).
Despite these advances in planning, most con-
trollers remain fixed and general-purpose, and de-
grade under contextual diversity and long-horizon
dependencies (Lifshitz et al., 2023; Park et al.,
2025), motivating control with structural adapta-
tion rather than static designs.

Task Adaptation in RL. Many embodied agents
employ monolithic controllers, a single shared pol-
icy intended to generalize across tasks and con-
texts (Baker et al., 2022; Lifshitz et al., 2023), but
performance often degrades under unseen condi-
tions or context shifts (Park et al., 2025; Li et al.,
2024a). To improve adaptability, meta-RL methods
infer latent context for fast parameter updates (e.g.,
PEARL (Rakelly et al., 2019)), option frameworks
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Figure 2: Framework overview of MoEC.

factor policies into reusable subskills (Bacon et al.,
2017), and continual-learning approaches reduce
forgetting via selective updates or retrieval (e.g.,
LoTUS (Wan et al., 2024), IsCiL (Lee et al., 2024));
others pair skill libraries with meta-learning for
faster adaptation (Nagabandi et al., 2018). Related
parameter-efficient adaptation methods have also
explored how to improve fine-tuning efficiency un-
der strict parameter budgets (Zhao et al., 2025).
These paradigms are parameter-centric, adapting
weights within fixed architectures and incurring in-
terference and costly retraining as diversity grows.
MoEC instead enables structural adaptation via
expert evolution, supporting scalable modularity
without global weight updates.

Mixture-of-Experts for Control. Mixture-of-
Experts (MoE) enables conditional computation by
routing inputs to specialized sub-networks, from
early gating (Jacobs et al., 1991) to large-scale
LLMs such as GShard, Switch, and GLaM (Lep-
ikhin et al., 2020; Fedus et al., 2022; Du et al.,
2022). In control, MoE-style policies scale to
multi-task behaviors (e.g., quadruped expert rout-
ing (Song et al., 2024)), and Minecraft systems
similarly compose task experts (e.g., Optimus-3
(Li et al., 2025)). However, most approaches as-
sume fixed expert sets with parametric gating, re-
quiring global updates to add behaviors. MoEC
instead adopts a subgoal-indexed, non-parametric
expert memory with online expert evolution, avoid-
ing backbone retraining and fixed-capacity limits.

Memory in Embodied Agents. Memory mod-
ules in LLM-driven agents primarily support high-
level planning and long-horizon reasoning (Wang
et al., 2023a, 2024; Zhang et al., 2023). Voyager
maintains a skill library for subgoal reuse (Wang
et al., 2023a); Jarvis-1 and Optimus-1 leverage mul-
timodal memory for contextual grounding (Wang
et al., 2024; Li et al., 2024b); episodic recall fur-
ther improves long-horizon decision making (Shinn
et al., 2023). These memories are typically passive
and confined to the planning layer. MrSTEVE ex-
plores memory for low-level control but remains
tied to static structures (Park et al., 2025). MoEC
instead uses an active, non-parametric memory to
route subgoals to context-appropriate experts and
to drive controller evolution over time.

3 Method

3.1 MoEC Overview

We introduce MoEC, a memory-routed mixture-of-
experts controller that replaces monolithic control
with adaptive modularity. MoEC augments the
standard planner–controller pipeline with a control
layer that evolves over time while keeping a frozen
backbone, enabling scalable specialization in open-
ended environments (Figure 2). Throughout, con-
troller denotes the module comprising the frozen
backbone, expert memory, and router; policy refers
to an individual expert head.

Problem Definition. For a given instruc-
tion–observation pair (I,O), the planner outputs a
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subgoal sequence:

P = [g1, . . . , gm] (1)

At execution step i, the agent observes context ci
(environment geometry and affordance state) and
must realize subgoal gi. MoEC maintains an expert
library E = {ek}with heads {πk} on a frozen back-
bone ϕ, and a router r(gi, ci) that selects which
expert to invoke. The objective is to complete P
with high success and low variance across contexts
while keeping per-step inference cost bounded.

High-Level Design. MoEC is built around two
mechanisms (detailed next): (i) a subgoal-indexed,
non-parametric expert memory enabling two-
stage routing r(gi, ci) (Section 3.2); and (ii) ca-
pacity regulation via failure-triggered expert
growth and redundancy-aware consolidation
(Sections 3.3–3.4). If no suitable expert is retrieved,
the controller falls back to a base policy πbase on
the frozen backbone ϕ. Training updates are local-
ized to expert heads; the backbone and memory
remain fixed during evaluation.

Positioning. MoEC contrasts with planner-
centric memory, meta-RL, and fixed-capacity
MoE paradigms by shifting adaptability to the
control layer and using non-parametric, context-
conditioned routing with expert growth and consol-
idation, without retraining the backbone.

3.2 Expert Memory and Routing
Conventional MoE controllers use parametric gat-
ing, tying expert selection to global weights and re-
quiring retraining to add or reweight experts. This
couples routing with learning, amplifies gradient in-
terference, and incurs substantial compute. MoEC
decouples the two by adopting a non-parametric
expert memory, so routing becomes retrieval rather
than a learned gate.

Expert Memory. We represent the control layer
with a non-parametric memory

M = {(gk, zk, πk, statsk)}Kk=1 (2)

where gk is a subgoal key, zk is a context embed-
ding, πk(a | s) = π(a | s; θk) is an expert head
on the frozen backbone ϕ, and statsk stores rout-
ing metadata (e.g., usage counts and an uncertainty
score uk computed from recent episodic-return vari-
ance; details in Appendix A.1). Experts are trained
locally and inserted intoM without any global pa-
rameter update, isolating specialists and reducing
interference.

Two-Stage Routing. We denote the context at
step i as ci, the local situation when subgoal gi
begins. In general, ci may include recent visual
observations and agent state (e.g., inventory). In
this work, we instantiate ci with a short stack of
frames and encode it using a frozen multimodal
encoder (details in Appendix A.2).

Given subgoal gi and context ci at step i, the
router selects an expert via two stages.

Stage 1 (Subgoal filter). Candidate set by hard
goal alignment:

K(gi) = { k : gk = gi } (3)

Stage 2 (Context rank). Encode the current
context and score candidates:

zi = fenc(ci) (4)

sk = sim(zi, zk)− β uk for k ∈ K(gi) (5)

αk =
exp(sk/τ)∑

j∈K(gi)
exp(sj/τ)

(6)

k∗ = arg max
k∈K(gi)

αk, π∗ = πk∗ (7)

Here sim(·, ·) is cosine similarity; β≥ 0 controls
the influence of uk, and τ is a temperature. If
maxk∈K(gi) sk < γ for a threshold γ, the controller
falls back to πbase on ϕ. This separates semantic
intent (Stage 1) from context variation (Stage 2),
enabling retrieval-based, context-conditioned selec-
tion without retraining the backbone.

Complexity and Benefits. Routing overM costs
O(|K(gi)|) per step (or sublinear with an ANN in-
dex), plus a forward pass for fenc. Because can-
didates are filtered by subgoal and routing is non-
parametric, inference cost remains bounded as K
grows, while the decoupling of routing from learn-
ing yields interpretable, plug-and-play modularity.

3.3 Judge-Driven Expert Growth
Failure Diagnosis. MoEC uses a judge module
Fjudge to decide whether an execution failure arises
from planning or control. Given a multimodal fail-
ure context Cfail (recent observations, environment
state, subgoal metadata, diagnostic cues), the judge
outputs

(ψ,Σ)← Fjudge(Cfail) (8)

where ψ ∈ 0, 1 indicates failure type (0: planning,
1: control) and Σ is a summary used for plan repair.
If ψ=0, the system triggers replanning; otherwise,
MoEC performs targeted control adaptation.
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Expert Creation. Upon a control failure at the
current subgoal–context pair (gi, ci), MoEC instan-
tiates a lightweight expert head πk(·; θk) on the
frozen backbone ϕ. Creation is gated by (i) low
routing confidence and (ii) novelty:

max
k∈K(gi)

αk < γ (9)

∆(ci, ck) > δ ∀(gk, ck, πk) ∈M(gi) (10)

where αk and K(gi) come from Sec. 3.2, and ∆(·)
is cosine distance between context embeddings z
produced by the same encoder as in Sec. 3.2. This
ensures the new expert covers an under-served con-
text region for gi.

Expert Training. The new head is initialized
from the base head (or the best candidate for gi)
and trained locally with PPO while the backbone
remains frozen. We encode observations and the
subgoal as

st = zot +Wθzgi + bθ (11)

and optimize the clipped objective

LPPO = −Et

[
min

(
ρtAt, clip(ρt, 1− ϵ, 1 + ϵ)At

)]

(12)
with sparse, completion-based rewards

rt = I
(
C(st, at)

)
(13)

where ρt is the importance ratio, At the advan-
tage, and C denotes subgoal success. Training
starts immediately after failure, resumes from the
failure point, and runs for a capped horizon H
(Appendix A.3). These interactions are excluded
from evaluation metrics. After training, we in-
sert (gi, zi, πk, statsk) into memory M, where
zi = fenc(ci) (Sec. 3.2).

3.4 Scalability via Expert Consolidation
Uncontrolled expert growth risks memory bloat
and degrades routing efficiency over long horizons.
MoEC performs similarity-driven consolidation to
reduce redundancy while preserving behavioral di-
versity.

Trigger Condition. Consolidation applies to ex-
perts linked to the same subgoal. Two experts πi
and πj are eligible if

cos(z(i), z(j)) > δ and |ŝi − ŝj | < γ (14)

where z(·) are their context keys (embeddings) and
ŝ are recent success rates. The dual criterion en-
forces both contextual proximity and comparable
reliability.

Merge Strategy. We initialize the merged expert
via confidence-weighted interpolation:

θm = λθi + (1− λ)θj , λ =
ŝi

ŝi + ŝj
(15)

To avoid forgetting, πm is refined with lightweight
behavior cloning on trajectories from both parents
(details in Appendix A.4), preserving competence
across their joint context region.

Execution Mode. Consolidation is triggered pe-
riodically during idle phases, so it does not inter-
fere with online routing or growth. Together with
novelty-gated creation, consolidation bounds mem-
ory size and sustains modularity, keeping selection
overhead small as diversity increases.

4 Experiment

4.1 Experiment Setup
Environment and Tasks. We evaluate our
MoEC on the JARVIS-1 benchmark (Wang et al.,
2024), which is built upon MineDojo (Fan et al.,
2022) and uses Minecraft as the primary testbed
for open-ended embodied control. This benchmark
features a large compositional action space, long-
horizon dependencies, and diverse task structures,
and is widely regarded as a representative envi-
ronment for studying scalability and adaptability.
All agents operate in survival mode with random-
ized spawn positions and empty inventories under
standard Minecraft survival settings (e.g., natural
resource gathering and crafting rules).

Our evaluation covers more than 70 tasks orga-
nized into nine functional categories of increasing
complexity (e.g., wooden_pickaxe, iron_pickaxe,
diamond_pickaxe), providing both broad coverage
and a structured progression. Each task is assessed
over multiple randomized trials to account for en-
vironment stochasticity. Full task details, category
definitions, and trial counts are in Appendix B.

Baselines. We compare MoEC against a set of
strong baselines for instruction execution. Instruct-
GPT (Huang et al., 2022) employs a base LLM
with chain-of-thought prompting for subgoal gen-
eration. ReAct (Yao et al., 2022) enhances reason-
ing by interleaving language inference with envi-
ronment interaction. DEPS (Wang et al., 2023b)
dynamically decomposes tasks and incorporates
self-corrective feedback. STEVE-1 (Lifshitz et al.,
2023) uses a frozen pretrained controller without
further adaptation. JARVIS-1 (Wang et al., 2024)
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Group Task GPT ReAct DEPS JARVIS-1 Optimus-1 MoEC

Wooden
26.67 45.00 75.00 91.55 100.00 100.00

AVG 27.30±14.86 40.31±13.30 80.23±17.32 88.84±16.82 98.67±1.95 96.08±3.53

Stone
20.00 20.00 75.00 94.20 93.57 95.65

AVG 20.21±12.32 39.00±12.15 69.27±7.78 88.69±4.87 92.61±4.02 92.91±6.15

Iron
0.00 0.00 20.00 33.82 59.42 36.76

AVG 3.27±2.85 4.61±3.63 16.92±4.69 34.63±10.61 48.29±7.69 46.28±9.78

Redstone
0.00 2.00 10.00 22.78 37.50 26.58

AVG 1.04±1.30 1.14±1.18 6.02±3.61 17.51±9.34 25.12±8.69 25.24±6.06

Golden
0.00 2.00 6.00 14.49 16.42 17.14

AVG 0.00±0.00 0.45±0.60 2.20±1.55 6.85±4.71 8.51±5.69 8.75±4.53

Diamond
0.00 0.00 2.00 9.20 9.09 9.62

AVG 0.00±0.00 0.35±0.48 2.42±1.01 8.99±2.68 11.61±5.75 10.04±2.58

Armor
6.67 0.00 10.00 30.30 58.14 60.61

AVG 1.36±2.25 0.50±0.88 3.71±3.78 13.44±14.62 23.12±22.46 23.79±25.78

Decoration
15.00 15.00 25.00 50.00 - 55.56

AVG 17.12±11.59 17.13±9.19 29.59±15.94 46.67±23.39 - 56.48±16.56

Food
13.33 16.67 16.67 43.55 - 56.45

AVG 9.40±4.29 15.56±6.83 22.85±8.15 46.75±11.16 - 50.75±6.09

Table 1: Success rate (%) comparison across methods and task groups. For each group, the first row reports the
success rate (%) on a single task within that group, while the second row (AVG) reports the mean ± standard
deviation of success rates (%) across all tasks in that group, evaluated over multiple randomized trials. Higher
values indicate better performance.

combines a language-based planner with a general-
purpose controller and serves as the standard bench-
mark on MineDojo. Optimus-1 (Li et al., 2024b)
integrates hierarchical knowledge graphs and mul-
timodal memory, achieving SOTA performance.

Evaluation Metrics. We report the average suc-
cess rate across multiple randomized trials for each
task. A trial is considered successful if the agent ac-
quires the specified target items within the allotted
time budget. The success rate is calculated as the
proportion of successful trials out of the total num-
ber, using different random seeds for environment
initialization. For each task group, we additionally
provide the mean and standard deviation across
all tasks to reflect both aggregate performance and
consistency.

Implementation Details. MoEC employs GPT-
4o (via the OpenAI API) for the Planner and Judge,
and uses STEVE-1 (Lifshitz et al., 2023) as a
frozen policy backbone for expert heads. All exper-
iments are performed using eight NVIDIA V100
GPUs. Full reinforcement learning configurations,
including hyperparameters and training schedules,
are provided in Appendix B.1. All reported met-

rics are computed on frozen, no-learning rollouts:
any online interactions used to train new expert
heads (failure-triggered expert growth) are exe-
cuted in separate adaptation rollouts and excluded
from evaluation; after adaptation, we reset the en-
vironment and re-run the episode with the updated
expert library, with fixed seeds/trials detailed in
Appendix B.1.

4.2 Performance Comparison

Table 1 summarizes success rates across nine func-
tional groups. MoEC attains the top or second-best
average in every group, consistently outperform-
ing JARVIS-1 and matching Optimus-1 despite a
stricter evaluation protocol and no planner-level
enhancements. Overall, MoEC lifts the global av-
erage by a large margin over STEVE-1 and other
strong baselines, indicating that adaptive modular
control improves execution robustness.

Gains on the most long-horizon categories (e.g.,
Diamond, Golden) are smaller. This aligns with
planner–side limitations: these groups exhibit
higher planner-attributed failure rates and lower
subgoal validity (Appendix B.2). Even so, MoEC
still provides substantial execution-level gains over
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Group Task w/o
memory

w/
log

w/
stone

w/
iron

w/
redstone

w/
gold

w/
diamond MoEC

Wooden composter 0.8298 0.8936 - - - - - 0.8936
bowl 0.9362 0.9574 - - - - - 0.9574

Stone stone_shovel 0.8649 0.8919 0.9459 - - - - 0.9459
stone 0.8413 0.8413 0.8730 - - - - 0.8730

Iron chain 0.3390 0.3729 0.4746 0.4576 - - - 0.4576
shears 0.3281 0.3281 0.5781 0.5781 - - - 0.5781

Armor shield 0.4242 0.4091 0.4394 0.5303 - - - 0.5303
golden_helmet 0.0667 0.0667 0.0800 0.0800 - 0.1067 - 0.1067

Redstone piston 0.2532 0.2658 0.2532 0.2785 0.3038 - - 0.3038
redstone_torch 0.2247 0.2472 0.2472 0.2697 0.2809 - - 0.2809

Golden golden_hoe 0.0290 0.0145 0.0435 0.0580 - 0.0580 - 0.0580
golden_shovel 0.0548 0.0548 0.0548 0.0685 - 0.0882 - 0.0882

Diamond diamond_pickaxe 0.0665 0.0679 0.0665 0.0780 - - 0.0882 0.0882
diamond_axe 0.0423 0.0423 0.0282 0.0563 - - 0.0845 0.0845

Table 2: Ablation study on expert memory and expert group composition. Best results are bold and “–” denotes that
the task does not involve the corresponding expert group.

monolithic controllers (e.g., Diamond: 10.04% vs.
0.35% for ReAct).

Finally, MoEC is complementary to planner im-
provements. With a stronger planner, pairing keeps
the controller unchanged yet further boosts long-
horizon groups, consistent with planning quality be-
ing the primary bottleneck, while MoEC strength-
ens execution under fixed plans.

4.3 Ablation Study

Expert memory and specialist groups. Table 2
quantifies the impact of expert memory and special-
ized expert groups. Removing the memory module
(w/o memory) causes substantial drops on com-
plex tasks: e.g., chain falls from 0.4576 to 0.339
(−26%), shears from 0.5781 to 0.3281 (−43%),
and long-horizon diamond_axe from 0.0845 to
0.0423 (−50%). In contrast, short-horizon tasks
(e.g., bowl) show smaller differences, indicating
planner-generated subgoals are often sufficient in
simpler contexts without additional specialization.

Enabling expert groups further underscores the
value of specialization: chain improves from 0.339
(w/o memory) to 0.4746 (w/ iron); golden_shovel
and diamond_axe exhibit gains exceeding 60%
when their corresponding experts are available.
These results confirm that context-sensitive ex-
perts are crucial for complex or rare subgoals, and
demonstrate that MoEC effectively scales special-
ization with task diversity.

Expert memory size. Figure 3 examines the ef-
fect of limiting expert memory. We vary the re-
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piston
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Figure 3: Ablation study on expert memory size.

tained proportion of experts from 0% to 100%,
keeping lower-level experts fixed and subsampling
higher-level ones. Performance improves with
memory size but saturates beyond 60% for most
tasks, indicating diminishing returns from addi-
tional experts. For example, white_carpet reaches
0.82 at 20% memory and only marginally increases
to 0.86 at full capacity, while chain grows from
0.35 (0%) to 0.47 (100%). This suggests robust
execution does not require exhaustive expert reten-
tion when experts are compositional and context-
aware. MoEC thus maintains scalability: it sup-
ports continual expert growth without unbounded
inference cost, since memory can be pruned or par-
tially loaded with minimal performance impact.
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Model Seed Dirt Flower Log

Pbase 4.3 12.2 0.4 11.8
P1 (Seed) 7.8 – – –
P2 (+Dirt) 6.7 8.0 – –
P3 (+Flower) 6.2 6.3 0.8 –
P4 (+Log) 6.5 7.8 0.5 11.2
MoEC 7.8 15.4 1.8 11.6

Model Log Flower Dirt Seed

Pbase 11.8 0.4 12.2 4.3
P1 (Log) 11.6 – – –
P2 (+Flower) 10.3 0.7 – –
P3 (+Dirt) 9.7 0.5 6.3 –
P4 (+Seed) 10.5 0.3 6.2 7.3
MoEC 11.6 1.8 15.4 7.8

Table 3: Performance comparison under sequential finetuning. Each model Pi is trained cumulatively on one
additional task. Pbase corresponds to the frozen STEVE-1 model. “–” indicates the model was not trained on that
task. Best results are bold.

4.4 Further Analysis

Judge-Driven Failure Attribution over Training.
We assess the judge (Sec. 3.3; Appx. A.3) by track-
ing failure attribution across three training stages
defined by expert-memory size (0–30%, 30–70%,
70–100%). In each stage, we uniformly sample 50
failures and categorize them as planning or con-
trol using the judge’s labels. As shown in Fig. 4,
early failures are predominantly control-related
(≥ 65%), while later stages shift toward planning
(≥ 90%). This pattern indicates that judge-driven
adaptation progressively stabilizes execution and
shifts the bottleneck to planning quality, validating
the effectiveness of the judge in guiding control
adaptation.
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Figure 4: Failure attribution shifts from control to plan-
ning as training progresses.

Sequential Monolithic Fine-Tuning: Interfer-
ence vs. Forgetting. To probe non-modular con-
trollers, we construct a sequential fine-tuning setup
where each shared policy Pi is trained cumulatively
on the first i tasks. Table 3 shows degradation
on both previously seen and newly added tasks;
e.g., P4 underperforms P2 on Dirt despite more
data. This suggests that degradation stems not only

from forgetting but also from representational in-
terference inherent to shared-parameter policies. In
contrast, MoEC maintains balanced performance,
supporting continual specialization without sacri-
ficing prior competence, highlighting the benefit of
modular expert isolation.

Parameter-Efficient Adaptation (Head-Only) vs.
Full Fine-Tuning. We compare no adaptation,
full parameter fine-tuning, and head-only fine-
tuning as used by MoEC. As shown in Fig. 5, head-
only adaptation matches or exceeds full fine-tuning
on seed and dirt, while updating only a small num-
ber of parameters. On average, head-only runs
complete in 28.4 s over 3 epochs, enabling rapid
and low-overhead specialization compared to full-
parameter fine-tuning.
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Figure 5: Comparison on seed and dirt. ‘STEVE-1’ is
the base policy; ‘Head-only’ is our partial fine-tuning;
‘Full para.’ denotes full-parameter adaptation.

Additional consolidation results are provided
in Appendix A.4, confirming its effectiveness in
bounding memory growth.

Generalization to Open-Weight LLMs. To as-
sess whether MoEC depends on proprietary LLM
backbones, we replace GPT-4o with an open-
weight instruction-tuned model, LLaMA2-70B,
for both the Planner and Judge. Our main experi-
ments use GPT-4o to remain consistent with prior
work and ensure controlled comparisons.
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Table 4: Additional evaluation of MoEC with different
LLM backbones.

Task GPT-4o LLaMA2-70B

wooden_pickaxe 96.77% 92.52%
stone_pickaxe 94.52% 90.84%

Running full evaluations across all tasks with
multiple LLM backbones is computationally ex-
pensive, so we report results on two representa-
tive tasks, wooden_pickaxe and stone_pickaxe.
As shown in Table 4, while LLaMA2-70B yields
slightly lower absolute performance, MoEC ex-
hibits consistent performance trends across both
backbones. These results suggest that the effective-
ness of MoEC is not tied to a specific proprietary
model and generalizes to open-weight LLMs.

5 Conclusion

We introduced MoEC, a memory-routed mixture-
of-experts controller that integrates routing, judge-
driven growth, and redundancy-aware consolida-
tion. MoEC routes via a subgoal-indexed, non-
parametric expert memory, triggers targeted expert
growth upon failure, and consolidates redundancy
on a frozen backbone. This design enables inter-
pretable specialization while maintaining bounded
inference cost. On JARVIS-1, MoEC attains top or
second-best success across task groups, surpasses
strong language and action baselines, and closely
matches Optimus-1 under a stricter evaluation pro-
tocol without planner-level enhancements. Over-
all, adaptive modularity through non-parametric
routing, failure-triggered local growth, and con-
solidation provides a scalable path to robust and
consistent instruction execution in open-ended en-
vironments.

Limitations

We have not evaluated MoEC beyond Minecraft.
Extending it to other embodied domains would
require adapting the perceptual encoder and action
space, defining a compatible subgoal ontology, and
re-indexing the expert memory. We leave these
directions for future work.
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A Additional Method Details

A.1 Uncertainty Estimation for Routing

To quantify the reliability of each expert, MoEC
computes an uncertainty estimate σk from the sta-
bility of recent episodic returns. For each expert k,
we maintain a fixed-size FIFO queue that stores the
most recent N execution episodes (N=20 in all ex-
periments). Each entry is the return R(i)

k obtained
when attempting the associated subgoal–context
pair.

Formally, let {R(i)
k }

nk
i=1 denote the most re-

cent nk returns for expert k, where nk =
min(N, history length). We compute the sample
mean and (biased) variance:

R̄k =
1

nk

nk∑

i=1

R
(i)
k , vk =

1

nk

nk∑

i=1

(
R

(i)
k −R̄k

)2

(16)
The uncertainty estimate is then normalized as

σk =

√
vk + ϵ

R̄k + ϵ
, ϵ = 10−6 (17)

so lower σk indicates higher and more consistent
returns, while volatile or poorly performing ex-
perts yield larger σk. For newly created experts
with no recorded episodes, we assign a default high
uncertainty (e.g., σk=1.0) to prevent premature se-
lection. When partial history is available (nk<N ),
the above statistics are computed from available
samples without padding.

Finally, we integrate the uncertainty into routing
via an uncertainty-adjusted softmax:

αk =
exp

(
sk/σk

)
∑

j exp
(
sj/σj

) (18)

where sk denotes the cosine similarity between the
current context embedding zC and the stored em-
bedding Z(k)

C . This mechanism prioritizes experts
that are both semantically aligned and empirically
reliable, improving robustness under contextual di-
versity.

A.2 MineCLIP Encoder

We adopt the pretrained MineCLIP video-text
model as a frozen context encoder. Given a re-
cent 16-frame RGB clip Xt = {xt−15, . . . , xt}
and a subgoal text gi, MineCLIP’s visual backbone
produces a video embedding vt = fv(Xt) ∈ RD

and its text branch yields zgi = fℓ(gi) ∈ RD. We

use the video [CLS] token as the context key and
L2-normalize it for cosine retrieval:

z =
fv(Xt)

∥fv(Xt)∥2
(19)

Unless otherwise stated, MineCLIP weights are
kept frozen and no task-specific fine-tuning is ap-
plied; frames are resized and normalized with CLIP
statistics, and shorter clips at episode start are
padded by repeating the earliest frame. This sec-
tion only reuses MineCLIP “as is” to obtain robust
video features; all routing and learning mechanisms
are ours (Secs. 3.2–3.4).

A.3 Judge-Driven Expert Growth
Judge Input and Failure Context. The failure
context Cfail aggregates multimodal signals from:
(i) the last visual observations as a 16-frame RGB
clip, (ii) the environment state (e.g., inventory and
spatial features), and (iii) the current subgoal gi
issued by the planner. These cues suffice to distin-
guish planning inconsistencies from control execu-
tion errors.

Failure Classification Details. The judge Fjudge
is implemented with GPT-4o using a fixed prompt
enumerating common planning/control failure pat-
terns. Given a structured textual description of
Cfail, it returns a binary decision and a diagnostic
summary:

(ψ,Σ)← Fjudge(Cfail), ψ ∈ {0, 1} (20)

Here, ψ=0 denotes a planning error (triggering
replanning) and ψ=1 a control failure (triggering
expert growth). To ensure determinism, the temper-
ature is set to 0, and the judge is invoked only upon
explicit failure signals (e.g., timeouts or repeated
no-progress steps).

Expert Growth Trigger and Gating. When
ψ=1, a new expert for subgoal gi is considered
only if the current context is novel relative to mem-
oryM(gi). We compute the context embedding
zi= fenc(Ci) using the MineCLIP-based encoder
(Appx. A.2) and assess novelty by cosine distance:

∆(zi, zk) = 1− cos(zi, zk) (21)

∆(zi, zk) > δ ∀ (gi, zk, πk) ∈M(gi) (22)

with δ=0.25 in all experiments. In a 512-D
MineCLIP space, semantically similar contexts
typically yield distances<0.1, whereas unrelated
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states exceed 0.3; thus δ=0.25 filters minor vari-
ations while admitting meaningful shifts. This
choice yielded stable, sublinear expert growth
across benchmarks.

Implementation Notes. Each newly created ex-
pert attaches a lightweight head πk(·; θk) to the
frozen backbone ϕ and is adapted locally with PPO
over a capped rollout horizon H=128 steps per
update (distinct from the task-level limit of 1500
steps for short tasks). Only head parameters are up-
dated to avoid interference with previously learned
behaviors. These adaptation episodes are excluded
from evaluation metrics for fairness.

A.4 Expert Merge Strategy
Merge Trigger Details. To prevent uncontrolled
memory growth, MoEC periodically consolidates
experts associated with the same subgoal. Two
experts πi and πj are eligible for merging if

cos
(
z̄(i), z̄(j)

)
> δmerge and

∣∣ŝi − ŝj
∣∣ < γ

(23)
where z̄(·) is the averaged MineCLIP embedding
(Appx. A.2) over the most recent Ko frames for
that expert, and ŝ is the rolling success rate over
the last Ws episodes. In all experiments we set
δmerge=0.85 and γ=0.05, ensuring high similarity
in both context and performance before merging.
This is consistent with the novelty gate used for ex-
pert growth (Sec. 3.3): new experts require cosine
similarity < 0.75 (distance > 0.25), leaving a safe
margin that avoids oscillation between creation and
consolidation.

Parameter Interpolation and Refinement.
When merging is triggered, a new expert πm is
initialized via confidence-weighted interpolation:

θm = λ θi+(1−λ) θj , λ =
ŝi

ŝi + ŝj
(24)

This biases πm toward the more reliable parent. To
mitigate forgetting, we refine πm with lightweight
behavior cloning on trajectories from both par-
ents for up to E=3 epochs using a small learning
rate (1×10−4), lower than the PPO learning rate
(3×10−4), which corrects interpolation errors with
negligible overhead relative to RL updates.

Execution Mode and Efficiency. Consolidation
runs during idle phases at fixed intervals (Tc=5000
environment steps), so it does not interfere with
online routing or growth. Similarity checks and

merges are performed within each subgoal group,
where expert counts remain moderate due to nov-
elty gating, keeping the computational cost mini-
mal. Together with growth control, this achieves
sublinear memory expansion while preserving be-
havioral coverage.

A.5 Complexity and Stability Discussion
Routing operates over the per-subgoal candidate
set with time complexity O

(
|K(gi)|

)
per decision

(Sec. 3.2); with ANN indexing it can be sublinear in
|M(gi)|. The number of experts remains bounded
through novelty-gated creation and periodic con-
solidation. Merge checks occur only within a sub-
goal and at fixed intervals Tc, preventing disruption
of online interaction. Stability is maintained by
confidence-weighted interpolation followed by be-
havior cloning, ensuring the merged expert retains
competence across the combined context region.

B Experiment Details

B.1 Experiment Setting
PPO hyperparameters for expert adaptation are
summarized in Table 5. These values remain
consistent across all benchmarks unless otherwise
noted.

Setting Value

Epochs per Update 3
Discount Factor (γ) 0.99
GAE Lambda (λ) 0.95
Clip Ratio (ϵclip) 0.2
Learning Rate 3× 10−4

Value Loss Coefficient (cvf) 0.5
Entropy Coefficient (cent) 0.01
Optimizer Adam
Rollout Length per PPO Update (H) 128
Task-Level Step Limit (Short Task) 1500
Task-Level Step Limit (Long Task) 12000

Table 5: PPO hyperparameters for MoEC expert adap-
tation.

In addition, MoEC uses the following key hy-
perparameters: uncertainty window size N = 20,
novelty threshold δnovel = 0.25, merge similar-
ity threshold δmerge = 0.85, success-rate tolerance
γmerge = 0.05, merge check interval Tc = 5000 en-
vironment steps, and behavior cloning refinement
with a learning rate of 1× 10−4 for E = 3 epochs.

B.2 Case Study: Long Horizon Task
We analyze a representative long horizon task,
golden_shovel, where the agent must obtain gold
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ingots from raw world conditions in survival mode.
The pipeline spans multiple resource gathering
stages and deep cave exploration. We sample 100
failures at three training stages defined by expert
memory size and attribute them with the judge
(planning vs. control).

Failures are mainly planner related and the share
rises over training. Early, mid, and late stages show
planner attribution of 72%, 84%, and 91%, respec-
tively. Control errors are mostly local collisions
and brief stuck states that MoEC reduces through
specialist growth.

Table 6: Judge attribution across stages.

Early Mid Late

Planner 72% 84% 91%
Control 28% 16% 9%

B.3 Task Descriptions and Per-Task Results

We summarize detailed task specifications and per-
task evaluation outcomes across all functional cat-
egories. For each task, we report the natural lan-
guage instruction, success rate, and the number
of evaluation trials. Tasks are organized by se-
mantic category (e.g., Wooden, Stone) to capture
increasing diversity in procedural requirements and
behavioral complexity. Success rate is defined as
the proportion of trials in which the subgoal is fully
completed within the step limit. All evaluations use
fixed random seeds and consistent episode lengths
to ensure comparability.

B.4 Further Analysis

Effect of Expert Merging. We evaluate the im-
pact of merging on scalability by tracking the
number of experts during training. Figure 6 il-
lustrates expert growth with and without consoli-
dation. Without merging, the number of experts
grows nearly linearly, exceeding 400 by 6 × 105

steps as novel contexts accumulate. In contrast, pe-
riodic similarity-driven merging introduces visible
reductions at fixed intervals, flattening the overall
growth curve and reducing the final expert pool by
approximately 50%. This demonstrates that merg-
ing effectively constrains memory growth with no
noticeable impact on task performance.

Efficacy Analysis. At inference time, MoEC
uses the same backbone–head architecture as
STEVE-1, so forward-pass latency is unaffected.
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Figure 6: Expert count vs. interaction steps for MoEC
with and without merging.

The only additional cost comes from expert se-
lection, which computes similarities over the
per-subgoal candidate set with time complexity
O(|K(gi)|) (sublinear in |M(gi)| with an ANN in-
dex). In practice, |K(gi)| remains small (typically
under 200 experts after consolidation), making se-
lection overhead negligible relative to backbone
inference. In storage, each expert head occupies
71.8 MB, yielding roughly 14 GB for 200 experts;
consolidation further constrains growth, preserving
scalability.
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Table 7: Evaluation results in the Wooden category.

Task Success Rate Evaluation Times Language Instruction

chest 1.0000 71 Pick up a chest given nothing.
oak_fence 0.9667 60 Pick up a chest given nothing.
oak_boat 0.9259 54 Pick up a oak_boat in Forest.
wooden_shovel 0.9722 72 Pick up a wooden_shovel given nothing.
wooden_pickaxe 0.9677 62 Pick up a wooden_pickaxe given nothing.
stick 0.9767 86 Pick up a stick given nothing.
crafting_table 0.9853 68 Pick up a crafting_table given nothing.
wooden_sword 1.0000 66 Pick up a wooden_sword given nothing.
bowl 0.9574 47 Pick up a bowl given nothing.
ladder 0.9868 76 Pick up a ladder given nothing.
barrel 0.8947 57 Pick up a barrel given nothing.
composter 0.8936 47 Pick up a composter given nothing.
wooden_axe 0.9636 55 Pick up a wooden_axe given nothing.

Table 8: Evaluation results in the Stone category.

Task Success Rate Evaluation Times Language Instruction

furnace 0.9565 69 Craft a furnace given an iron_axe.
smoker 0.8000 75 Craft a smoker given an iron_axe.
stone_shovel 0.9459 74 Craft a stone_shovel given an iron_axe.
stone_pickaxe 0.9452 73 Craft a stone_pickaxe given an iron_axe.
charcoal 0.9079 76 Craft a charcoal given an iron_axe.
stone 0.8730 63 Craft a stone given an iron_axe.
stone_hoe 0.9459 74 Craft a stone_hoe given an iron_axe.
stone_sword 0.9877 81 Craft a stone_sword given an iron_axe.
stone_axe 1.0000 57 Craft a stone_axe given an iron_axe.

Table 9: Evaluation results in the Iron category.

Task Success Rate Evaluation Times Language Instruction

iron_pickaxe 0.3676 68 Smelt and craft an iron_pickaxe.
bucket 0.5476 42 Smelt and craft a bucket.
hopper 0.4918 65 Smelt and craft a hopper.
iron_sword 0.5753 73 Smelt and craft an iron_sword.
smithing_table 0.4306 72 Smelt and craft a smithing_table.
chain 0.4576 59 Smelt and craft a chain.
rail 0.5000 62 Smelt and craft a rail.
shears 0.5781 64 Smelt and craft a shears.
iron_shovel 0.5634 71 Smelt and craft an iron_shovel.
tripwire_hook 0.4833 60 Smelt and craft a tripwire_hook.
iron_bars 0.4340 53 Smelt and craft an iron_bars.
iron_nugget 0.4627 67 Smelt and craft an iron_nugget.
iron_door 0.4478 67 Smelt and craft an iron_door.
iron_trapdoor 0.4110 73 Smelt and craft an iron_trapdoor.
crossbow 0.1905 63 Smelt and craft a crossbow.

Table 10: Evaluation results in the Redstone category.

Task Success Rate Evaluation Times Language Instruction

dropper 0.2658 79 Mine redstone and make dropper.
note_block 0.3086 81 Mine redstone and make note_block.
compass 0.1646 79 Mine redstone and make compass.
activator_rail 0.1905 63 Mine redstone and make activator_rail.
piston 0.3038 79 Mine redstone and make piston.
redstone_torch 0.2809 89 Mine redstone and make redstone_torch.
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Table 11: Evaluation results in the Golden category.

Task Success Rate Evaluation Times Language Instruction

gold_ingot 0.1714 70 Smelt and craft a gold_ingot.
golden_axe 0.0625 64 Smelt and craft a golden_axe .
golden_hoe 0.0580 69 Smelt and craft a golden_hoe.
golden_sword 0.0471 85 Smelt and craft a golden_sword .
golden_shovel 0.0822 73 Smelt and craft a golden_shovel.
golden_pickaxe 0.1039 77 Smelt and craft a golden_pickaxe.

Table 12: Evaluation results in the Diomand category.

Task Success Rate Evaluation Times Language Instruction

diamond_pickaxe 0.0882 692 Dig down to mine diamond and craft diamond_pickaxe.
diamond_shovel 0.1250 88 Dig down to mine diamond and craft diamond_shovel.
diamond_sword 0.1237 97 Dig down to mine diamond and craft diamond_sword.
diamond_hoe 0.0588 68 Dig down to mine diamond and craft diamond_hoe.
diamond 0.0962 728 Dig down to mine diamond and craft diamond.
jukebox 0.1266 79 Dig down to mine diamond and craft jukebox.
diamond_axe 0.0845 71 Dig down to mine diamond and craft diamond_axe.

Table 13: Evaluation results in the Armor category.

Task Success Rate Evaluation Times Language Instruction

shield 0.5303 66 Craft shield and equip it.
iron_helmet 0.6061 33 Craft iron_helmet and equip it.
golden_boots 0.0617 81 Craft golden_boots and equip it.
golden_helmet 0.1067 75 Craft golden_helmet and equip it.
diamond_helmet 0.0429 70 Craft diamond_helmet and equip it.
diamond_boots 0.0800 75 Craft diamond_boots and equip it.

Table 14: Evaluation results in the Decoration category.

Task Success Rate Evaluation Times Language Instruction

yellow_dye 0.5000 30 Obtain the yellow_dye.
white_dye 0.3824 34 Obtain the white_dye.
item_frame 0.4286 28 Obtain the item_frame.
white_carpet 0.8571 35 Obtain the white_carpet .
white_banner 0.7097 31 Obtain the white_banner.
orange_wool 0.5556 36 Obtain the orange_wool.
pink_wool 0.5200 25 Obtain the pink_wool.

Table 15: Evaluation results in the Food category.

Task Success Rate Evaluation Times Language Instruction

cooked_chicken 0.5448 63 Kill chicken to obtain chicken and cook it.
cooked_porkchop 0.4286 63 Kill pig to obtain porkchop and cook it.
cooked_mutton 0.5645 62 Kill sheep to obtain mutton and cook it.
cooked_beef 0.4921 63 Kill cow to obtain beef and cook it.
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