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Extended Abstract

Pretrained vision-language-action (VLA) models promise generalist robot control, but their fine-
tuning recipe—LoRA adapters over a frozen backbone trained with a flow-matching or diffusion
loss—have been studied primarily for single-arm and bimanual manipulation. Cooperative multi-
agent manipulation introduces new challenges: a larger joint action space, long-horizon contact-rich
coordination under sparse rewards, and partial observability for each agent. We ask whether, and how,
a single-arm-pretrained VLA transfers to this regime. Using 7y on Robomimic’s TwoArmTransport,
we run a controlled comparison of six architectures—spanning per-arm imitation, centralized and
decentralized residual reinforcement learning (RL), and direct partner-action sharing—each evaluated
identically at n=100 closed-loop episodes over four random seeds.

Four results define the design space. Architecture: decentralized residual RL reaches 38.2% success
rate with no inter-agent communication, beating per-arm imitation (30%), the centralized residual
policy (27.5%), and even the joint imitation ceiling (32%); when the backbone is single-arm-native,
decentralization with implicit coordination wins. Communication: a 16-dimensional supervised
message matches a 70-dimensional oracle that forwards the partner’s complete action chunk (41.2%
vs. 41.0%), so the cooperatively useful information on this task compresses to low bandwidth—
and a linear probe confirms the learned channel genuinely encodes partner phase, gripper state,
readiness, and pose. Deployment: three inference-time interventions (chunk-length tuning, mean-of-
N sampling, +20 action clipping) add 12.25 points (25.25% — 37.5%) with no retraining—more
than the 8.2-point gain from the residual-RL training itself. Limit: a single-trajectory overfit isolates
LoRA adapter capacity—not data scale, normalization, or generalization—as the ceiling: the action
head reproduces demonstrations at > 0.99 yet emits rare ~2.0-magnitude gripper-transition outliers
that cascade in open-loop execution, identically at 1 and 200 demonstrations.

Two methodological observations arise from this study: (1) closed-loop success is non-monotonic
in training step—it peaks near 30k steps while training loss keeps falling—so checkpoints must
be selected by simulated success rather than loss. And (2) single-trajectory overfitting is a cheap,
general diagnostic for locating VLA fine-tuning limits. Together these findings map cooperative
VLA fine-tuning along three axes—centralization, communication, and inference—identify where
each contributes measurable benefit, and yield a deployment recipe that transfers to any cooperative
system built on the same backbone family.



1 Introduction

Vision-language-action (VLA) models trained on broad robot demonstration corpora have become
a promising foundation for generalist robot control. Systems such as 7 [Black et al., 2024],
OpenVLA [Kim et al.,2024], and RT-2 [Brohan et al.| 2023al]] show that a single pretrained policy
can be adapted to many manipulation tasks through lightweight fine-tuning, transferring in ways task-
specialized policies cannot. The dominant recipe—LoRA adapters on a frozen backbone, trained with
a flow-matching or diffusion loss on expert demonstrations—has been characterized for single-arm
manipulation on benchmarks like LIBERO [Liu et al.| 2023]].

Cooperative bimanual manipulation is a different problem. Two agents must coordinate contact-
rich actions over long horizons under sparse reward, often from partial observations of the joint
workspace. Whether pretrained VLAs transfer here is poorly understood, and the standard recipe
rests on assumptions that may not hold: that LoRA capacity tuned for one arm suffices when the
action space doubles; that open-loop chunk execution is compatible with multi-agent timing; and that
the cooperative communication structure emphasized by the multi-agent RL literature can live inside
a frozen-backbone architecture.

We probe these assumptions empirically on the TwoArmTransport benchmark, organizing the study
around three questions. (i) Architecture: does a centralized policy controlling both arms beat a
decentralized pair, and by how much? (ii) Communication: for decentralized agents, what does an
explicit inter-agent channel buy, and what is the minimum information sufficient for coordination?
(iii) Deployment: which inference-time interventions raise closed-loop success without changing
training? To answer them we compare six architectures that share one pretraining backbone and
span the space from per-arm imitation, through centralized and decentralized residual RL, to direct
partner-action sharing, all evaluated under a uniform inference recipe at n=100 closed-loop episodes
and four seeds per trained method.

Our contributions are: (1) a controlled architectural comparison showing that, with a single-arm-native
backbone, decentralized residual RL with implicit coordination matches or beats centralized policies;
(2) a matched-pair communication analysis establishing that the cooperative information content of
TwoArmTransport compresses to a 16-dimensional channel without loss against a 70-dimensional
oracle; (3) an inference recipe that contributes more closed-loop performance than the residual-RL
training itself; and (4) a single-trajectory overfit diagnostic that isolates LoRA adapter capacity as the
recipe-level performance ceiling.

2 Related Work

Pretrained vision-language-action models. VLAs pair large vision-language backbones with
action heads to map instructions, images, and proprioception to continuous commands. RT-1 [Brohan
et al., [2023b] and RT-2 [Brohan et al., 2023a]] established that scaling data and model size yields
generalist manipulation policies; OpenVLA [Kim et al.,[2024]], Octo [Octo Model Team et al.| [2024]],
and 7 [Black et al., 2024] explore the design space. Two axes matter for us: the action head—
discretized tokens (RT-2, OpenVLA) versus continuous diffusion/flow-matching heads (Octo, 7p) that
better capture multimodal behavior—and the pretraining corpus, which is dominated by single-arm
data such as Open X-Embodiment [[Open X-Embodiment Collaboration} [2024f]. The now-standard
LoRA [Hu et al.| 2022] fine-tuning recipe has been characterized on single-arm LIBERO but not on
the cooperative bimanual setting, where neither the doubled action space nor inter-agent coordination
was in scope. We extend that characterization directly.

Cooperative and bimanual manipulation. Beyond classical force-position and optimization-based
controllers, low-cost bimanual hardware (ALOHA [Zhao et al .l 2023]], Mobile ALOHA [Fu et al.,
2024]]) has enabled large-scale teleoperation data and diffusion-based imitation [Chi et al.,|2023]].
The Robomimic suite [Mandlekar et al., 2021]], source of our TwoArmTransport task, provides
standardized cooperative environments and reproducible baselines. Most learning-based bimanual
work uses centralized policies, which simplify coordination but double the action space and must
learn cross-arm coordination from scratch. Decentralized alternatives, especially atop a pretrained
generalist VLA, are far less studied; we contribute one—two per-arm policies trained cooperatively
via residual RL on a single-arm-pretrained backbone.



Multi-agent RL with communication. The CTDE paradigm—MAPPO [Yu et al) [2022],
QMIX [Rashid et al}[2018], COMA [Foerster et all, 2018]], value decomposition [Sunehag et al.
2018]—and learned inter-agent communication channels [Foerster et al., 2016} [Sukhbaatar et al.
2016| are well studied, but largely in grid-world, particle, or symbolic settings where the channel is
load-bearing by construction. Empirical characterization of learned channels in continuous-control
cooperative manipulation is sparse, and rigorous intervention probes (testing whether a trained
channel is actually useful versus merely expected by the actor) are rarely reported. We supply such
probes—zero, random, shuffled, oracle, and matched-compression replacements—and identify when
explicit communication confers measurable benefit.

Residual RL with strong priors. Residual RL refines a strong prior with a small additive policy.
We compose three modern tools on top of a frozen VLA prior: implicit Q-learning (IQL)
[2022], which trains the value via expectile regression and avoids actor-bootstrapped () inflation;
advantage-weighted regression (AWR) [Peng et all, [2019], a stable off-policy actor update; and
RLPD 2023]), which mixes offline demos with online rollouts at a fixed ratio for sparse-
reward stability. Relative to the demonstration-only priors of prior residual-RL work, our prior (a
fine-tuned VLA) is substantially stronger, and we show the inference recipe matters at least as much
as the training recipe for deployment.

3 Method

3.1 Task and environment

TwoArmTransport task progression

Agent 0 observations Agent 1 observations
Wrist camera, 224x224 Wrist camera, 224x224
Own joint pos and vel Own joint pos and vel
No partner state, no agentview No partner state, no agentview

Sparse reward - horizon 500 - contact-rich handoff required

Figure 1: Robomime’s cooperative bimanual manipulation task setup, with phases of the task (top)
and information available to each manipulator (bottom).

TwoArmTransport (Robomimic [Mandlekar et al., 2021]], in Robosuite/MuJoCo 2020,
Todorov et al.}[2012]]) places two 7-DoF Franka Panda arms at opposite ends of a workspace. The

left arm must grasp a payload, hand it off mid-air to the right arm, which then places it in a target
bin. Each arm controls a 6-DoF end-effector pose plus a binary gripper via operational-space control.
Episodes run 500 steps; reward is sparse (success only when the payload reaches the bin with both
grippers released), though we add a shaped potential during RL training to ease exploration. Critically,
at evaluation each agent sees only its own wrist camera (224 x 224 RGB) and proprioception—no
partner observation, agentview camera, or privileged state. This defines the decentralized regime for
all methods. Training uses the same 200 expert demonstrations (Transport-PH split) throughout, so
cross-method differences reflect architecture and procedure, not data quantity.




3.2 Phase 1: VLA imitation pretraining

We fine-tune 7 [Black et al.,|2024]—PaliGemma 3B [Beyer et al.,[2024] with a flow-matching action
head—in two variants. The per-arm variant predicts 7-DoF chunks for a single arm from that arm’s
wrist camera, the agentview camera, its proprioception, and the prompt; queried independently per
arm, it turns the 200 cooperative demos into 400 single-arm trajectories and anchors our decentralized
experiments. The joint variant predicts 14-DoF chunks for both arms from the full bimanual
observation, serving as the centralized-imitation baseline. Both use the openpi my-LIBERO LoRA
recipe (rank 16 on PaliGemma, rank 32 on the action expert) with default optimizer and augmentation,
trained 40k steps at batch size 64.

A key methodological finding emerged here: closed-loop success is non-monotonic in training step.
The joint VLA scored 2%, 17%, 32%, 23% at 10k/20k/30k/40k steps—peaking at 30k and then
degrading—while training loss fell throughout. We therefore select the 30k checkpoint for both
variants by simulated success, not loss.

3.3 Phase 2: cooperative residual RL

Each frozen VLA is wrapped with a learned residual policy that emits small additive corrections to
the predicted chunk, trained by off-policy RL against the sparse reward with the VLA as prior. Agents
share architecture but not weights. At each chunk boundary, agent ¢ runs (a) frozen mg inference
producing a length-C' chunk (C=10 in training) and prefix embeddings; (b) an RL foken encoder, a
light Transformer mapping prefix embeddings and proprioception to a 2048-D latent z,; and (c) a
communication head, an MLP producing a 16-D stochastic Gaussian message m; transmitted to the
partner. The residual actor consumes zy, proprioception, the VLA reference, and the partner message
m; (via FILM modulation [Perez et al., 2018]), and outputs a chunk-shaped delta. The executed
action 18

a; = clip(ref; + s - tanh(Aa;), —1, +1), e))

where s is a learned residual scaling factor whose effective magnitude is bounded by a maximum
residual radius of 0.10. It is initialized at approximately half of this maximum, yielding an initial
effective radius of ~ 0.05 and keeping the day-zero policy close to the pretrained VLA.

Objective. We use an IQL value/critic with an AWR actor, which we found avoids the Q-inflation
of SAC/TD3-style targets [Haarnoja et al., 2018, |Fujimoto et al.,|2018]] when residual actions stray
into extrapolated regions. The value is trained by expectile regression against an actor-free target;
the twin critic against a SmoothL.1 TD target using V' (s); and the actor by advantage-weighted
regression:

Ly = Elexpectile (Qure(s,a) — V(s))], 7 =0.6, (2)
Lg = SmoothL1(Q(s,a) — [r + vV (s")]), 3)
L = E[min(exp(8A),100) - [|7(s) — aHQ] s A= Que —V, =3.0. @

Targets use Polyak averaging (7=0.005); gradients are clipped at 1.0 (critic/value) and 5.0 (actor);
LayerNorm on the Q/V trunks bounds () magnitude and prevents divergence. Following RLPD [Ball
et al., [2023]], each batch of 256 is 50/50 demo/online (demo buffer ~210k transitions; FIFO online
buffer 10k); this mix was essential—pure-online drifts, pure-demo ignores feedback. We train 3,000
chunks per seed (/=2 GPU-hours), four seeds per method.

3.4 The six architectures

* B1 — Per-arm VLA: frozen per-arm 7 run independently per arm, open-loop, no residual
or communication. The floor.

* B2 - Joint VLA: frozen joint 7y run centrally with full bimanual observation, no RL. The
centralized-imitation baseline.

* V3 - Centralized residual RL: one 14-DoF residual actor over the joint reference, condi-
tioned on both agents’ state. Centralized by construction, no message. (£0.05 and +0.20
residual radii were indistinguishable, so scale is not the binding constraint.)



* V4 — Per-arm residual RL, no message: two independent 7-DoF residual actors; the
communication path is replaced by identity. Isolates cooperative residual RL with implicit
coordination only.

* V5 — Per-arm residual RL, supervised 16-D message: V4 plus a learned 16-D channel,
supervised through a decoder to the sender’s phase (5-way), gripper (binary), readiness
(binary), and 6-DoF pose (Agp=0.1; a low-weight VIB term KL (m; || (0, I)) [Alemi et al.,

2017]] at 10~* prevents collapse).

* V6 - Per-arm residual RL, oracle 70-D action passing: V4 plus the partner’s raw per-arm
reference chunk (7 dims x 10 steps) fed directly via FiLM, with no compression. The upper
bound on direct partner-action information.

V5 and V6 are a matched pair isolating compression: both expose partner behavior, through a learned
16-D bottleneck versus 70-D raw access.

3.5 Inference-time recipe

We identify three deployment-time interventions that improve closed-loop success without modifying
training.

Chunk-length tuning. Although 7 is trained with action chunks of length 50, shorter chunks
permit more frequent replanning at deployment. Evaluating chunk lengths {10, 25,50}, we
find that the joint VLA performs best at 25: chunk 10 under-utilizes the model’s planning
horizon, whereas chunk 50 effectively abandons feedback. In contrast, the per-arm VLA
prefers chunk lengths near 10, likely due to improved timing during object handoff.

Mean-of- N sampling. The flow-matching action head is stochastic, exhibiting per-dimension vari-
ability of approximately o(dz) ~ 0.029 across N = 20 samples. Averaging N = 4
independently sampled action sequences reduces prediction noise and improves the per-arm
VLA by approximately 5 percentage points. For the joint VLA, however, averaging slightly
degrades performance: averaging coordinated 14-dimensional trajectories tends to blur
distinct action modes, whereas averaging independent 7-dimensional trajectories primarily
acts as denoising.

Per-dimension clipping. Teacher-forced analysis reveals that both VLAs closely match demon-
stration actions (r ~ 0.98) yet occasionally emit large-magnitude outliers (1.8-2.1x the
nominal range), particularly in shoulder and gripper dimensions. These rare events can
compound during open-loop execution. Clipping actions to +2¢ of the demonstration
distribution activates on roughly 10-17% of outlier-prone timesteps and suppresses these
failure modes.

The final inference recipe—consisting of the per-arm 30k checkpoint, chunk length 10, mean-of- N
sampling with N = 4, and 420 clipping—is applied uniformly across all methods.

4 Experiments and Results

Setup. All methods train on the same 200 demos and share the evaluation harness. Each trained
method runs four seeds; deterministic baselines run once. Every (method, seed) pair is scored on
n=100 closed-loop episodes at its best checkpoint, from fixed reset seeds 1-100. We report success
rate with the Wilson 95% CI and the 4-seed mean =+ standard error, all under the recipe of Section

Decentralized residual RL beats both imitation baselines and the centralized policy. V4
reaches 38.2% (£1.3%, per-seed range 36-42%), +8.2 pp over the per-arm VLA and +6.2 pp over
the joint VLA—all without any communication, with agents coordinating implicitly through the
shared payload state both wrist cameras observe. Centralized residual RL (V3, 27.5%) is worse
than decentralized V4 and even worse than the un-tuned joint VLA (B2, 32%): a 14-DoF residual
head has more parameters and a larger action space to coordinate than two 7-DoF heads that inherit
per-arm inductive bias from the prior. Against the MARL expectation that centralization dominates,
we observe no centralization advantage—only a penalty—at this data scale.



Data pipeline
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Figure 2: Training procedure (left) and per-agent inference pipeline (right).

Table 1: Closed-loop success on TwoArmTransport, n=100 per seed under the full inference recipe.
Bold marks the decentralized residual-RL variants. The BC reference is the Robomimic-published
number on the same 200 demos.

Method Success Std err/95% CI  Seeds
B1 Per-arm VLA 30.0% [21.9, 39.6] —
B2 Joint VLA 32.0% [23.7, 41.7] —
V3 Centralized residual RL 27.5% +0.9% 4
V4 Per-arm residual RL, no message 38.2% +1.3% 4
V5 Per-arm RL, supervised 16-D msg  41.2% +1.5% 4
V6 Per-arm RL, oracle 70-D passing 41.0% +1.7% 4
Simple BC (task-specialized reference)  62.0% (reported) —

A 16-D supervised channel equals a 70-D oracle. V5 (41.2% + 1.5%) and V6 (41.0% £ 1.7%)
are statistically indistinguishable, so the 54 extra dimensions of raw action detail in V6 add no
behavioral coordination: the cooperative information content of TwoArmTransport, at the per-step
level, is bounded by what 16 supervised dimensions carry. A linear probe confirms the channel is
real, recovering phase at 67% (chance 20%), gripper at 100% (50%), readiness at 71% (50%), and
pose at R2=0.27. Both channels beat no-message V4 by ~3 pp—consistent in direction across seeds
(p < 0.1 paired) though with overlapping per-seed Cls—reflecting a modest residual value of partner
state for handoff coordination beyond the implicit shared-payload signal.

Inference recipe delivers more than residual-RL training. Ablating the recipe on V4 (Table2),
mean-of-N sampling is the single largest contributor; the cumulative recipe lifts success 25.25% —
37.5% (4+12.25 pp). This exceeds the 8.2 pp that residual-RL training itself contributes at matched
inference. Because the recipe acts only on the per-arm 7 reference, we expect it to transfer to other
cooperative setups on the same backbone family—and practitioners should tune inference before
scaling training machinery.

The ceiling is LoRA capacity, not data. To explain the gap to the BC reference (62%), we overfit
the joint VLA to a single demonstration for Sk steps. Teacher-forced, it reproduced that trajectory at
r=0.993 with mean absolute error 0.017—but a maximum absolute error of 2.03 in one dimension
(the a; gripper), and closed-loop execution from the exact initial condition succeeded only 1/10
times. The same dimension’s error in the 200-demo fine-tune is 2.06, essentially identical. Because
the catastrophic outlier signature is invariant to data scale, the failure is not data-, generalization-,
or normalization-limited: it is a capacity limit of the LoRA recipe (rank-32 action expert, default
flow-matching loss) for sparse, high-magnitude, discrete-like transitions under open-loop chunk



Table 2: Inference-recipe ablation on V4 (per-arm residual RL, no message). Marginal lifts are not
additive—the interventions interact.

Configuration Success A cumulative A marginal
Baseline (chunk 10, N=1,noclip) 25.25% — —

+ mean-of-N=4 sampling 32.0% +6.75 pp +6.75 pp
+ per-dim £20 clipping 35.5% +10.25 pp +3.5 pp
+ chunk 25 (where applicable) 37.5% +12.25 pp +2.0 pp

execution. Larger LoRA ranks, classifier heads on discrete dimensions, and single-step closed-loop
execution would each relax this constraint—natural next steps we did not explore here.

5 Discussion

The communication results characterize a property of the task: TwoArmTransport admits a strong
implicit-coordination strategy through the shared payload visible to both wrist cameras, leaving
only a low-bandwidth, ~3-pp residual for explicit messages—which a 16-D supervised channel
captures fully. We would expect the balance to shift toward higher communication value under private
information asymmetries or occluded partner state, a clean direction for follow-up.

The centralization results invert the usual MARL intuition, and we attribute this to the backbone:
a single-arm-native prior transfers cleanly to two per-arm heads but forces a joint policy to learn
bimanual coordination from scratch within 200 demos, where it also incurs correlated cross-arm
outliers from the shared LoRA ceiling. The practical heuristic is that with a single-arm-native VLA,
decentralized residual RL with implicit or low-bandwidth coordination is competitive with—and here
superior to—centralized policies at small data scale.

Finally, two transferable lessons stand somewhat apart from the headline numbers. Training loss
is a poor selector for closed-loop deployment (success peaked at 30k and degraded while loss fell),
so simulated-success checkpointing is worth its compute. And single-trajectory overfitting—5k
steps on one demo—is a cheap, general probe that cleanly separates a recipe ceiling from data and
generalization effects, and we recommend it as a standard diagnostic for VLA fine-tuning.

6 Conclusion

We mapped cooperative VLA fine-tuning along three axes on TwoArmTransport. With a single-arm-
native 7y backbone, decentralized residual RL with implicit coordination (38.2%) outperforms both
centralized imitation and centralized residual RL; a 16-D supervised message matches a 70-D oracle,
bounding the task’s cooperative information content; an inference recipe contributes more than the
residual-RL training itself; and a single-trajectory overfit pins LoRA adapter capacity as the binding
limit rather than data, normalization, or generalization. Extending the study to tasks with genuine
information asymmetry, to other backbone families, and to higher-capacity adapters would directly
test the scope conditions of these findings.
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