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Abstract: Post-training with real-world experience is critical for reliable deploy-
ment of robot foundation models, but heterogeneous data from demonstrations,
human corrections, and autonomous rollouts are difficult to convert into stable
policy updates. We present PIVOT, an iterative real-world post-training system
built on Trust-Region Flow Matching Optimization (TRFO). TRFO provides a
unified reinforcement-learning objective for heterogeneous deployment experi-
ence, using signed advantages to attract high-value transitions and repel low-value
ones within a trust region while preserving the flow-matching training form. At
each iteration, we first collect on-robot data using the current policy, estimate
transition-level values via distributional TD learning, and then apply TRFO to
update the policy. The updated policy is subsequently redeployed on the robot
to gather the next round of experience, forming an iterative post-training proce-
dure. On a suite of precise, contact-rich bimanual manipulation tasks, PIVOT
yields consistent, monotonic gains over successive iterations, substantially im-
proving success rates and throughput across all evaluated tasks. Project page:
https://linshey.com/pivot/.
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Figure 1: PIVOT iteratively improves embodied foundation models from real-world
deployment experience. Starting from a pretrained foundation model, we deploy the policy to
collect autonomous rollouts and human corrections, train a distributional value expert on the
resulting data, and optimize the policy with Trust-Region Flow Matching Optimization (TRFO).
Repeating this loop progressively improves manipulation performance across diverse contact-rich

bimanual tasks.
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Figure 2: Bimanual Manipulation Tasks. Step-by-step keyframes of the four bimanual
manipulation tasks: laundry folding, paper box assembly, zip-tie threading, and sachet packaging.

1 Introduction

Embodied foundation models have rapidly advanced, unifying visual observations, language in-
structions, and low-level motor commands within a single policy [1-8]. Large-scale pretraining
provides broad task competence, but bridging the gap to deployment-level proficiency requires post-
training from real-world experience [9, 10]. An important trend in embodied post-training is the
heterogeneous experience loop: a deployed policy collects autonomous rollouts, human operators
provide targeted corrections or outcome feedback, and the resulting experience is incorporated into
the next policy update [9-12]. Such a loop turns deployment from a terminal evaluation stage into a
continuing source of task-relevant supervision. However, the data produced by this loop are inher-
ently heterogeneous: demonstrations specify intended behavior, corrections expose on-policy failure
states, and autonomous rollouts contain successes, failures, recoveries, and partial progress.

The algorithmic question at the heart of this loop is therefore how to convert heterogeneous expe-
rience into a unified, stable update for the embodied foundation model, while respecting the flow-
matching [13, 14] parameterization used by many leading embodied policies. Demonstrations and
human corrections provide actions that the policy should move toward [15-19], while autonomous
rollouts provide mixed evidence: some segments should be reinforced, some reveal recoverable
progress, and others indicate behaviors that should be avoided [20-24]. Pure imitation cannot use
this negative evidence, whereas direct policy-gradient or critic-gradient updates can be costly or
unstable for generative action models [25, 26]. We therefore propose Trust-Region Flow Match-
ing Optimization (TRFO), a unified objective that modulates the standard flow-matching loss with
per-transition advantages estimated by a learned value function: expert data reduce to ordinary
flow-matching imitation, while autonomous rollouts induce a trust-region reinforcement learning
update bounded by a frozen reference policy. More specifically, TRFO assigns signed advantages to
individual transitions and uses them to regulate the direction and strength of the flow-matching up-
date. Positive-advantage transitions pull the policy toward high-value behaviors, whereas negative-
advantage transitions induce a repulsive update that discourages low-value behaviors. This yields a
unified policy-improvement mechanism that preserves the original flow-matching parameterization
while constraining updates within a trust region around the reference policy.

We instantiate TRFO in an iterative real-world post-training loop, PIVOT, built on a flow-based
VLA model [2]. Starting from a demonstration-tuned policy, each iteration deploys the current
policy, collects autonomous rollouts and HG-DAgger-style [16] human corrections, labels episodes
with sparse terminal outcomes, and trains a distributional value expert to estimate per-transition
advantages. The policy is then updated with TRFO using the previous checkpoint as the frozen
reference, and redeployed with a training-free temporal alignment relaxation for chunk blending to
collect the next round of on-policy experience. We evaluate PIVOT on a suite of precise, contact-
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Figure 3: PIVOT method overview. PIVOT combines three components: distributional TD
learning for estimating transition advantages, TRFO for signed advantage-weighted flow-policy
updates, and Temporal Alignment Relaxation for smooth chunk-based deployment.

rich bimanual manipulation tasks, including LAUNDRY (T-shirt folding), Z1p TIE (flexible cable-tie
threading), PAPER BOX (multi-stage box assembly), and SACHET (sachet threading). These tasks
require long-horizon coordination, fine-grained contact control, and recovery from small execution
errors. Across all tasks, the iterative loop yields stable, monotonic gains over successive iterations,
substantially improving throughput and success rates. Under the same data budget, TRFO con-
sistently outperforms alternative policy extraction methods. We further show that a single unified
multi-task policy trained with TRFO matches the performance of independently trained per-task
specialists, suggesting that the objective scales naturally to diverse skill repertoires.

2 Method

PIVOT iteratively post-trains a flow-based VLA from heterogeneous deployment experience. Each
iteration first deploys the current policy to collect a dataset that mixes curated demonstrations, au-
tonomous on-policy rollouts, and HG-DAgger-style human corrections, labeling each episode with
only a sparse, binary outcome reward. A distributional value network is then trained on this dataset to
assign an advantage to every transition (Sec. 2.2), and the policy is updated with Trust-Region Flow
Matching Optimization (TRFO), a unified policy-improvement objective for flow-based embodied
foundation models (Sec. 2.3). At deployment time, we further apply temporal alignment relaxation,
a training-free chunk blending trick that substantially improves stitching quality (Sec. 2.4).

2.1 Preliminaries

The backbone VLA generates action chunks [17] via conditional flow matching [13, 14]. Given an
observation o and a target action chunk a € R”*? of horizon H, alearned velocity field fy(o, z,,7)
is trained to denoise the linear interpolant z, = 7€ + (1 — 7)a toward a, where € ~ N(0, ) and
7 ~ U(0, 1), by minimizing:

69(0704) :ET,EI:HfO(OJ(ET;T) _u‘r”§]> Ur = € — Q. (1)

At inference time, actions are produced by integrating fy from noise to action with a fixed number
of Euler steps. To evaluate transitions, we define a state value function V' (o;) with discount factor

~ under a task-agnostic sparse reward: r; = —1 for non-terminal steps, r, = 0 on success, and
Ty = —ﬁ on failure, which bounds the return in [Vmin:—ﬁ, Vinax=0] regardless of task or
horizon. Since the policy emits chunks of length H, we use chunk-level bootstrap targets Vig(0,) =

YAV (044m) + Zf:_ol 471y ; for value training and advantage computation.



2.2 Sparse Reward Labeling and Distributional TD Learning

Given the heterogeneous dataset collected at each iteration, we label every episode with a single
binary outcome reward—success or failure—requiring no per-task reward shaping (Appendix 6.3).
From this sparse signal, we train a value expert that predicts a distributional estimate of V' (o, ) using
the chunk-level bootstrap targets V;q defined in Sec. 2.1. Because the sparse reward convention
fixes Vinin and Vi, ax to task-independent constants, a single value expert can serve all tasks without
per-task calibration.

The value expert shares the VLA’s VLM backbone: a learned aggregation token ey, € R? is ap-
pended after the shared vision—language prefix KV-cache and read out by a residual MLP head
that produces logits over K uniformly spaced categorical bins on [Vinin, Vinax| [27], from which
the scalar estimate V = >k Prcr is recovered (Appendix 6.4). The value expert is trained by
minimizing the categorical cross-entropy between its predicted bin distribution and the categorical
projection [27] of the bootstrap target Vi, with a Polyak-averaged target network [28] providing
the bootstrap values (Appendix 6.5). The resulting per-transition value estimates provide a dense
advantage signal for the policy update described next.

2.3 Trust-Region Flow Matching Optimization (TRFQO)

Given the value function from Sec. 2.2, we derive a unified objective for updating the flow matching
policy from heterogeneous off-policy data. Our Trust-Region Flow Matching Optimization (TRFO)
retains the standard flow-matching loss form and applies to any flow-based foundation model:
for demonstrations and corrections, TRFO reduces to supervised flow-matching imitation; for au-
tonomous rollouts, it becomes a trust-region reinforcement learning update [29, 30] that reinforces
positive-advantage actions and repels negative ones while staying close to a frozen reference.

Let ¢y(0,a) denote the per-sample flow matching loss (Eq. 1) of the current policy on transition
(0,a), and let £..¢(0,a) denote the corresponding loss under a frozen reference policy initialized
from the previous iteration’s checkpoint. The TRFO objective is

Lrrro(0) = E(o,a)~p [Sg(w(/l, Co, lret)) - Lo (o, a)} ; 2)
where sg(-) denotes stop-gradient and the per-sample weight is
A, A>0,
w(A, o, ber) = 4. i (3)
Amax(O, 1—&9), A<O.
n‘gref +e€

Here 7 is a margin coefficient that controls the size of the trust region, € is a

small constant for numerical stability, and the advantage is computed as A =
clip (a : (’yH‘N/(OHH) — V(o) + Zf{;ol Ty + b) , —1, 1), the temporal difference of

smoothed value estimates, normalized into [—1, 1]. The smoothed value V is obtained by relabeling
every non-expert transition in D with the trained value expert V and applying a low-pass filter along
the trajectory; for transitions belonging to expert demonstrations we set A=1 by convention. The
two branches of w act as imitation and repulsion. Positive-advantage samples pull the policy toward
the demonstrated action in proportion to A; negative-advantage samples repel the policy away, but
only until ¢y exceeds 7 - £,¢f, at which point the trust region extinguishes further repulsion.

We provide a heuristic interpretation in Appendix 6.10 showing that, under a local loss-difference
proxy for the log-likelihood ratio, the TRFO gradient for autonomous rollouts resembles a first-order
advantage-weighted policy gradient surrogate [29, 30], while reducing to ordinary flow-matching
imitation for expert data.

2.4 The PIVOT Loop

Combining the components of Sec. 2.2-2.3 yields an iterative improvement loop. We start from a
dataset Dy of curated demonstrations and obtain a base policy my by supervised flow matching fine-
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Figure 4: Iterative improvement across tasks. Success rate (or throughput) at each post-training
iteration for laundry, zip-tie, paper-box, and sachet. PIVOT yields stable, monotonic gains over
successive iterations on all evaluated tasks. Error bars denote +1 SEM.

tuning of the pretrained VLA on Dy. At iteration ¢ > 1, we (1) deploy m;_1 on the target task with
the chunk blending procedure described below to collect a batch of autonomous rollouts together
with a batch of HG-DAgger-style human corrections, append both to D;_; to form D;, and label
each new episode with only its terminal success bit; (2) train a value expert on D; from the value
loss in Sec. 2.2, then relabel every non-expert transition in D; with its smoothed advantage A; (3)
update the policy from 7;_; on D; with the TRFO objective in Sec. 2.3, using 7;_; as the frozen
reference 7ef; and (4) deploy 7; to produce on-policy data for iteration ¢ + 1. We expect this loop
to produce stable, monotone gains in success rate across iterations; we verify this empirically in
Sec. 3.1.

Temporal alignment relaxation for chunk blending. Chunk-based policies require a mechanism
to stitch consecutive action chunks into smooth motion at deployment time. Existing training-free
blending [31, 32] can leave residual jerk, while training-time RTC [33] couples the blending strategy
to the model and complicates the post-training pipeline. We augment the QP-based blending of [32]
with a simple temporal alignment relaxation—a least-squares offset search that re-registers incoming
chunks to the in-flight trajectory before blending—which substantially improves stitching quality
while remaining entirely training-free. The resulting procedure produces smooth, jerk-free motion
across both high-speed tasks (e.g., garment folding at 67 items/h) and millimeter-precision tasks
(e.g., zip-tie threading), and is directly compatible with the iterative PIVOT loop. Details are given
in Appendix 6.2.

3 Experiments

We evaluate PIVOT on four precise, contact-rich bimanual manipulation tasks across two hardware
platforms, using 7 5 [2] as the backbone VLA (see Appendix 6.1 for hardware and control details):
LAUNDRY (T-shirt folding from randomized crumpled poses; metric: throughput in items/h), ZIp
TIE (picking and threading a flexible zip tie; millimeter-level precision), PAPER BOX (long-horizon
multi-stage box assembly from a flat cardboard cutout), and SACHET (threading two sachets into a
pair; high dexterity). All tasks require contact-rich bimanual coordination and exhibit substantial
variability in initial conditions; detailed descriptions are given in Appendix 6.6 and visualized in
Figure 2. Our experiments address three questions: 1. Does the iterative post-training loop produce
stable, monotonic gains across successive iterations and diverse tasks? 2. How does TRFO compare
with alternative policy extraction methods under the same data budget? 3. Can PIVOT scale to a
unified multi-task policy that masters diverse skills while preserving per-task performance?

3.1 Iterative Improvement

We first evaluate whether PIVOT driven by TRFO yields consistent gains across successive real-
world post-training iterations. Figure 4 reports performance on four contact-rich bimanual manipu-
lation tasks. Across all tasks, PIVOT improves monotonically over successive iterations: LAUNDRY
throughput rises by 26.2% (56.2 — 70.9 items/h over three iterations), Z1P TIE success climbs from
49% to 86%, PAPER BOX from 60% to 82%, and SACHET from 32% to 76%.
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Figure 5: Policy extraction comparison and ablations. Laundry throughput and zip-tie success
rate across post-training iterations for HG-DAgger, RECAP, TRFO, and ablation variants.

The stable, non-decreasing improvement across tasks with very different manipulation primitives—
all of which represent the most challenging contact-rich bimanual coordination problems—confirms
that TRFO can reliably convert heterogeneous deployment data into policy gains. Practically, several
of these tasks transition from unreliable under the base policy to consistently deployable after only
two to three iterations of the loop.

3.2 Policy Extraction Comparison and Ablations

We next compare TRFO with alternative policy extraction methods trained on the same heteroge-
neous data collected by the PIVOT loop, and ablate two key design choices within TRFO itself.
We consider two baselines: HG-DAgger [16], which uses demonstrations and human corrections as
supervised targets and discards autonomous rollouts; and RECAP [10], which performs advantage-
conditioned extraction with classifier-free guidance [34] at inference time.

Baselines. Figure 5 reports results under the same data budget. TRFO consistently outperforms
both baselines: on LAUNDRY it reaches 71 items/h versus 59 (HG-DAgger) and 65 (RECAP); on
Z1P TIE it reaches 86% versus 51% and 55%. Since all methods consume the same data stream, the
gap isolates the effect of the extraction operator. HG-DAgger cannot learn from failed rollouts, and
RECAP’s inference-time conditioning mechanism occasionally degrades across iterations. TRFO
consistently yields the strongest results across both tasks and iterations.

Ablations. We ablate two core components of TRFO (Figure 5). (i) Removing the trust-region
clipping (n-bounded repulsion replaced by unbounded negative-advantage gradients) causes train-
ing to diverge within the first few thousand steps—the repulsive signal pushes the policy into un-
supported action-space regions, confirming that the frozen-reference trust region is essential. (ii)
Discarding negative-advantage samples (setting w = 0 for A <0) yields stable training but sub-
stantially lower performance: LAUNDRY throughput drops to 62 items/h (vs. 71) and ZIP TIE suc-
cess falls to 60% (vs. 86%), showing that the repulsive learning signal from negative samples is a
meaningful source of improvement that positive-only imitation cannot recover.

3.3 Multi-task Generalization

A key promise of a unified post-training objective is that it should generalize across tasks without
per-task modifications, opening the door to scaling a single policy over a growing skill repertoire.
We test this by asking whether TRFO can jointly post-train a multi-task policy without sacrificing
per-task performance.

Setup. We train a unified base model on demonstration data from three tasks—LAUNDRY, ZIP
TIE, and SACHET—via supervised flow matching fine-tuning, and then perform a single round of
PIVOT post-training on the accumulated experience buffer that pools demonstrations, autonomous
rollouts, and human corrections from all three tasks. The model, TRFO update, and training in-
frastructure are shared across tasks; only the language instruction distinguishes them. We compare
this unified PIVOT model against independently trained single-task specialists that each receive the
same per-task data budget.
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Figure 6: Unified multi-task post-training. Comparison between single-task and unified models
before and after PIVOT post-training on laundry, zip-tie, and sachet. The laundry plot reports
throughput, while zip-tie and sachet report success rate.

Results. Figure 6 reports the comparison. The unified PIVOT model performs on par with the
per-task specialists across all three tasks (LAUNDRY 67.2 vs. 70.9 items/h; ZIP TIE 87% vs. 86%;
SACHET 78% vs. 76%), and even slightly surpasses the specialists on two of the three tasks. A
single policy can thus master both high-speed manipulation (folding garments at 67 items/h) and
millimeter-precision tasks (threading flexible zip ties at 87% success) without per-task compro-
mise. This is enabled by the generality of the TRFO objective: because it modulates the standard
flow matching loss with per-sample advantages rather than requiring task-specific reward shaping or
separate critic architectures, the same objective and infrastructure apply unchanged regardless of the
number or diversity of skills, suggesting that PIVOT provides a scalable foundation for post-training
generalist manipulation policies.

3.4 Empirical Analysis of Value Estimates and TRFO

To better understand how PIVOT drives iterative improvement from sparse binary rewards, we visu-
alize the learned values and the corresponding TRFO updates in Figures 7 and 8.
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Figure 7: Visualization of value estimates over a
human-teleoperated trajectory. The value expert tracks
task progress over a rollout, increasing during successful
progress, dropping after mistakes, and recovering after
corrective behavior.

As shown in Figure 7, the value estimates produced by our distributional value expert closely track
episode progress. The value increases steadily during successful execution, drops sharply when the
robot makes a mistake, and recovers when corrective behavior is applied. This yields a well-shaped,
dense advantage signal for policy optimization.

Figure 8 visualizes the effect of TRFO on individual transitions. We randomly sample transitions
from the training set, and for each sample compute the velocity residuals fy (o, z,,7) — u, (blue;
post-update policy) and fief(0, 2, 7) — u, (orange; pre-update reference), where the origin corre-
sponds to the data velocity u., i.e. perfect prediction. The resulting residual vectors are projected to
2D via PCA across all samples, and a 1o covariance ellipse is overlaid for each distribution. The ra-
tio 79 /Tret ( = /4, the root-mean-square flow matching loss from Eq. 1) measures how the update
shifts the policy relative to the reference. For positive-advantage transitions, TRFO contracts the
distribution toward the origin (rg/rt < 1), pulling the policy closer to the demonstrated action; for
negative-advantage transitions, it expands the distribution away (9 /et > 1), repelling the policy
from low-value behavior within the trust region.



4 Related Work

Robot learning from demonstrations, corrections, and rollouts. Behavior cloning from offline
demonstrations remains the dominant approach for training visuomotor policies [17, 18]. Interactive
imitation methods [15, 16, 35, 36] such as HG-DAgger [16] incorporate human corrections into the
training loop, while reinforcement learning learns directly from autonomous or on-policy rollouts
on physical hardware [20-24, 37, 38]. Our work unifies all three data sources—demonstrations,
corrections, and rollouts—under a single policy-update objective that treats each source according
to its estimated advantage.

VLA post-training and deployment experience loops. Recent work has increasingly framed
VLA post-training as a closed-loop learn-from-experience process, where curated demonstrations
are combined with human corrections and autonomous rollouts collected by deployed policies,
and the policy improves through repeated redeployment [9-12]. RECAP/7j 4 [10] integrates het-
erogeneous experience through advantage-conditioned policy extraction; o [11] addresses long-
horizon deployment failures through distributional alignment and progress estimation; and SOP [9]
and LWD [12] scale this loop to fleet-level online post-training. In parallel, recent VLA fine-
tuning methods explore on-policy RL, value-based optimization, residual policy learning, pref-
erence/reward optimization, and trajectory-level policy updates [39-53]. Our work focuses on
the policy-improvement operator inside the experience loop, providing a unified trust-region flow-
matching objective for demonstrations, corrections, and autonomous rollouts.

Policy optimization for flow and diffusion policies. Classical offline RL methods perform policy
extraction through advantage-weighted regression, improving a policy by upweighting high-value
actions while remaining close to the data distribution [54-57]. For diffusion and flow policies, recent
work optimizes denoising trajectories, treats the sampling process as an auxiliary decision process,
applies critic-gradient or adjoint-matching updates, or steers generation with learned value or energy
guidance [25, 26, 43, 58—66]. In contrast, TRFO preserves the standard flow-matching interface and
performs policy improvement through a signed, advantage-weighted trust-region objective.

5 Conclusion

We presented PIVOT, an iterative post-training system that converts heterogeneous real-world
experience—demonstrations, human corrections, and autonomous rollouts—into stable policy im-
provement for flow-based embodied foundation models. At its core is Trust-Region Flow Matching
Optimization (TRFO), a unified objective that modulates the flow-matching loss with signed advan-
tages; This allows PIVOT to safely leverage the full spectrum of heterogeneous deployment data—
including sub-optimal rollouts, failure trajectories, and human corrections—without degrading the
generative policy. Across a suite of precise, contact-rich bimanual manipulation tasks, PIVOT de-
livers consistent, monotonic gains over successive iterations, substantially improving success rates
and throughput across all evaluated tasks. Notably, several tasks that were initially unreliable un-
der the base policy become practically deployable after only a few iterations of the loop, and the
improvements hold uniformly across long-horizon, contact-rich tasks that demand high precision
and dexterous bimanual coordination. These results demonstrate that a closed-loop heterogeneous
experience loop, equipped with a trust-region RL objective that preserves the simplicity of flow
matching, can bridge the gap between broad pretraining and reliable real-world deployment.

Limitations. While PIVOT shows consistent gains across the evaluated real-world tasks, our ex-
periments remain limited in scale. In particular, the unified post-training setting currently covers
only a small set of tasks, and future work should study substantially larger and more diverse task
repertoires. In addition, our environments are relatively structured: all evaluations are conducted in
fixed desktop workspaces with controlled robot setups. Extending the approach to more open-ended
and dynamically changing environments remains an important direction for future work.
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6 Appendix

6.1 Robot Setup

We conduct experiments on two bimanual manipulation platforms.

YAM i2rt. The first platform is a bimanual YAM i2rt system equipped with two 6-DoF arms. The
observation space consists of three Intel RealSense RGB cameras (one head-mounted and two wrist-
mounted). The policy runs at 30 Hz. Demonstration data is collected via GELLO [67] teleoperation
with two leader arms kinematically matched to the two follower arms. Tasks evaluated on this
platform include LAUNDRY, ZIP TIE, and SACHET.

UR. The second platform uses a pair of Universal Robots 6-DoF arms. The observation space like-
wise consists of three Intel RealSense RGB cameras (one head-mounted and two wrist-mounted),
and the policy runs at 30 Hz. Demonstrations are collected via GELLO [67] teleoperation. The task
evaluated on this platform is PAPER BOX.

Control interface. Both platforms share a common asynchronous chunk-based control interface.
The robot is controlled by a joint-space PD controller. Let s; € R denote the measured joint
configuration at timestep ¢ and a; € R¢ the PD setpoint to be commanded at timestep ¢. The policy
outputs an action chunk [ag, . . ., a;4g—1] in delta form a 4+j = Qttj — St parameterized relative to
the configuration s; at the chunk’s start. At each inference trigger, the local controller sends (o, ¢)
to a remote inference server; the server returns the delta chunk [a;, ;] f]: ', from which the controller
recovers the absolute setpoints a,4,; = s; + a} +, and feeds them to the PD loop.

6.2 Temporal Alignment Relaxation for Chunk Blending

Chunk-based action generation introduces a practical deployment challenge: the policy runs on a
remote inference server, and variable network and computation latency causes the freshly returned
chunk to be delayed by several control steps relative to the moment at which it was conditioned.
Naively switching from the old to the new chunk produces a discontinuity in commanded position
and audible jerk on the robot. As discussed in Sec. 2.4, existing training-free blending [31, 32] can
leave residual jerk, while training-time approaches such as RTC [33] couple the blending strategy to
the model and complicate iterative post-training. We augment the QP-based blending of [32] with
a temporal alignment relaxation step that substantially improves stitching quality while remaining
entirely training-free.

Temporal alignment relaxation. The key idea is to re-register the incoming chunk to the in-flight
trajectory before blending. Let [at, at11, . . .| denote the chunk currently in execution at wall-clock
time ¢, and let [a} ,,...,a}_, " 17—1] denote the newly received chunk indexed in its own timeframe
(i.e., conditioned on 0;_j). We search over a small offset window [— K, K| for the alignment that
best matches the leading M steps of the new chunk to the corresponding steps of the in-flight chunk:

M-1
* . ’ 2
¢ = arg min Qryj — @ - 4
gce[—K7 K] Z || t+j t+c+]||27 4)
Jj=0
with K = 5 and M = 3. The new chunk is then truncated to [a},..,...,a},_, y_]. Because

the alignment is a pure temporal shift, it does not alter action values—only the time index at which
they are applied. This ensures that the subsequent QP blending operates on well-registered trajec-
tories in action space, producing smooth handovers without sacrificing the precision of the original
predictions.

QP-based trajectory blending. On the overlap between the aligned new chunk and the in-flight

chunk, we solve a lightweight quadratic program (QP) following [32] to produce a smooth handover.
Let x = [zg, 21, .., 2] denote the remaining segment of the old chunk and y = [yo, y1,-- -, Y]
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denote the aligned segment of the new chunk over a blending horizon L, both prepended with the
last executed action apyey to enforce continuity. We solve for a blended trajectory z = [z, .. ., 2]
that minimizes:

L-1 L
min womoon 3 12741 = 225 + 21 + Do [Wlas — i+ (1= M)l —wilP], O
Jj=1 j=0

old chunk new chunk

acceleration penalty

subject to the continuity constraint zo = aprev. The decay factor A € (0, 1) controls the transition
speed: at 7 = 0 the objective strongly favors the old chunk, while for large j it favors the new chunk.
The acceleration penalty wsmooth Suppresses jerk in the commanded trajectory. We solve this QP via
SLSQP. For the first chunk of each episode, where no old chunk exists, we apply a simplified single-
chunk QP that only minimizes the acceleration penalty while satisfying the continuity constraint
from the current robot configuration.

6.3 Sparse Reward Details

We adopt a task-agnostic sparse reward that requires only a single binary success label per episode.
Concretely, given an episode {(o¢, at, r¢)}7—q, we set r, = —1 for every non-terminal step ¢ < n
and assign a terminal reward of r,, = 0 on success or r,, = — ﬁ on failure. Under this convention,
__1

11—
horizon, so the value function can be read directly as a normalized signal of remaining progress to
task completion. Because the reward is fully determined by a single per-episode label, the same
definition applies to long- and short-horizon tasks without per-task tuning—an important property
for training a single multi-task value function across heterogeneous skills. The chunk-level bootstrap

targets Vig and the sparse reward convention are defined in Sec. 2.1.

the discounted return >_;" ; v~ 'r, is bounded in {Vmin = Vinax = 0} regardless of task or

6.4 Value Expert: Detailed Architecture

The value expert is instantiated as a Gemma decoder [68] that shares the vision—language prefix
KV-cache produced by the VLA’s VLM backbone, so that the perceptual encoding of o; is com-
puted only once per inference and reused for both action generation and value estimation. We
introduce a learned aggregation token ey € R?, which acts as a readout slot for the state value.
The value expert’s input token sequence is simply [ev ] The aggregation token is read out by
a residual MLP head that produces logits z € R¥ over K = 512 uniformly spaced bins on the
support [Viin, Vinax] = [—ﬁ, 0]. The scalar estimate is recovered as V = Zszl P Cp With
p = softmax(z) and {c } the bin centers.

The aggregation token cross-attends to the VLM prefix KV-cache, so V(o) is produced in a single
forward pass through the value expert. At inference time, the shared prefix KV-cache lets us amortize
the expensive VLM forward across both action generation and value estimation: the VLM is run only
once per observation and reused by the value expert.

6.5 Distributional Value Loss: Implementation Details

The value expert is trained with the categorical cross-entropy loss

Loawe = — Y logpy, 6)
k

where the categorical targets p" are obtained by projecting the scalar bootstrap target Vigt from
Sec. 2.2 onto the K support bins via the standard two-bin projection of [27]. Concretely, given a

scalar target V;g¢ and bin centers ¢; < cp < --- < cg, let k* be the largest index with ¢z« < Vig.
We set
A Crr+1 — Vigt oo = Vigt — Ci e
B = T . k41 — T
Chogl — Chr | + Chog1 — Chr
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and zero on all other bins. The bootstrap target Vi, naturally lies within [Vinins Vinax)» S0 no clipping
is needed. This linear interpolation ensures both that the cross-entropy gradient is well-defined when
the target falls strictly between two bin centers, and that the expectation of the projected categorical
distribution recovers the original scalar exactly.

Bootstrapping uses a separate target value expert with parameters ¢ —, maintained as a Polyak aver-
age of the online parameters ¢ via ¢~ + 7¢ + (1 — 7) ¢~ after every gradient step. The bootstrap
target Vig is evaluated under ¢~ with stop-gradient before being projected to the categorical targets
above, in line with standard practice in distributional TD learning [27, 69].

6.6 Task Descriptions

e LAUNDRY. The robot folds T-shirts from a randomized initial configuration. The task set
includes six T-shirts that vary in size, shape, and color, and each episode begins with the
garment placed in an arbitrary crumpled pose. A fold is counted as successful if the robot
completes it within 180s. We report throughput (items/h) as the primary metric, which
captures both speed and reliability. Each evaluation round consists of approximately 60
episodes.

» Z1p TIE. A fine-grained precision task that requires the robot to pick a single zip tie from
a bin, align the tip of the tie with its locking head, and thread it through—all demand-
ing millimeter-level accuracy and robust handling of a flexible, deformable object. Each
evaluation round consists of approximately 70 episodes.

* PAPER BOXx. Starting from a flat cardboard cutout whose initial pose and position are
randomized, the robot must execute a long-horizon sequence of folds to form an open-top
box, coil a rope and place it inside, and finally close the box. The task tests complex, multi-
stage manipulation with generalization over the initial configuration of the cardboard. Each
evaluation round consists of approximately 40 episodes.

* SACHET. An intricate dexterous task in which the robot threads two sachets into a pair—
symbolizing the Chinese idiom “good things come in pairs.” The task demands both high
dexterity and fine precision, and the initial positions of the sachets are heavily randomized
to test generalization. Each evaluation round consists of approximately 50 episodes.

6.7 Dataset & Iteration Details

Base model. The base policy 7 for each task is obtained via HG-DAgger [16]-style supervised
fine-tuning of the pretrained VLA. The training set Dy consists of two data sources: (i) curated
human demonstrations and (ii) human corrections collected by deploying intermediate checkpoints
and allowing the operator to intervene. While this demo-plus-correction recipe provides a reasonable
starting point, the performance ceiling reachable by supervised imitation alone is limited.

Per-iteration data budget. Table 1 summarizes the approximate number of episodes collected
at each stage of the iterative post-training loop. For each task, Dy denotes the initial dataset used
to train the base policy my, and AD; denotes the new episodes (autonomous rollouts and human
corrections) appended at iteration i. The cumulative dataset D; = D;_; U AD; is used for both
value-function training and the TRFO policy update at each iteration.

6.8 Training Hyperparameters

Table 2 lists the hyperparameters used for the base SFT policy, the TRFO policy update, and the
distributional value expert. All three stages share the same optimizer and learning rate schedule;
in each iteration, we first train the value expert to convergence, then update the action expert with
TRFO.

Update-to-data ratio for the value expert. A critical design choice is controlling the update-to-
data (UTD) ratio for the distributional TD learning of the value expert. Aggressive optimization
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Table 1: Approximate dataset sizes (number of episodes) at each stage of PIVOT. Dy lists the initial
demonstration and correction episodes used to train the base policy. For each subsequent iteration
AD;, we report the number of correction episodes (Corr.) and autonomous rollout episodes (Roll.)
separately. The rightmost columns report the total cumulative episodes and the corresponding ap-
proximate robot hours.

DO (base) ADl ADQ ADg
Task Demo. Corr. Roll. Corr. Roll. Corr. Roll. Corr. Total eps. Total hrs.
Laundry 254 115 105 71 97 76 61 63 842 8.6
Zip Tie 200 88 139 61 100 18 70 51 727 7.2
Paper Box 200 0 80 0 73 0 — — 353 5.2
Sachet 453 106 75 6 50 0 — — 690 5.2

of the value expert quickly leads to overfitting—the value predictions become overconfident and
noisy, which in turn corrupts the advantage estimates used by TRFO. We therefore constrain the
value expert to approximately 1 UTD at the data collection frequency of 30 Hz: given a dataset of
N transitions, the value expert is trained for roughly N/B gradient steps where B is the batch size,
ensuring each transition is seen approximately once on average. We found this regime essential for
maintaining stable, monotonic improvement across iterations; higher UTD ratios (e.g., 3-5x%) led to
value overestimation and degraded policy performance.

Table 2: Hyperparameters for PIVOT. All values are shared across tasks unless otherwise noted.

Category Hyperparameter Value
Shared (all stages)
Optimizer AdamW [70] (5,=0.9, B2=0.95, e=10"%)
Peak learning rate 2.5 x 107
LR schedule Cosine decay to 2.5 x 107° (1,000 warmup)
Batch size 64
Base SFT
Training steps ~40,000
Flow-matching time distribution T~U(0, 1)
TRFO (action expert)
Discount factor 0.998
Action chunk horizon H 40
Sampling steps 10
Trust-region margin 7 1.1
Advantage scale 0.2
Advantage bias b [—5, 5]
Training steps per iteration ~40,000 (=1 UTD at 30 Hz)
Value expert
Number of categorical bins K 512
Value MLP hidden dim / residual blocks 1024 /2
Polyak averaging Tiarget 0.005
Training steps per iteration ~1 UTD at 30Hz

Advantage smoothing
Smoothing filter Gaussian (0 = 15)

6.9 Full Algorithm

Algorithm 1 provides the complete pseudocode for PIVOT, covering the outer iterative loop
(Sec. 2.4), the distributional value training and advantage labeling (Sec. 2.2), and the TRFO pol-
icy update (Sec. 2.3).
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6.10 A Heuristic Loss-Space Interpretation of TRFO

This appendix gives a heuristic interpretation of Trust-Region Flow Matching Optimization (TRFO)
as a first-order, loss-space analogue of an advantage-weighted likelihood-ratio update. The dis-
cussion is intended to clarify the design of the objective rather than to establish a formal policy-
improvement theorem. In particular, we do not assume that the flow-matching loss is an exact
negative log-likelihood, and we do not claim a global KL trust-region guarantee. The statements be-
low should be read as local approximations around a frozen reference policy and as an interpretation
of the resulting gradient directions.

Setup. Let z = (0, a) denote a transition consisting of an observation and an action chunk. For a
flow-matching policy fy, define the per-sample flow-matching loss

lo(2) = Erg, ||| fo(0,2r,7) — urll3| (8)

where x, and . are constructed from the usual flow-matching interpolation between noise and the
data action. Let ¢,.¢(z) be the same loss evaluated under a frozen reference policy. In our iterative
setting, the reference is the policy checkpoint before the current post-training update.

Classical clipped policy-gradient methods [29, 30] are commonly written in terms of a likelihood
ratio

mo(a] o) o
mret(a | 0)

For flow-matching action models, this density ratio is generally not available in closed form with-
out additional machinery. TRFO therefore avoids direct likelihood-ratio evaluation and keeps the
standard supervised flow-matching training interface.

ro(z) =

A local ratio proxy. The key heuristic is to treat the difference in flow-matching losses as a lo-
cal proxy for the log-likelihood ratio. A precedent for this device exists in Flow Matching Policy
Gradients (FPO) [26], which exponentiates conditional-flow-matching loss differences to construct
a surrogate likelihood ratio for PPO-style policy optimization. Following this intuition, we approxi-
mate:

logre(2) & lrer(2) — Ly (2). (10)

Equation (10) induces the ratio proxy

79(2) = exp(bret(2) — Lo (2)) . (11)
Consider the advantage-weighted surrogate based on this proxy,
Jproxy(0) = Ezp [ﬁ(z) 779(2)} . (12)

When the current policy remains close to the reference on the sampled transitions, the quantity
Ay(z) = lret(2) — Lo(2) is small. A first-order expansion gives

To(2) = 14 lret(2) — Lo(2) + O(Ay(2)?) . (13)

Substituting this expansion into Eq. (12) yields
Toroxy (0) % Eanit [A(2) (14 et (2) = £ (2))] (14)
= const. — E,.p [ﬁ(z) fg(z)} , (15)

where the constant is independent of . Thus, under the local calibration in Eq. (10), maximizing
the first-order ratio surrogate is equivalent to minimizing the signed flow-matching loss

Loignea(6) = E.p [ﬁ(z) zg(z)} . (16)

This is the sense in which TRFO can be viewed as a first-order, flow-matching-loss analogue of an
advantage-weighted likelihood-ratio update.
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Imitation and repulsion from the signed loss. The signed loss in Eq. (16) has the desired lo-
cal gradient directions. For a positive-advantage sample, A(z) > 0, minimizing A(z)¢y(z) de-
creases {4 (2), which corresponds under Eq. (10) to increasing the proxy ratio 79 (z). Thus positive-
advantage samples are imitated. Expert demonstrations are a special case in our implementation,
where they are assigned positive advantage and therefore reduce to ordinary flow matching up to a
scalar weight.

For a negative-advantage sample, A(z) < 0, minimizing ﬁ(z)ég(z) increases £4(2), which cor-
responds to decreasing 7g(z). Thus negative-advantage samples induce an unlikelihood-style or
repulsive update. This interpretation is local and directional: it describes the sign of the update on
the sampled transition, not a global statement about the learned action distribution.

Trust-region geometry. The signed loss in Eq. (16) already has the correct gradient directions, but
applying it without constraint would allow arbitrarily large repulsive updates on negative-advantage
samples, pushing the policy into loss regions where the local calibration in Eq. (10) ceases to be
meaningful. A similar concern motivates the asymmetric trust regions in FPO [26] and FPO++ [71],
which clip or penalize differently for the two advantage signs. TRFO realizes a similar asymmetry
directly in loss space.

Define the reference-scaled margin cyef(2) = 1 lrer(2) + € With ¢yef(2) > 0. The TRFO per-sample
weight is

A,

(4, by, b)) = 2<1€e(z)>
R

o)

>0,
a7

o)

<0,
Cref(z) o

and the implemented objective is

Lrrro(0) = E.up [sg(w) - lo(2)], (18)
where sg(-) denotes stop-gradient, so the effective per-step contribution is w Vgly(z).

The geometry is asymmetric by design. For positive-advantage samples the weight is simply A>0,
and the gradient decreases {y—ordinary imitation scaled by advantage. For negative-advantage sam-
ples the weight is negative only while £y(z) < cref(2): repulsion is active inside a sample-dependent
trust region anchored at the frozen reference loss, and is extinguished once the current loss exceeds
the margin ¢,ef(2). In terms of the proxy ratio 79(z) = exp(¢ref(2) — £g(2)), this corresponds to a
one-sided lower bound 7g(z) > rmin(2) = exp(fret(2) — cret(2)), beyond which no further repul-
sion is applied. The trust region is therefore unbounded on the imitation side and bounded on the
repulsion side, preventing the policy from being driven into data-unsupported regions by negative
evidence while placing no ceiling on how closely it can approach high-advantage actions.

Scope of the interpretation. The preceding analysis is heuristic. It shows that, under a local
loss-difference proxy for the log-likelihood ratio (Eq. (10)), the TRFO weight in Eq. (17) yields
the same first-order gradient direction as an advantage-weighted likelihood-ratio objective, and that
the reference-scaled hinge clips repulsive updates at a sample-dependent boundary in loss space,
realizing a trust region that is asymmetric across the two advantage signs. The analysis does not
imply a formal monotonic-improvement guarantee or an exact density-ratio estimate; TRFO should
be understood as a practical, reference-anchored policy-improvement rule that preserves the standard
flow-matching training interface while acting, to first order, as an advantage-weighted likelihood-
ratio RL objective.
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Algorithm 1 PIVOT: Iterative Real-World Post-Training

Require: Pretrained VLA, initial dataset Dy (demos + corrections), number of iterations N
Ensure: Post-trained policy 7

Phase 0: Base Policy (SFT)

1: Train 7o on Dy via supervised flow matching: Lspr = E(, 4)~p, [&g (o, a)]

Phase 1: Iterative Post-Training

2: for iterationi =1,..., N do
// Step 1: Data collection
3: Deploy m;—1
4: Collect autonomous rollouts and HG-DAgger human corrections
5 Label each episode with binary terminal outcome: success (7, = 0) or failure (r,, = —
6 D; + D;_1 UAD; > Append new data to cumulative buffer

// Step 2: Value expert training (distributional TD, ~1 UTD)
7: Initialize value expert V¢ and target network V¢_ from 7;_1’s checkpoint
8: for each gradient step on D; do
9: Sample batch {(os, 74451, 0t 411) }

10: Vit Zf:?)l Ve +vH V- (0rrm) > H-step bootstrap
11: Update ¢ by minimizing Lyalue = — D, Py logpY > Categorical cross-entropy
12: (b_ — Ttarget ¢ + (1 - Ttarget) ¢_ > Polyak averaging

13: end for

// Step 3: Advantage labeling
14: for each episode {o1,...,0,}in D; do

15: if episode is expert demonstration then

16: Ay < 1forall ¢ > Expert data always positive
17: else .

18: Compute V' (0;) for all ¢ using the trained value expert

19: V < GAUSSIANSMOOTH(V, 0=15) > Low-pass filter
20: A, « clip (a <7H‘~/(ot+H) — ‘7(0t) + Zj{:_ol Virey; + b) , —1, 1)

21: end if

22: end for

// Step 4: TRFO policy update

23: Initialize 7y < m;_1; freeze reference m.of < mi_1

24: for each gradient step on D; do

25: Sample batch { (0, a, A)}; sample 7 ~ 1(0,1), € ~ N(0, 1)

26: 2y T+ (1—7)a > Noisy interpolant
27: by + || fo(o, 2+, 7) — (€ — a)]|? > Policy flow-matching loss
28: lret < || fret (0,27, 7) — (€ — a)|? > Reference flow-matching loss (no grad)
29: ifA>0 w« A > Imitate high-advantage transitions
30: else: w <+ A- max(O, 1—"4y/(nlet + enum)) > Repulse within trust region
31: Update 6 by Vj [sg(w) - o]

32: end for

33: T <— T

34: end for

35: return 7y
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