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Abstract

Embodied agents demand a heterogeneous mix of capabili-
ties: spatial precision for manipulation, persistent mapping
for long-horizon navigation, and multi-step planning under
natural-language instruction. The dominant remedy folds
every such capability into one foundation model through
spatial pre-training and geometry-aware fine-tuning, ship-
ping a single fixed pipeline for every task in the benchmark.
We contend that the question is not how to grow capability
into the model, but how to compose, per task, the context
that lets the model’s existing capability bear on the task
at hand. We formulate embodied agent design as per-task
module-graph synthesis: a joint search over which mod-
ules to include, which concrete tool implements each, and
how each tool’s parameters bind to environment observa-
tions and upstream outputs. Solving this search by full self-
evolution is infeasible in embodied control, where validat-
ing each candidate requires a multi-step rollout and credit
arrives only at episode end. We therefore introduce MO-
SAIC, a memory-conditioned agent that retains the load-
bearing slice of self-evolution and drops the rest: the typed
module catalog, the meta-agent, and the model weights stay
fixed, while a memory of past pipeline designs and their out-
comes evolves with deployment. A frontier meta-agent runs
once per episode to compose a pipeline conditioned on re-
trievals from this memory, and a small executor runs ev-
ery step.On EB-Nav, MOSAIC reaches 50.0% average suc-
cess across five capability subsets, an 18.4 pp gain over the
default EmbodiedBench agent at the same Qwen3-VL-8B
backbone and +5.3 pp over a baseline that activates every
module in the same catalog without per-task selection.

1. Introduction
Embodied agents demand a heterogeneous mix of capabil-
ities: spatial precision for manipulation, persistent map-
ping for long-horizon navigation, multi-step planning under
natural-language instruction, and recovery from execution

failure [14, 16, 39]. Each of these demands places a differ-
ent burden on the agent’s underlying foundation model. A
pick-and-place task asks for geometric precision but rarely
for long-horizon memory; a household navigation task asks
for the opposite mix; an instruction-following task adds a
third axis of demand. No single configuration of capabili-
ties is uniformly right for every embodied task.

The dominant remedy is to fold every such capability
into a single foundation model. Spatial pre-training [3, 15],
geometry-aware fine-tuning [2], and multi-modal contin-
ued pre-training enlarge the model’s internal world repre-
sentation, hoping to produce a sufficiently capable agent
by enlarging the agent’s brain. However, even after sub-
stantial training cost, the resulting models still trail special-
ized perception modules in precision. A 335M-parameter
depth specialist reaches under 5% relative error out of the
box [38], while training a frontier vision-language model to
a comparable level of geometric fidelity remains expensive
and partial [2, 19].

Why grow capability into the model when specialized
capability already exists outside it? An embodied agent has
the reasoning to plan and act, but it can only reason over the
context it is given. We argue the question is not how to en-
large the agent’s internal world model, but how to compose,
per task, the context that lets the agent’s existing capability
bear on the task at hand.

In adjacent settings, per-task selection has been shown
to beat all-in-one alternatives. FAMA selects helper agents
per customer-service conversation rather than fixing the en-
semble for the whole benchmark [25]. Multimodal agents
are also susceptible to irrelevant context, with even strong
agents misled by environmental distractions [18]. The same
asymmetry shows up sharply in embodied control: a SLAM
module that amortizes its scene-graph cost across a 50-step
navigation episode pays full token cost for negligible ben-
efit on a 5-step pick-and-place, and an object detector that
grounds manipulation floods the context of a long-horizon
search. The right unit of pipeline design is the task, not the
benchmark.
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Figure 1. MOSAIC overview. For each task, MOSAIC constructs a task-specific module graph by selecting the necessary perception,
memory, and planning modules, then routing input and output information between them at the task level. This enables the same executor
to adapt its pipeline to different embodied task requirements without retraining.

A natural question follows: how should an agent actually
pick a pipeline for each new task? One aspirational answer
is a fully self-evolving agent [35, 44, 45]: as new tasks ar-
rive, it updates its module library and its parameter-binding
policy so that each subsequent design improves on the last.
However, this ideal is out of reach in embodied control for
three coupled reasons: (i) every candidate update has to be
validated through a multi-step rollout that can stretch to 20
steps per episode; (ii) the search jointly couples module se-
lection, tool selection, and parameter binding; and (iii) the
credit signal arrives only at episode end, leaving each can-
didate with a single noisy scalar. Unlike static prompt or
program optimization, where an inner-loop search over can-
didates is cheap, in our setting such a search is prohibitively
expensive. We contend that the right move is to retain self-
evolution’s most load-bearing component and drop the rest.
Concretely, we study memory evolution alone, a narrow but
tractable slice in which the typed module library, the meta-
agent, and the model weights stay fixed, and only a mem-
ory of past pipeline designs and their outcomes grows with
experience. This narrowing defines the central object of the
paper: per-task module-graph synthesis, in which a per-task
pipeline is composed by a meta-agent conditioned on re-
trievals from this evolving memory.

In this work, we introduce MOSAIC, a memory-
conditioned agent that performs per-task module-graph syn-
thesis over a typed module library (Figure 1). Unlike scale-
and-train recipes that ship one fixed pipeline across every
task in the benchmark [2, 3, 15], MOSAIC composes a
different module graph for each task and reuses the same
frozen executor throughout. A frontier meta-agent runs
once per episode: conditioned on retrievals from a growing
memory of past designs, it proposes N candidate pipelines

that jointly resolve module inclusion, tool variants, and
parameter bindings. Each candidate is raced through K
replicated rollouts, and a structured per-design summary of
mean reward, stability, lesson, and critic confidence is writ-
ten back to memory for retrieval on later tasks. A small ex-
ecutor then runs every step within each rollout. This split is
what makes per-task design affordable: episodes stretch up
to 20 steps, so a once-per-task meta-call dilutes to almost
nothing per step, and typing reduces pipeline synthesis to
slot-filling that a frontier model prompted with the catalog
and a few retrieved exemplars can drive directly [27].

Contributions. (1) We formulate embodied agent design
as per-task module-graph synthesis, where the agent com-
poses context per task instead of carrying a fixed pipeline
across the benchmark.

(2) We introduce MOSAIC, a memory-conditioned
agent that synthesizes a per-task pipeline over a typed mod-
ule library, improving its selections through an accumulated
memory of past designs.

(3) We show on EB-Nav that modularity and per-task se-
lection both matter, with accumulated memory load-bearing
specifically on long-horizon tasks (§5).

2. Related Work

Modular agents and pipeline search. Two long lines
each collapse one of MOSAIC’s three decision layers. Tool-
calling agents fix the module structure and pick ⟨tool,
arguments⟩ at inference time [23, 26, 40], collapsing mod-
ule selection; neural module networks and declarative LM-
program frameworks fix one tool per module and search
only over parameter bindings [1, 13], collapsing tool se-
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lection. Agentic architecture search lifts both restrictions
and searches all three layers offline: AgentSquare [27] re-
combines Planning, Reasoning, Tool, and Memory slots;
AFlow [43] runs MCTS over workflow DAGs; ADAS [11]
grows an archive of meta-agent-invented designs; and a sib-
ling line treats pipelines as differentiable graphs to be back-
propagated through [5, 37, 42, 47]. All of them commit to a
single fixed pipeline for the entire benchmark, the constant-
output special case of our formulation. MOSAIC exploits
within-benchmark heterogeneity: the architecture that wins
on long-horizon search is Pareto-dominated on short ap-
proach tasks and conversely, so the right unit of design is
the task, not the benchmark.

Memory-augmented agents. MOSAIC conditions de-
sign on retrieved cases from an evolving memory, a mech-
anism with deep precedent. Reflexion [29] conditions the
next attempt on a buffer of verbal reflections; ExpeL [46]
retrieves text lessons extracted from trajectories; Genera-
tive Agents [22] synthesize reflections from a chronological
memory stream; workflow-level analogues cache reusable
task recipes [31, 34]; and a parallel literature studies the
memory architecture itself [7, 9, 10, 21]. In all of these,
memory parameterizes the policy that emits the next ac-
tion. MOSAIC instead treats memory as a conditioning
signal for pipeline design: each entry is a structured per-
design record (mean reward, stability, lesson, critic confi-
dence) that retrieves exemplars to condition a fresh meta-
agent call, not exemplars that condition the next step. A
related family pursues fuller self-evolution by editing code
or weights [8, 32, 33, 35, 36, 44, 45]; we hold the catalog,
meta-agent, and weights fixed because in embodied control
each candidate edit costs a multi-step rollout with a single
noisy episode-end signal.

Per-query routing and inference-time orchestration. A
separate family adapts at the granularity of an individ-
ual query. Cost-aware routers cascade between models or
workflow depths per query [4, 6, 20, 24, 25, 30, 41], while
inference-time orchestrators compose specialized tools per
query for single-shot multimodal reasoning [12, 17, 19, 28,
48]. Both treat the query as the design unit, an episode of
length one. In multi-step embodied control, per-step syn-
thesis is unaffordable but a once-per-episode design call di-
lutes to almost nothing per step; MOSAIC is the per-task,
multi-step counterpart to these single-shot orchestrators.

MLLM specialization for embodied perception. The
dominant alternative line addresses the same problem at
a different layer, folding spatial and geometric capability
into the model itself via spatially-augmented training and
geometry-aware fine-tuning [2, 3, 15], at substantial cost

and still trailing specialized perception modules in geomet-
ric precision. We hold model weights fixed and ask instead
which capability already exists outside the model, and how
to invoke it per task; this line is therefore complementary
to ours, not competitive. The benchmarks against which it
is evaluated [14, 16, 39] almost universally assume a fixed
monolithic agent across the entire benchmark, an assump-
tion MOSAIC directly challenges.

3. Problem Setup
We formulate embodied-agent design as memory-
conditioned per-task module-graph synthesis. The agent
operates over a fixed typed library of modules and tools, and
accumulates a memory bank of past task–pipeline–outcome
records as it runs. Before each episode, a meta-agent syn-
thesizes a feasible pipeline from this library, conditioned
on both the current task and the current memory bank.
Section 3.1 fixes the embodied task setting; Section 3.2
defines the typed design space, the memory bank, and
states the central optimization problem.

3.1. Embodied Task Setup
We consider a distribution D over embodied tasks. Each
task g = (L, I0, C) specifies a natural-language instruction
L, an initial RGB observation I0, and a capability category
C (e.g., spatial reasoning, long-horizon planning) drawn
from the benchmark’s taxonomy. The agent interacts with
the environment over a partially observed episode of hori-
zon H [39].

At step t, the agent receives a visual observation It,
conditions on the instruction L and the interaction history
ht = (I0, a0, I1, a1, . . . , at−1, It), and samples an action

at ∼ πact(· | L, ht). (1)

The resulting trajectory ζ = (I0, a0, I1, a1, . . . , aH−1, IH)
is scored by a benchmark-provided task-success function
R(ζ; g) ∈ [0, 1] (e.g., binary success or subgoal comple-
tion), which is the only feedback the environment provides.
We measure agents by their expected score Eg∼D[R(ζ; g)].

In what follows, we take πact to be modular: its actions
are produced by composing a small number of typed mod-
ules (e.g., perception, reasoning, planning) drawn from a
fixed library, rather than by a single monolithic network. A
separate meta-agent synthesizes this composition on each
new task. Prior work fixes one πact for the entire bench-
mark; we instead synthesize one per task, conditioned on a
memory of past designs. Section 3.2 formalizes the module
library, the meta-agent, and the synthesis problem.

3.2. Memory-Conditioned Module-Graph Synthe-
sis

We formalize the constrained self-evolution setup motivated
in Sec. 1: only the agent’s memory bank evolves across

3



episodes, while the module library, tool implementations,
meta-agent, and model weights remain fixed. Throughout,
M denotes the universe of candidate modules, T the uni-
verse of candidate tools, Env the typed schema of environ-
ment channels (e.g., RGB, depth, gripper state), and Cfgt
the set of design-time configuration values (e.g., prompts,
hyperparameters) attached to each tool t ∈ T . Both M and
T are given as part of the problem instance; we study the
question of synthesizing pipelines from this library.

Definition 1 (Tool). A tool t has typed inputs In(t), out-
put type Yt, and an implementation kind (e.g., LLM, neu-
ral network, vision model, classical CV routine, code, shell
command). For simplicity, the math in this section treats
every input in In(t) as required; Sec. 4 describes the
implementation-level handling of optional inputs.

Definition 2 (Module). A module m has a natural-
language role description rolem, an output type Ym that
downstream consumers bind against, and an allowed-
consume set Um ⊆ M \ {m} of modules whose outputs
m is permitted to consume.

Definition 3 (Module–Tool Compatibility). The tools that
may instantiate module m are

Tools(m) =
{
t ∈ T

∣∣Yt = Ym ∧ ∀p ∈ In(t) :

type(p) ∈ Env ∪ {Ym′ :m′∈Um}
∪ Cfgt

}
.

(2)

Definition 4 (Pipeline). A pipeline is a triple π =
(M ′, τ, ρ) consisting of:
• a module selection M ′ ⊆ M;
• a tool assignment τ : M ′ → T with τ(m) ∈ Tools(m);
• an input wiring ρ that, for each m ∈ M ′, binds every
p ∈ In(τ(m)) to an environment channel, an upstream
module output, or a config value.

A pipeline is feasible when every binding type-matches and
the consume relation {(m,m′) : m,m′ ∈ M ′, m′ ∈ Um}
is acyclic. We write Π for the set of feasible pipelines.

Memory bank. The agent maintains a memory bank B
that stores records from past episodes. After episode e, the
bank is updated as

Be+1 = Be ∪ {(ge, πe, re, ℓe)}, (3)

where πe ∈ Π is the deployed pipeline, re = R(ζe; ge) the
terminal score, and ℓe a post-episode lesson summarizing
what worked or failed; the trajectory ζe exists transiently
during scoring and is not retained. We write B for the space
of possible memory banks.

Problem 1. Memory-Conditioned Module-Graph
Synthesis

Given. M, T , {Tools(m)}m∈M, Env, {Cfgt}t∈T , mem-
ory bank B, task distribution D, and task-success function
R(ζ; g).

Specify. A memory-conditioned synthesis policy f ∈ F ,
where F = {f : G × B → Π}, that emits the modular
action policy πact = f(g,B) for each task — structured as a
pipeline per Definition 4. We measure f by

J(f) = E
[
R(ζ; g)

]
, g ∼ D, ζ ∼ rollout(πact, g),

s.t. Feasible(πact) ∀g.

We do not search over F . In Sec. 4 we fix f as a fron-
tier meta-agent; only the memory bank B evolves across
episodes (Eq. 3), and improvement in J(f) comes from re-
trieval over a growing B, not from updates to f .

The feasible search space Π is exponential: there are
2|M| subsets M ′ alone, and within each subset every mod-
ule can be filled by any of its compatible tools with any of
its valid input wirings. Exhaustive search is therefore out of
reach, motivating a learned synthesis policy.

We realize this policy as MOSAIC in Sec. 4, whose pro-
posal–evaluation–memory loop we detail next.

4. Method
MOSAIC realizes the synthesis policy f from Problem 1
as a closed-loop system that proposes pipelines from the
typed catalog, evaluates them in embodied trials, and writes
structured per-design summaries into memory for future re-
trieval. Figure 2 shows one cycle. §4.1 describes how the
meta-agent conditions on (ge,Be) to propose a set of N can-
didate pipelines. §4.2 describes how each candidate is eval-
uated through K replicated rollouts and consolidated into
a per-design summary that updates B. §4.3 grounds these
abstractions in the concrete module catalog used in our ex-
periments, and §4.4 illustrates how the framework extends
to new tools and modules.

4.1. Memory-Conditioned Proposal
Given a new task ge = (Le, I0,e, Ce) at episode e, MOSAIC
first retrieves a memory context

Re = Retrieve(ge,Be). (4)

Retrieval is restricted to records whose capability category
matches Ce and ranked by a multimodal similarity

s(g, r) = α stext(g, r) + (1−α) simage(g, r), (5)

where stext compares an embedding of the instruction L in
g against the stored instruction embedding in r, simage com-
pares an embedding of the first frame I0 in g against the
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𝑤𝑖𝑡ℎ 𝑖𝑚𝑎𝑔𝑒𝑠 𝑎𝑛𝑑 
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Figure 2. MOSAIC Optimization pipeline One task drives one cycle: the task input (light blue) and the module catalog with retrieved
memory context (orange) are provided to the meta-agent (yellow), which proposes N candidate pipelines. The per-step executor (purple)
evaluates each candidate through K replicated rollouts in the environment (green). The resulting trajectories are aggregated by a reflection
critic (red) into N per-design summaries, which are appended to the long-term memory B (blue). The catalog M, meta-agent, executor,
and model weights stay fixed; only B grows.
stored first-frame embedding in r, and we take α = 0.7.
The top records are rendered into the meta-agent prompt as
a compact summary of past designs, outcomes, and lessons
for similar tasks.

The meta-agent, a frontier MLLM, receives (ge,M,Re)
and emits a set of N candidate pipelines

{π(1)
e , . . . , π(N)

e }, π(i)
e = (M (i)

e , τ (i)e , ρ(i)e ), (6)

each in the format of Definition 4. Pipelines are emitted as
JSON objects specifying enabled modules, variant choices,
and input bindings, constrained by a schema over admis-
sible module and channel names. A validator canonical-
izes the output, auto-fills required inputs, closes dependen-
cies, and rejects malformed designs; if a proposal cannot
be repaired, the meta-agent retries or falls back to a high-
confidence design retrieved from Be.

4.2. Race-Based Evaluation and Memory Consoli-
dation

Both LLM-driven design and embodied execution are
stochastic, so a single rollout of a single design is too noisy
to rank candidates reliably. MOSAIC therefore evaluates
each of the N proposed designs through K replicated roll-
outs, yielding N · K episodes per task; replicates run in
parallel because designs do not interact during execution.

We score each rollout with a shaped reward q
(i,k)
e that

combines binary task success with penalties for invalid ac-
tions, parse errors, fallback use, and step inefficiency. The
shaped reward stays local to the race.

After all K replicates of a design have landed, a frontier
MLLM critic aggregates them into a per-design summary
z
(i)
e = (q̄

(i)
e , σ

(i)
e , ℓ

(i)
e , c

(i)
e ), where q̄

(i)
e = 1

K

∑
k q

(i,k)
e is

the mean shaped reward, σ a stability indicator, ℓ a natural-
language lesson describing what worked or failed across the
replicates, and c the critic’s confidence in that lesson. The
race winner i⋆e = argmaxi q̄

(i)
e is recorded as a flag on the

corresponding summary.
The memory update appends N records, one per design,

Be+1 = Be ∪
{(

ge, π
(i)
e , z(i)e , [i = i⋆e]

)}N

i=1
, (7)

each keyed by text and image embeddings of (Le, I0,e) to
support the retrieval defined in Eq. 5. Storing both winners
and losers, rather than only i⋆e , lets the next task’s retrieval
surface contrastive evidence, for example that a particular
variant choice consistently underperforms on long-horizon
tasks. We additionally maintain cross-design comparison
statistics (paired deltas between designs in the same race,
factor effects across tasks, and per-design rollups) which the
meta-agent can consume when proposing future designs;
these are described in the supplementary.

Across episodes, the same fixed meta-agent emits dif-
ferent pipelines as B grows: this is how MOSAIC drives
J(f) upward under Problem 1 without modifying any mod-
ule implementation, tool, or model weight. When N=1
and K=1, the race collapses and MOSAIC reduces to a
one-shot proposer with deterministic memory write; we use
N>1,K>1 in our training §5.
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Configuration Avg Base Common Complex Visual Long

Original EmbodiedBench 31.56 ± 14.19 48.89 ± 5.09 33.33 ± 3.34 32.22 ± 3.85 35.56 ± 5.09 7.78 ± 1.92
EmbodiedBench (Decompose) 43.11 ± 7.18 52.22 ± 7.70 40 ± 5.77 41.11 ± 5.09 37.78 ± 1.92 44.45 ± 6.94
GPT-4o-mini (Decompose) 30 ± 15.94 37.78 ± 5.09 27.78 ± 5.09 34.44 ± 10.18 46.67 ± 0 3.33 ± 3.34
All-modules 44.67 ± 5.01 48.89 ± 1.92 44.45 ± 6.94 42.22 ± 5.09 41.11 ± 1.92 46.67 ± 5.77
MOSAIC (ours) 50.00 ± 1.33 60.00 ± 8.82 46.67 ± 0.00 45.56 ± 10.18 51.11 ± 5.09 46.67 ± 3.33

Table 1. Task success rates on EB-Nav (test split). Per-subset success rate (%) and the five-subset mean Avg. All rows use Qwen3-VL-8B
as executor except GPT-4o-mini (Decompose); see §5.1 for baseline definitions.

4.3. Module Catalog
Our experiments instantiate M with a 12-module cata-
log covering short-term memory, blocker detection, ge-
ometric reasoning, perception, reflection, reasoning, and
planning. Five modules are deterministic helpers (e.g.,
object_detector, depth_estimator); seven are
LLM-based and execute in dependency order, terminating
in executable_planwhich emits the machine-readable
action list executed by the environment. Several modules
admit named variants (e.g., stm.full vs stm.lean) that the
meta-agent may select per design, and a handful admit op-
tional inputs, auxiliary signals such as prior episode context
or coarse hints, that the meta-agent wires through ρ when a
type-matching source exists and ignores otherwise. Each
module’s role, available variants, and input sources are re-
ported in Table 4, with Figure 4 laying out the catalog by
execution tier with its dependency DAG.

4.4. Extensibility
The typed protocol of Definitions 1–4 admits two or-
thogonal axes of extension without modifying the meta-
agent interface or Problem 1; both are illustrated in Fig-
ure 5 in the supplementary. (a) Growing Tools(m).
A new tool whose output type matches Ym is drop-
in. For example, the LLM-based tool currently used for
visual_state_description can be replaced by a
YOLO+template pipeline or a fine-tuned scene-graph VLM
by changing only τ(mVSD), while every downstream mod-
ule that consumes visual_state_description’s
output is unaffected. (b) Growing M. A new mod-
ule that publishes a novel output type extends the source
space available to every downstream module. For exam-
ple, adding a SLAM module mSLAM that publishes a scene-
graph tensor lets downstream planning modules bind a new
scene_graph input via ρ without changing Π’s defini-
tion; the depth-estimator module already in our catalog (Ta-
ble 4) was added the same way. Neither change requires
modifying the meta-agent prompt or the formal objective:
only the catalog and the validator schema are extended.

5. Experiments
We evaluate MOSAIC along three questions that map di-
rectly to the design of §4. Q1 (aggregate value). Does

per-task pipeline selection over a fixed typed catalog beat
fixed-pipeline baselines at matched executor cost? Q2 (per-
subset structure). Where across capability subsets does the
gain actually land, and what does that tell us about which
problems per-task selection solves? Q3 (memory mecha-
nism). How does the long-term memory bank B contribute,
at what layer of the design space does it work, and which
retrieval signal carries it?

5.1. Experimental Setup
Environments and metrics. We run on the EB-Nav track
of EmbodiedBench [39]. Each environment is partitioned
into five capability subsets: Base, Common Sense, Com-
plex Instruction, Visual Appearance, and Long Horizon. We
use a 50/50 train/test split per environment, yielding 30
training tasks and 30 test tasks; MOSAIC makes a single
pass over the training tasks (one episode per task — the
meta-agent’s race produces N ·K rollouts and writes N
structured records per task) so the case bank B accumulates
one round of records before evaluation. Table 1 and Table 2
report on the test split; Table 3 reports on the train split. The
headline metric is per-subset task success rate, and the ag-
gregate metric Avg is the unweighted mean across the five
subsets within each environment.

Models. MOSAIC uses two models per episode (cf.
§4.1). The frontier meta-agent runs once per episode to pro-
pose the N candidate pipelines and to write the per-design
summaries; we use Claude Sonnet 4.6 by default. The ex-
ecutor runs every step inside each rollout; unless otherwise
noted the executor is Qwen3-VL-8B, with an additional ex-
periment using GPT-4o-mini as the executor (Table 1).

MOSAIC configuration. Unless stated otherwise we
use N=3 candidate designs per task, K=3 replicate roll-
outs per design, and α=0.7 for retrieval (Eq. 5). The cat-
alog M is the 12-module catalog of §4.3. The case bank
B is initialized empty and accumulated online. For testing
we use N=1 and K=1, collapsing it into one design per
episode.

Baselines. Four configurations bracket the baseline
space (Table 1). (i) Original EmbodiedBench. The stock
five-module agent shipped with EmbodiedBench [39], run
on the same Qwen3-VL-8B executor as MOSAIC. (ii) Em-
bodiedBench (Decompose). The same EmbodiedBench
planner with a decomposition prompt that splits the instruc-
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Configuration Avg Base Common Complex Visual Long

MOSAIC (text-only retrieval) 49.34 ± 10.55 64.45 ± 3.85 45.55 ± 6.94 44.44 ± 12.62 48.92 ± 5.03 43.33 ± 8.82
MOSAIC (w/o long-term memory) 48.00 ± 2.67 66.67 ± 3.33 54.44 ± 1.92 51.11 ± 5.09 55.56 ± 6.94 12.22 ± 7.70
MOSAIC (ours) 50.00 ± 1.33 60.00 ± 8.82 46.67 ± 0.00 45.56 ± 10.18 51.11 ± 5.09 46.67 ± 3.33

Table 2. Ablation of MOSAIC components on EB-Nav (test split). Text-only retrieval sets α=1 in Eq. 5; w/o long-term memory disables
retrieval over B while keeping the per-episode race. All rows use Qwen3-VL-8B.

Configuration Avg Base Common Complex Visual Long

Original EmbodiedBench 29.11 ± 13.42 41.11 ± 6.94 28.89 ± 10.18 35.56 ± 8.39 32.22 ± 6.94 7.78 ± 3.85
MOSAIC (no LT memory) 49.11 ± 2.78 61.11 ± 7.70 55.56 ± 6.94 62.22 ± 8.39 56.67 ± 3.33 10.00 ± 8.82
MOSAIC (ours) 52.89 ± 5.55 56.67 ± 6.67 48.89 ± 3.85 58.89 ± 8.39 51.11 ± 5.09 48.89 ± 11.71

Table 3. Train-split success rates on EB-Nav. Same LTM ablation as Table 2, on the 30 training tasks; improvement of MOSAIC over
the no-memory row is attributable to memory accumulation alone.

tion into sequential subgoals, again on Qwen3-VL-8B. (iii)
GPT-4o-mini (Decompose). The Decompose pipeline of
(ii) with the executor swapped to GPT-4o-mini; the only
change relative to (ii) is the executor model, isolating ex-
ecutor capacity. (iv) All-modules. Every module in our 12-
module catalog activated simultaneously, with no per-task
selection. This is the same catalog MOSAIC uses; it iso-
lates the value of per-task selection against catalog richness
alone.

5.2. Main Results

Table 1 reports per-subset success rates on EB-Nav. Hold-
ing the executor fixed at Qwen3-VL-8B, three base-
line comparisons isolate what MOSAIC (50.00%) con-
tributes. Against Original EmbodiedBench’s stock five-
module agent (31.56% ), MOSAIC gains 18 pp — the com-
bined value of decomposition, a richer typed catalog, and
per-task selection, all of which Original EmbodiedBench
lacks. Against EmbodiedBench (Decompose) (43.11%),
which adds a decomposition prompt to the same five-
module agent, MOSAIC gains 7 pp: decomposition alone
closes most of the headline gap, leaving a residual that the
richer catalog and per-task selection together account for.
Against All-modules (44.67%), which activates the entire
12-module catalog MOSAIC also uses but disables per-task
selection, MOSAIC gains 5.3 pp: same catalog, same ex-
ecutor, different rule for choosing what to run — isolating
the value of selection itself.

A separate ablation isolates executor capacity. Hold-
ing the Decompose pipeline fixed and replacing Qwen3-
VL-8B with GPT-4o-mini drops aggregate SR by 13 pp
(43.11% → 30.00%): the executor contributes a substan-
tial share of any agent’s performance. MOSAIC’s gains,
however, are obtained at fixed Qwen3-VL-8B, so they are
attributable to the pipeline rather than the executor model.

5.3. The Long-Horizon Failure Mode

Decomposing the aggregate gain by subset reveals what
MOSAIC’s per-task selection actually solves. Original
EmbodiedBench’s stock five-module agent collapses to
7.78% on Long Horizon, while every baseline with a plan-
ning stage — EmbodiedBench (Decompose), All-modules,
and MOSAIC— recovers into the mid-40s on the same
subset, clustered within a few points. MOSAIC’s 5.3-
point advantage over All-modules therefore comes not from
Long Horizon (where the two are tied), but from the four
shorter subsets, where MOSAIC selects a leaner pipeline
per task while All-modules runs all 12 modules on every
episode.

5.4. Diversity at the Right Layer

Two ablations isolate the contribution of the long-term
memory bank B and the retrieval signal that drives it (Ta-
bles 2, 3). Both ablations preserve the per-episode race of
N=3 candidate pipelines with K=3 replicates each, and
differ only in whether the meta-agent retrieves from B, and
how.

Long-term memory rescues Long Horizon. The ag-
gregate gain from memory is modest (Table 2), but it de-
composes into a large rescue on Long Horizon balanced
against small losses on each of the four shorter subsets; the
same pattern reproduces, more strongly, on the training split
(Table 3). On Long Horizon, the no-memory variant under-
performs even the static All-modules baseline despite en-
abling the same 12-module set. The cause is parameter jit-
ter: lacking prior evidence about which parameter bindings
work, the meta-agent varies them per task (Fig. 3, left); on
long episodes this per-step inconsistency compounds, and
the no-memory variant frequently exhausts the 20-step bud-
get. With memory, the meta-agent retrieves prior records of
winning bindings and applies them, recovering performance
on this subset.
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Figure 3. Memory relocates diversity from the parameter level to the structural level.

The per-subset losses are a fixable artifact. The losses
are reproducible across both splits and all replicates: they
are not noise. They trace to our reflection prompt — it over-
emphasized the parse-error term in the shaped reward, so
modules included in designs with high parse-error spikes
were labeled losers even when they were not the cause,
causing the meta-agent to over-prune those modules on test
scenes where they would have helped. A reflection prompt
that attributes parse-error pressure more carefully to specific
modules should reduce this overfitting; the net effect of the
current configuration remains positive.

Memory relocates diversity to the structural layer.
Figure 3 characterizes what changes about the meta-agent’s
behavior with memory. We measure design diversity
at two granularities: parameter-aware (M ′, τ, ρ) counts
unique full configurations, and structural (M ′, τ) counts
unique (modules, tool-choice) shapes with parameter bind-
ings stripped. Without memory, the meta-agent emits
a fresh parameter-level configuration on essentially every
episode but commits to a small set of structural shapes (it
jitters bindings around a fixed skeleton). With memory,
parameter-level diversity contracts while structural diver-
sity expands by a comparable factor. Memory does not
shrink the meta-agent’s search space; it relocates the search
from the parameter level, where empirical signal is weak, to
the structural level, where past episodes provide direct evi-
dence about which module combinations earn their tokens.
Text similarity carries most of this signal: text-only retrieval
(αimg=0) trails full retrieval by less than 1 pp on aggregate
(Table 2).

6. Conclusion
We formulated embodied-agent design as memory-
conditioned per-task module-graph synthesis: a joint search
over which modules to include, which concrete tool imple-
ments each, and how each tool’s inputs bind to environment

observations and upstream outputs. Solving this search by
full self-evolution is infeasible in embodied control, where
validating any candidate requires a multi-step rollout and
the credit signal arrives only at episode end. MOSAIC re-
tains the load-bearing slice of self-evolution and drops the
rest: the typed module catalog, the meta-agent, and the
model weights stay fixed, while a memory of past designs
and their outcomes evolves with deployment.On Embod-
iedBench Navigation, MOSAIC achieves 50.0% average
success across five capability subsets, showing that perfor-
mance gains come from both the module catalog and task-
specific module selection.

Limitations. We flag four limitations of the present
work. First, MOSAIC’s improvement loop is deliberately
narrow: only memory evolves online, while the catalog,
the meta-agent, and the model weights stay fixed. Sec-
ond, all validation is on the EmbodiedBench simulator fam-
ily (EB-Nav only); transfer to other domains or to physical
robots remains to be shown. Third, the race used at training
time costs N ·K rollouts per task — roughly 9× a single-
policy baseline at training time — though deployment cost
is matched. Finally, the per-task synthesis cost amortizes
over the episode horizon; for tasks much shorter than a typ-
ical episode, the once-per-task design call no longer dilutes
meaningfully and the benefit shrinks.

Outlook. Two natural extensions follow. First, online
catalog growth would let MOSAIC add new tools or mod-
ules in response to recurring failure modes, narrowing the
gap to fully self-evolving agents. Second, richer per-design
summaries — cross-design comparison statistics, factor ef-
fects across tasks, calibrated critic confidence — could fur-
ther sharpen the meta-agent’s proposals as the memory bank
grows.
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MOSAIC: The Right Modules for Each Task in Embodied Agents

Supplementary Material
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A. Module Catalog

Table 4 enumerates the 12-module catalog M used in our experiments (referenced from §4.3). For each module we list its
kind (deterministic helper or LLM-based), role and output type, and the variants from which the meta-agent may choose
when composing a per-task pipeline π = (M ′, τ, ρ).

Module Kind Role / output Variants

stm deterministic Projects the episode short-term memory into structured action, pose,
target, and seen-object state.

full / lean

blocker_state deterministic Summarizes recent failed or blocked motions, collisions, and repeated
action patterns.

–

stm_bearing deterministic Converts memory targets into bearing/recency features; optionally uses
geometry.

geometric / non-geometric

goal_object_proposer LLM Proposes likely target object types from the instruction; gives perception a
task-conditioned search list.

narrow / default / wide

object_detector deterministic Produces annotated object detections and a legend from instance
detections.

detector choice

depth_estimator deterministic Provides a depth image or depth description as an additional perceptual
channel.

estimator choice

visual_state_description LLM Describes the current scene from visual and structured inputs. prompt/tool choice
perception_reconciler LLM Reconciles visual state, blocker signals, and detector/depth evidence. prompt/tool choice
reflection LLM Explains what worked or failed in the recent interaction history. prompt/tool choice
reasoning LLM Produces high-level task reasoning and next-step strategy. prompt/tool choice
language_plan LLM Produces a natural-language action plan. prompt/tool choice
executable_plan LLM Terminal module; emits machine-readable action candidates. prompt/tool choice

Table 4. Concrete MOSAIC module catalog (referenced from §4.3). The meta-agent selects which modules run, which variants are active,
and which input channels each module receives; execution order is fixed by the catalog and dependency closure.

B. Pipeline Layout and Dependency Structure

Figure 4 lays out the same catalog by execution tier and shows the dependency DAG that constrains pipeline composition.
Tier 1 is deterministic helpers (no LLM call); Tiers 2 and 3 are LLM-based perception and reasoning/planning modules
respectively. Each box reports the module’s kind, available variants, output type, and the source classes for its required
parameters — environment observation, upstream module output, or design-time configuration. A per-task pipeline π =
(M ′, τ, ρ) selects which subset M ′ ⊆ M runs, which variant of each (τ ), and which input channels are wired (ρ), subject to
the DAG.
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Per-call inputs (shared, all from environment / config): rgb_image[E] action_list[E] task_goal[E]
system_prompt_role[C] json_warning[C] action_descriptions[C] module_examples[C] strategy_*[C]

action_budget[C] (LLM modules attach rgb_image as an image; deterministic helpers consume it as PNG.)

Tier 1 — deterministic helpers (no LLM call)

stm

kind: det
var: full / lean
out:
MemorySnapshot
srcs: [E] (history)

blocker_state

kind: det
var: —
out: BlockerState
srcs: [U] (stm)

stm_bearing

kind: det
var: geometry / no-
geom
out: Bearings
srcs: [U] (stm)

object_detector

kind: det
var: (detector)
out:
AnnotPNG+legend
srcs: [E] (rgb,obj_list)

depth_estimator

kind: det
var: (estimator)
out: DepthPNG+desc
srcs: [E] (rgb)

Tier 2 — LLM perception

goal_object_
proposer

kind: LLM
var: narrow / default /
wide
out: list[str]
srcs:
[E] (task) [C] (prompt)

visual_state_

description

kind: LLM
var: (prompt/tool)
out: str (scene desc.)
srcs:
[E] [U] (stm,gop,obj,dpt)

perception_

reconciler

kind: LLM
var: (prompt/tool)
out: str (reconciled)
srcs: [U] (blk, vsd)

Tier 3 — LLM reasoning & planning

reflection

kind: LLM
var: (prompt/tool)
out: str (lessons)
srcs:
[U] (stm,blk,sbg,vsd,prc)

reasoning

kind: LLM
var: (prompt/tool)
out: str (next plan)
srcs:
[U] (vsd,prc,gop,rfl)

language_plan

kind: LLM
var: (prompt/tool)
out: str (NL plan)
srcs: [U] (vsd,rsn,rfl) [C]

executable_plan*

kind: LLM*
var: (prompt/tool)
out: list[Action]
srcs: [U] (vsd,rsn,rfl,lpn)

Dependency DAG.
Edges show the consume-from relation Um for the configured pipeline; unlisted edges from per-call broadcast inputs are omitted.

obj_propose

vsd

recon

reflect

reason

lang_plan

exec_plan*

stm

blocker

bearing

detect

depth

Per-design choice: any subset M ′ ⊆ M that contains executable_plan and respects Um.

Figure 4. The 12-module catalog as an instance of the framework (§4.3). Modules are grouped by execution tier and by the im-
plementation kind of their tools: deterministic helpers (blue, no LLM call), LLM perception, and LLM reasoning & planning. Each
box names a module m with the tool(s) that may implement it: its output type Ym — the interface downstream modules bind against
(Def.2) — the tools the meta-agent may assign through τ(m) ∈ Tools(m) (boxes marked (prompt/tool) vary by prompt or back-
bone, i.e. by configuration Cfgt rather than by enumerated tools), the tool’s kind (Def.1), and the source classes of the tool’s required inputs
In(τ(m)): [E] environment channel, [U] output of an allowed-consume module m′ ∈ Um, [C] design-time configuration. A per-task pipeline
π = (M ′, τ, ρ) selects (a) which subset M ′ ⊆ M to enable, (b) a tool τ(m) for each, and (c) the wiring ρ binding every p ∈ In(τ(m)) to
an [E]/[U]/[C] source, subject to the dependency DAG. executable_plan is the only terminal module and is always enabled.
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C. Framework Extensibility

Figure 5 illustrates the two axes along which the design space of §3.2 can be extended without altering Problem 3.2. Panel
(a) grows |Tools(m)| for a single module: three drop-in implementations of m_VSD — a frozen-LLM call, a YOLO-plus-
template classical CV pipeline, and a fine-tuned vision-language scene-graph model — share the same output type, so only
the tool selector τ changes downstream. Panel (b) grows |M| itself: a new depth-synthesis module mDEPTH inserted
upstream of mVSD adds depth as a new valid source for every downstream module, with no change to existing module
signatures.

m_VSD

abstract: Env × Cfg → YVSD = str

Tools(mVSD) : TVSD = 3 drop-in alternatives

tYOLO+TPL

impl = CV+Code
PR : yolo_wts,
vocab, template

returns str

tLLM

impl = LLM
PR : system_prompt,
strategy, examples

returns str

tVLM−SG

impl = NN
PR : vlm_weights

returns str

τ∗(mVSD)

rest of chain
(downstream modules unchanged)

str

(a) Growing |Tools(m)|.
Three drop-in alterna-

tives share Ym = str;
only τ∗(mVSD) changes.

Env (rgb, task_goal, . . . )

m_Depth

m_VSD

m_Refl

m_Reas

m_LPlan

m_EPlan

rgb

depth
new Env source
for all m′≻mDEPTH

(b) Growing |M|.
mDEPTH extends Env
for all downstream m′:
src(depth) : Env →
Env ∪ {mDEPTH.out}.

Figure 5. Two axes of extension of the framework of §3.2. (a) Growing |Tools(m)|. Three alternative implementations of m_VSD
— a frozen-LLM call, a YOLO-plus-template classical CV pipeline, and a fine-tuned vision-language scene-graph model — all satisfy
YVSD = str and therefore slot into the downstream chain interchangeably; only τ∗(mVSD) changes under Problem 1. (b) Growing |M|.
A new depth-synthesis module mDEPTH consuming rgb from the environment is inserted upstream of mVSD. Its output becomes a new
valid source for the depth parameter of every downstream module — no downstream signature changes. Both (a) and (b) are expansions
of the search space of §3.2, not alterations to Problem 1.

D. Design Diversity Across Train and Test Splits

Figure 6 complements the with/without-memory comparison of Figure 3 (main paper, §5.4) with a train/test consistency
check. Both bars in this figure use MOSAIC with long-term memory enabled: blue bars report design diversity on the
training tasks (where memory is built by a single pass over the curriculum), and orange bars report the same metrics on held-
out test tasks (where memory is queried). Structural diversity is essentially identical across splits, indicating that MOSAIC’s
design profile does not depend on whether memory was accumulated on the encountered tasks or only retrieved for them;
the residual gap on parameter-aware counts reflects the larger pool of training-time exploration before memory consolidates.
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Figure 6. Train/test consistency of MOSAIC’s design diversity. Unique-design counts on the five EB-Nav subsets (Base, Common Sense,
Complex Instruction, Long Horizon, Visual Appearance), reported at the two granularities used in the main paper (Fig. 3): left – parameter-
aware (M ′, τ, ρ) counts unique full configurations; right – structural (M ′, τ) counts unique (modules, tool-choice) shapes with parameter
bindings stripped. Blue bars report MOSAIC on the training tasks; orange bars report MOSAIC on the held-out test tasks. Both are
MOSAIC with long-term memory enabled. Error bars are one standard deviation across n = 3 replicates.

E. Depth Augmentation Does Not Replace Per-Task Selection
Table 5 probes whether explicit depth information can substitute for MOSAIC’s per-task selection. Two fixed-pipeline
configurations are added as references: Depth Estimation enables an estimated-depth channel, and GT Depth substitutes the
simulator’s ground-truth depth. Both are evaluated against MOSAIC, which decides per task whether to include a depth-
bearing module. Even GT Depth, which removes all estimation error, lands 3.67 pp below MOSAIC on aggregate; the
estimated-depth variant lands 6 pp below. Two takeaways follow: (i) higher-fidelity depth alone does not close the gap to
MOSAIC— the gain is not driven by a missing perceptual channel that can be patched by giving more information; (ii) on
Long Horizon specifically, both depth variants underperform MOSAIC, consistent with §5.4’s finding that the dominant lever
on long episodes is parameter binding stability rather than additional perceptual input.

Configuration Avg Base Common Complex Visual Long

Estimation Depth 44.00 56.67 31.67 41.67 46.67 43.33
GT Depth 46.33 50.00 46.67 50.00 43.34 41.67
MOSAIC (ours) 50.00 ± 1.33 60.00 ± 8.82 46.67 ± 0.00 45.56 ± 10.18 51.11 ± 5.09 46.67 ± 3.33

Table 5. Depth-augmentation ablation on EB-Nav (test split). Per-subset success rate and Avg across the five EB-Nav subsets (Base,
Common Sense, Complex Instruction, Visual Appearance, Long Horizon). Depth Estimation enables an estimated-depth channel; GT
Depth substitutes ground-truth depth from the simulator. Due to time-constraints, we only report an average over two runs for GT and
estimation depth. The Avg column is the mean across runs and subsets. MOSAIC (ours) uses per-task module selection and reports mean
± standard deviation over n = 3 replicates. Executor is Qwen3-VL-8B for all rows; meta-agent (for MOSAIC) is Claude Sonnet 4.6.
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