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Abstract. Recent medical VLM and agent studies are often evalu-
ated on 2D images or short tool-calling tasks, while practical MRI
analysis requires long, interdependent workflows over 3D/4D volumet-
ric data. In such workflows, reactive tool-calling agents are vulnera-
ble to cascading failures caused by incorrect intermediate references,
incompatible tool arguments, and weak control over cross-step depen-
dencies. We present BCER (Brain—Cerebellum—Extremity—Reflector),
a controller architecture for reliable long-horizon MRI workflow exe-
cution. BCER separates high-level planning from execution and sup-
ports bounded local recovery. We evaluate BCER on a multi-organ MRI
benchmark spanning brain, prostate, and cardiac tasks with both short-
and long-chain workflows, under matched task contracts across con-
troller variants and multiple backbone models. Compared with reactive
baselines, BCER consistently improves end-to-end execution, with the
largest gains on long-chain workflows. BCER also supports auditabil-
ity by preserving explicit links between final outputs and intermedi-
ate artifacts and measurements. Code and benchmark are available at
https://github.com/Albertlongzi/BCER.

Keywords: Medical Agent - MRI - Tool orchestration - Auditability.

1 Introduction

Recent medical VLM and agent studies have shown promising progress in med-
ical image understanding and tool-augmented reasoning [19, 7,5, 24]. However,
many existing evaluations remain centered on relatively bounded settings, such
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as pre-selected image inputs, slice- or case-level interpretation [8, 13], visual ques-
tion answering [6,9], or short tool-use sequences [13]. In clinical practice, how-
ever, MRI analysis is often better framed as a multi-stage workflow than as a
one-hop question-answering task. It may begin upstream (including reconstruc-
tion in some settings), span multiple dependent steps, and require consistent
handling of intermediate outputs across tools.

This creates two practical requirements for deployable medical agents that re-
main underexplored: (i) reliable execution over intermediate artifacts and cross-
step dependencies, and (ii) auditability, i.e., linking final conclusions to interme-
diate evidence and measurements [14].

Many current tool-augmented baselines and agent frameworks adopt reac-
tive, interleaved planning-and-acting loops (e.g., ReAct-style prompting [25,17,
19]). While effective for flexible short-form interactions, these designs offer lim-
ited explicit control over intermediate artifact dependencies [22], which becomes
increasingly important in long MRI workflows [4].

In this work, we study an execution gap in long-horizon MRI agent workflows:
failures caused by incorrect intermediate-result references, incompatible tool ar-
guments, or broken step dependencies can accumulate and prevent task com-
pletion, even when individual tools are accurate. We therefore treat execution
reliability—including end-to-end completion and robust handling of execution
failures—as a first-class objective.

To address this, we propose BCER (Brain—Cerebellum-Extremity—
Reflector), a controller architecture for reliable long-horizon MRI workflow
execution that separates high-level planning from constrained execution and
bounded local recovery, enabling end-to-end workflows whose intermediate arti-
facts remain traceable for downstream review.

Our main contributions are three-fold:

— A workflow-oriented MRI agent setting for multi-organ research
pipelines. We formulate medical agents for multi-step MRI workflows be-
yond diagnosis QA, targeting research-oriented pipelines across organs and
tasks, including workflows that can start from raw data when available.

— BCER: plan—execution separation with bounded local recovery.
We propose the Brain—Cerebellum-Extremity—Reflector (BCER) architec-
ture, which separates goal-level planning from constrained execution and
supports localized repair-and-retry instead of full workflow restarts, improv-
ing robustness in long MRI tool chains while preserving traceable interme-
diate artifacts.

— A task-contract benchmark for short- and long-chain MRI work-
flows. We introduce a task-contract-based evaluation that measures both
task success and completion fidelity across controller variants and backbone
models.
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Fig. 1. BCER overview. The Brain generates a constrained plan sketch from the user
goal and available MRI inputs. The Cerebellum compiles the sketch into an executable
workflow graph and executes it under run-time constraints, dispatching tools from the
Extremity (MRI tool library) while recording intermediate artifacts and outcomes. The
Reflector performs bounded step- or sub-workflow repair when failures occur.

2 Method

2.1 Problem Setup

We consider an MRI agent task in which the system receives volumetric imaging
data V', accessible metadata M, and a natural-language user goal g:

I=(V,M,g). (1)

The goal is not only to produce a final answer, but to complete a multi-
step MRI workflow and return the required task deliverables (e.g., processed
volumes, masks, measurements, classifications, or a structured report), together
with execution records for traceability.

We define success by task-contract satisfaction: all required workflow steps
and outputs specified by the task are completed under the system’s execution
constraints. This formulation supports evaluation of both end-to-end task com-
pletion and step-level completion in tool chains.

2.2 BCER

Brain. The Brain generates a plan sketch from (V, M, g), describing intended
workflow steps and constraints, but not a directly executable workflow. This
separation of conceptual planning from low-level execution draws inspiration
from prior modular agent systems [23,16], but is adapted here to the require-
ments of MRI workflows. In particular, the Brain does not execute tools, does
not directly manipulate file paths, and may leave some executable fields to be
completed downstream.

Extremity. The Extremity is BCER’s executable tool layer. It provides stan-
dardized MRI-facing tools for data I/O, preprocessing, analysis, quantification,
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and reporting, with uniform argument schemas, typed outputs, and normal-
ized error codes for runtime dispatch and recovery. The library includes both
wrapped conventional operators (e.g., reconstruction, denoising, registration)
and integrated task-specific modules drawn from established MRI subproblems
(e.g., segmentation, detection, and correction) [1, 15,10, 26, 12], as well as work-
flow utilities for intermediate-state resolution (such as ED/ES frame selection)
and evidence-backed decision tools that combine measurements with explicit
rules/skills for downstream classification and report generation.

Cerebellum. The Cerebellum is the runtime controller that converts the
Brain’s high-level plan sketch into an executable workflow. The sketch is not ex-
ecuted directly because it may be partially specified and may omit dispatch-level
details. Instead, the Cerebellum validates the proposed steps against task-level
interface and dependency constraints, resolves only dispatch-required defaults or
unambiguous links, and produces a runnable workflow graph. In this sense, com-
pilation does not copy a fixed task template; rather, it turns a partially specified
plan into an executable form with explicit dependencies and bounded execution
semantics.

Before each tool call, the Cerebellum resolves references to inputs and inter-
mediate results via symbolic tokens: @seq.*, @node.<id>.<field>, @case.*,
and @runtime.*. It binds these tokens to concrete values/paths within the
current case run so tools consume actual artifacts rather than LLM-generated
strings. Drawing inspiration from artifact-passing mechanisms in modular tool-
use agents [16], this explicit symbolic binding creates a more robust dataflow
interface for large medical artifacts. This binding is a key distinction from di-
rect ReAct-style tool calling and is isolated empirically through the ReAct+ Bind
controller variant.

The Cerebellum executes nodes when prerequisites are satisfied, updates per-
case state and an event trace with status/outputs/errors, and enforces run-time
constraints (e.g., case-level scope/sandbox boundaries). Thus, failures surface
as explicit node failures with traceable context rather than silently corrupting
downstream steps.

Reflector. The Reflector handles failures of required nodes at runtime via
bounded local repair. Prior reflection-style mechanisms in LLM agents often oper-
ate at the level of full-turn or broad response revision [18, 11], which becomes in-
creasingly expensive in long MRI workflows. Instead of restarting the workflow, it
inspects the failed node, its arguments, the error message, and available artifacts,
then proposes a minimal retry patch (e.g., fixing a token reference, removing an
invalid override, or applying a safe argument adjustment). The Cerebellum then
retries only the failed node (or a small affected sub-workflow) under the same
run-time constraints while preserving successful upstream results. Repair follows
a two-stage strategy: deterministic fixes are attempted first; a constrained LLM-
based repair is invoked only if needed. This improves robustness in long tool
chains while keeping recovery localized and auditable.

BCER is a domain-structured integration of planning, compilation, con-
strained execution, and local recovery for MRI workflows, rather than a claim
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Fig. 2. BCER end-to-end cardiac workflow walkthrough. From top to bottom,
the figure illustrates four linked layers of execution. Top: a plan sketch generated from
the user goal, shown here as a multi-step cardiac pipeline from sequence identifica-
tion and reconstruction to segmentation, feature extraction, phenotype classification,
and report synthesis. Second row: symbolic artifact binding, where abstract refer-
ences (e.g., @case.input, @node.*) are resolved to concrete runtime outputs. Third
row: execution outputs produced by the tool chain, including reconstructed cine MRI,
segmentation overlays, quantitative measurements, and the report snippet. Bottom:
evidence-backed traceability, where final conclusions remain linked to intermediate ar-
tifacts, measurements, and rule traces for downstream review.

that each component is independently novel. Unlike open-ended symbolic plan-
ning or directly executable LLM plans, the Brain produces a constrained sketch
that the Cerebellum compiles into a typed, case-scoped workflow graph with
dependency resolution and symbolic artifact binding. Figure 2 provides an end-
to-end cardiac walkthrough, illustrating how BCER transforms a user goal into a
compiled multi-step workflow with staged execution outputs and evidence-linked
reporting.

3 Experiments and Results

3.1 Benchmark Setup

We use four public MRI datasets spanning brain, prostate, and cardiac domains:
BraT$S 2018 [2], fastMRI Prostate [20], ACDC [3], and CMRxRecon [21]. The
benchmark contains 8 tasks covering denoising, super-resolution, segmentation,
reconstruction, registration, grading/classification, and end-to-end report gener-
ation (Table 1). Each run is defined by a task contract specifying the input case,
goal, allowed tool subset, and required outputs (gold deliverables). The same
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Table 1. Benchmark task suite overview. Tasks are defined by task contracts and span
both short-chain (S) and long-chain (L) MRI workflows across brain, prostate, and
cardiac domains. The table summarizes the input type, organ domain, task-specific
case count, and required gold output for each task.

Task Chain Input Organ Cases Gold Output
Denoise S NIfTT brain 200 denoised volume
prostate
SuperRes S NIfTT multi-organ 310  super-resolved volume
DICOM .
Segment S NIFTI brain 100  organ mask
Recon S k-space cardiac 10  reconstructed image volume
. DICOM .
Register S NIFTT prostate 100  aligned volume
BrainGrade L NIfTI brain 100  grade/class label
ProstateRpt L DICOM prostate 100  structured report
. k-space .
CardiacRpt L DICOM cardiac 110  structured report
Total - - - 1030 -

contracts are used across controller arms, yielding matched action spaces and
success criteria.

We group tasks into short-chain (single- or few-step imaging operations) and
long-chain (multi-stage analysis and reporting workflows), and use this split
throughout the results. We evaluate four controller variants in end-to-end exe-
cution: ReAct, ReAct+Bind, ReAct+Bind+Ref, and BCER. These vari-
ants are structured as a progressive ablation ladder: starting from direct reactive
tool calling, then adding symbolic artifact binding, then local repair, and finally
BCER’s full plan—execution control stack. This setup enables both comparison
against a standard reactive baseline and attribution of the gains from each added
controller component. We first compare these controllers on the benchmark tasks
under normal execution conditions, and then examine whether the same trends
hold across multiple backbone models.

For metrics, we report Success Rate (SR) and Task Completion Rate
(TCR) against fixed task contracts specifying inputs, goals, allowed tools, re-
quired milestones, and deliverables. SR is binary per case: all required milestones
and deliverables must be produced and validated. TCR is the fraction of reference
contract milestones validated, rather than attempted or generated steps; arbi-
trary files or free-form answers do not count. These metrics measure controller-
level execution reliability, not clinical diagnostic accuracy or standalone tool
performance.

3.2 End-to-end controller comparison

Table 2 compares task-level SR/TCR for four controller variants using Qwen3-
VL-30B-A3B-Thinking as the backbone. The main trend is not only that per-
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Table 2. Task-level success rate (SR, %) / task completion rate (TCR, %) for end-to-
end controller comparison under normal execution. Tasks are grouped into short-chain
and long-chain workflows.

Task ReAct ReAct+Bind ReAct+Bind+Ref BCER
Short-chain tasks

Denoise 95/95 98/98 100,/100 100/100
Super-resolution 75/75 90/90 95/95 100/100
Segmentation 89/91 98/99 100/100 100/100
Reconstruction 100,/100 100,/100 100/100 100/100
Registration 69/77 100/100 100/100 100/100
Long-chain tasks

Brain grading 70,82 100,100 100,100 100,100
Prostate report 0/46 0/72 0/72 99/99
Cardiac report 0/22 63/66 88/89 93/93
Total 65,74 83,90 87/95 99/99

formance improves from ReAct to BCER, but that the dominant failure mode
shifts at each stage of the controller stack.

In ReAct, failures are dominated by unstable step execution, including pa-
rameter /schema mismatches and path or input-selection errors. On long-chain
tasks, the issue is often not a single missing step, but that one unstable tool call
breaks downstream dependencies and causes the entire workflow to collapse.

Adding binding (ReAct+Bind) substantially reduces low-level intermediate-
reference and path-resolution errors, which explains the large gain in overall
SR/TCR (from 65/74 to 83/90). However, many remaining failures are no
longer simple reference-grounding mistakes; instead, they arise from workflow-
level omissions, such as missing a required tool step or producing an incomplete
processing chain.

Adding the Reflector (ReAct+Bind+Ref) further suppresses low-level exe-
cution errors through local repair, and improves overall performance to 87/95.
However, it still does not fully resolve failures caused by incomplete workflow
structure. In our error review, these remaining cases are dominated by missing
or insufficiently specified steps, together with occasional task-contract misses
(e.g., incomplete completion of required resampling in a small number of short
super-resolution cases).

By contrast, BCER removes most of these structural failure modes earlier, at
the planning-and-compilation stage. Compared with ReAct+ Bind+Ref, BCER
generates more complete workflow graphs and more consistent step dependen-
cies, so failures are less likely to arise from hallucinated parameters, invalid
paths, or omitted nodes. As a result, the remaining errors are concentrated near
the robustness limits of a small number of tools or task contracts, rather than
cascading controller failures. This difference is most visible on long-chain report-
ing tasks: while ReAct fails almost completely on ProstateRpt and CardiacRpt
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Fig. 3. Bars report SR (solid) and TCR (hatched) for ReAct, ReAct+Bind, Re-
Act+Bind+Ref, and BCER, aggregated over short-chain tasks (Denoise, SuperRes,
Recon, Register) and long-chain tasks (BrainGrade, ProstateRpt, CardiacRpt).

(0/46 and 0/22), BCER reaches 99/99 and 93/93, indicating that compiled
execution improves not only reference grounding, but overall workflow integrity.

3.3 Across Backbone Models

Figure 3 extends the controller comparison across multiple LLM backbones. On
short-chain tasks, all backbones perform relatively well and the gap between
methods is modest. On long-chain tasks, however, the gap widens substantially:
plain ReAct degrades across all three backbones, and stronger base models only
partially mitigate this drop. In contrast, adding Bind and then Reflector yields
consistent gains for every backbone, indicating that the main bottleneck is not
only model capacity, but also execution control over intermediate artifacts and
workflow dependencies. Across all evaluated backbones, BCER remains the most
stable variant and achieves near-saturated performance on long chains, showing
that the benefits of compiled execution generalize beyond any single base model.

4 Conclusion

We presented BCER, a workflow controller architecture for long, multi-step
MRI analysis that combines plan—execution separation, symbolic artifact bind-
ing, and bounded local recovery. Across a multi-organ MRI benchmark with
short- and long-chain tasks, BCER consistently outperformed reactive tool-
calling baselines, with the largest gains on long-chain workflows.
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This work focuses on controller capability rather than the upper-bound per-
formance of individual tools or backbone models. Under matched task contracts
and tool availability, BCER improves executability by imposing stronger ex-
ecution structure, at the cost of reduced flexibility. This is not a prospective
clinical validation study and does not claim to replace expert-generated reports
or clinician judgment; expert knowledge enters through task definitions, public
benchmark annotations when available, predefined deliverables, and rule/tool in-
terfaces. Its current design also assumes a curated tool library with explicit inter-
faces, rather than open-ended tool discovery. Future work will explore safer tool
expansion, clinician-in-the-loop validation, and broader evaluation in prospective
clinical research workflows.

BCER is a practical step toward more reliable, evidence-linked medical imag-
ing agents: it improves end-to-end workflow robustness while preserving trace-
ability from final outputs to intermediate artifacts and measurements, which
is important for reproducibility, auditability, and eventual translational use in
MRI-centered clinical research.
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