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Fig. 1. The long-horizon, contact-rich, dual-arm AirPods assembly task used throughout this paper: 8 sequential sub-stages (grasp, open,
insert, close, place) alternating between arms, with millimeter-level insertion tolerance. A single policy executes all stages end-to-end from
raw observations, with case and pods at randomized poses and no stage-level resets or hand-engineered switching.

Abstract—Real-world reinforcement learning for robotic ma-
nipulation is especially hard for flow matching policies: applying
policy gradient methods is fundamentally limited by the need to
backpropagate through time (BPTT) along the multi-step ODE
that maps noise to actions, which is computationally prohibitive
and numerically fragile. We propose FlowDPG, a DDPG-style
method for flow matching policies that distills the critic gradient
into the velocity field at training time, bypassing BPTT entirely.
Intuitively, FlowDPG combines two complementary vectors: the
demonstration-driven velocity that keeps the action feasible, and
the critic-driven correction that steers it toward higher value. Qur
contributions are threefold: (1) a BPTT-free distillation frame-
work enabling stable DDPG-style policy improvement on flow
matching policies, (2) a formal connection between the FlowDPG
update and vanilla Deterministic Policy Gradient via three
explicit approximations, and (3) real-world validation on a long-
horizon, multi-stage, dual-arm AirPods assembly task, where
FlowDPG attains a 92% end-to-end success rate, substantially
outperforming recent RL methods spanning value-conditioning,
auxiliary-module adaptation, and adjoint-based critic-gradient
approaches. Videos and more results are on the project page
https://flowdpg.github.io,

I. INTRODUCTION

Imitation learning alone is insufficient for long-horizon,
contact-rich manipulation. Collecting robot demonstrations at
the scale and signal-to-noise ratio of language datasets is
prohibitively expensive, and a supervised policy inherits its
demonstration distribution and degrades sharply in unseen set-
tings; on a long-horizon task, rare per-stage failures compound
into catastrophic outcomes. This motivates letting the robot
learn from its own actions through real-world reinforcement

learning, which can push the policy beyond the original data
manifold.

Recent state-of-the-art manipulation policies have con-
verged on expressive generative action heads such as flow
matching [15]] and diffusion [6]], which produce multi-modal
action chunks through a multi-step denoising ODE. For these
policies, the standard off-policy actor-critic update [14]—
propagating the critic gradient V() back through the actor—
requires backpropagation through the entire denoising ODE.
This is computationally prohibitive (cost grows linearly with
solver steps) and numerically fragile (the chain of Jacobians
compounds gradient explosion/vanishing, especially when the
velocity field is not yet well-trained). As a result, expressive
flow policies and value-driven RL have been hard to combine
without either discarding the critic gradient or biasing the
policy via coarse one-step approximations.

We propose FlowDPG, an off-policy actor-critic method
for flow matching policies that obtains a stable critic-gradient
update without backpropagating through the denoising ODE.
The key insight is that a clean action x; can be estimated from
any intermediate noisy action x; by a single forward pass of
the velocity predictor—a property unique to the flow-matching
parameterization. We evaluate the critic gradient at this pro-
jected clean action, combine it with the demonstration-driven
velocity into a value-improved target, and distill the result back
into the velocity field via L2 regression. Intuitively, FlowDPG
composes two complementary vectors: the demonstration-
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driven velocity that keeps the action feasible, and the critic-
driven correction that steers it toward higher value. Inference is
unchanged—a pure ODE solve with no deployment-time critic
queries. Crucially, the FlowDPG update can be derived from
the vanilla DPG gradient under three explicit, controllable
approximations (Sec. [[II-B), placing it on a transparent footing
relative to the classical DDPG literature, in contrast to recent
critic-gradient approaches built on more abstract stochastic-
control formulations [[13].

We validate FlowDPG on a long-horizon, contact-rich, dual-
arm AirPods assembly task with millimeter-level insertion
tolerance, where a single policy executes eight sequential
bimanual stages end-to-end from raw observations. FlowDPG
reaches 92% end-to-end success—a 28% gain over the BC
base and a 12% margin over the strongest prior RL baseline.
In summary, our contributions are (1) a BPTT-free distillation
framework enabling stable DDPG-style policy improvement
on flow matching policies, (2) a formal connection between
FlowDPG and vanilla DPG via three explicit approximations,
and (3) real-world validation on long-horizon dual-arm assem-
bly, with mechanism-level ablations supporting each design
choice.

II. RELATED WORK

a) Generative action heads for manipulation.: Large-
scale demonstration datasets [[18} |8, [10] have enabled gen-
eralist manipulation policies, evolving from transformer poli-
cies [4} 3] to vision-language-action models [11} 2, [17] that
inherit representational strength from large VLMs [26) 7} [1]].
At the action level, policies have moved from Gaussian heads
to expressive generative heads: action-chunking transform-
ers [32], diffusion policies [6l 24], and flow matching [15} 2}
16], which provides an ODE-based map from noise to actions.
We focus on flow matching policies as the actor class.

b) RL fine-tuning of expressive policies.: One family
discards the critic’s action gradient and uses only scalar
value/advantage signals: RA-BC [5] reweights the BC ob-
jective by progress, AWR [21] fits the policy to advantage-
weighted demonstrations, and RECAP [22] conditions on
advantage. A second family freezes the base policy and learns
a separate adaptation module: DSRL [27] performs RL in
the denoiser’s latent noise space, PLD [30] learns a single-
step residual, and RLT [31]] attaches a lightweight actor-critic
head. The closest family exploits the critic gradient directly:
Q-score matching [23] relates the optimal policy’s score to
Q-gradients, while QAM [13] 28] converts V,@Q into step-
wise supervision through an auxiliary adjoint flow. FlowDPG
also uses first-order critic information, but distills a local
critic-gradient correction directly into the velocity field via
a simple DDPG-style objective, with an explicit derivation as
an approximation of vanilla DPG. For value estimation we
use IQL [12] with twin critics [9] and a stage-aware reward
predictor [S]].

ITII. FLowDPG

On top of a flow matching policy, our method has two cou-
pled components (Fig. 2] B)): a twin-critic IQL value estimator

Offline Stage

ﬁ; !;’
-
1-
e =8
. B

Deploy

Online Stage (Async Loop)

]

FlowbPG

Ln-——) Q(s'. a) a
v v

a*=a+V,0(s,a)

L

Fig. 2: Offline-to-online pipeline. Offline (left): a shared visual
backbone feeds a frozen reward predictor, a critic, and a flow
matching actor; FlowDPG combines the actor output a with the critic
gradient V,Q(s,a) into a value-improved target a™* distilled back
into the actor. Online (right): the actor is rolled out on the real dual-
arm setup, and critic and actor are asynchronously updated from a
replay buffer mixing demonstrations with fresh rollouts.

(Sec. [lI-A), and FlowDPG, which distills the deterministic
policy gradient (DPG) [25} [14]] into the flow velocity field at
training time (Sec. [[II-B).
A. Value Estimation with Twin-Critic IQL

We adopt Implicit Q-Learning (IQL) [12] with twin crit-
ics [9]. IQL replaces the max, Q(s,a) bootstrap, which
queries the critic on out-of-distribution (OOD) actions, with a
value function V,(s) estimating a high-quantile in-distribution
action-value, eliminating extrapolation error. Twin critics
Q4,,Qy, mitigate overestimation; we take their minimum
wherever a single @) is needed and pair each with an EMA
target. V, is trained by expectile regression of the twin-critic
minimum on dataset actions,

Lv(¥) = Ep[pr (min Q5,(s,a) = Vu(s))], (D

with p,(u) = |7 —WK[u < 0]|-u? and expectile 7 > 0.5 pulling
Vi (s) toward the upper tail. The critics are bootstrapped from
Vi via the H-step target yo = ry + ’yHVw(sHH):

Lqo(¢i) =Ep[(Qg,(st,ar) — yQ)2]7 ()
again avoiding extrapolation to unseen actions. Chunk rewards
ry come from SARM [35], a frozen stage-aware predictor
emitting a stage label z(o;) and within-episode progress
¢(o:) € [0, 1], combined into
T = @0 m) — G(0r) + Butage W [2(011) > 2(0r)] + Cij:":

terminal
3)
i.e. dense per-step shaping, a fixed bonus at each pre-
dicted stage advance, and a whole-episode success term (Ap-
pendix [B-C).
B. Policy Extraction via FlowDPG

A flow policy transports noise o to a feasible action z;
within the demonstration support, but x; is not necessarily
optimal under the critic. FlowDPG combines two vectors
(Fig. [3): the demonstration-driven velocity for feasibility, and
a critic-driven correction along V,(@ for value improvement.

progress stage
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Fig. 3: Top: flow matching transports noise to a demonstration-
feasible action a via vg. Bottom: FlowDPG adds a critic-driven
correction along V,Q(s, a) to reach a value-improved target a*, then
distills the resulting velocity vy back into the flow field.

The combined target is distilled back into vg via one L2
regression, avoiding backpropagation of V, @ through the full
ODE. FlowDPG costs one extra forward pass and one critic-
gradient evaluation per update, and leaves inference as a pure
ODE solve.

a) Q-gradient.: The clean action x; is estimated from
any intermediate x; by a single forward pass of vy,

Ga:=xt+ (1 —1t) vo(ze,t, ), 4)
which satisfies @ ~ z; when vy is accurate at (zy,t), an
approximation enforced by the consistency regularizer below.

We compute ¢ under no_grad and evaluate the critic gradient
there,

g = Vamini—12 Q¢,(s,a)], ®)
with stop-grad on the critic.
b) Adaptive shift.: As ||g|| varies widely across states and
steps, we normalize the step to the local velocity scale,
[t |
A=a- g, (©6)
lgll +¢
with base guidance scale o > 0 and stabilizer ¢.
c) Distilled target.: Summing gives the Q-improved
clean action and velocity target,
a*=a+ A, u; = a* — xo, @)
regressed alongside a behavior-cloning anchor,
Letowpra (0) = A lvg — i > +(1 = ) [lvg — we®,  (8)
———— —————
Laistin Lrc
(vg = vg(xs,t,8)), with A warming up linearly from 0 over
Nywarmup Steps so the unreliable early critic does not dominate.
d) Consistency regularizer.: A projection off the clean-
action manifold leaves the critic queried OOD and ¢ unreli-

able. Since the flow loss only supervises local velocity, we
add

Leons(0) =E[|la — 21]]. 9)
Substituting x; = (1 — t)xo + tx; into Eq. 4| gives & — 1 =
(1 —1t)(ve —ut), s0 Leons is a velocity-error penalty weighted
by (1—t)2, emphasizing small-t samples where the projection

Algorithm 1 FlowDPG: Offline-to-Online Training

Require: Buffers Dy, Don (empty);
Nwarmup; EMA rate p; expectile 7.

1: Pretrain SARM; init backbone, vg, (Vi, Qg¢,,Q@g,): targets Q% —
Q¢1ﬂ

scales  «, flcons; Amax; warmup

Offline phase

2: for k = 1,‘..,N0ffd0

3: Sample batch from Dygr; get r¢; draw o, t; form x¢, ue

4: vt 4 vg(Tt,t,8); G+ x¢ + (1 — t)vg; Leons < ||& — 21 ]|?
5: g < Vamin; Qg, (s, a) (stop-grad on critic)

6 A allulig/{lgll+ ) uf — a+ A — w0

7: A <= Amax min(k/Nyamup, 1

8: Update 0 by LeiowppG + fcons Leons (Eqs. [B] P)

9:  Update ¥, ¢1, ¢2 (Egs. ; EMA ¢; + pg; + (1 — p)¢;
10: end for

Online phase
11: Deploy g for autonomous rollout collection

12: for k =1,..., Non do

13: Append rollouts to Doy; sample Dygs U Dop at ~ 1:1
14: Update 6,1, ¢1, ¢2 as above (backbone, SARM frozen)
15: if £ mod Ngync = O then

16: Synchronize g to deployment
17: end if
18: end for

19: return vy

error is most amplified.

e) Relationship to vanilla DPG.: Treating the ODE ter-
minus z; as a deterministic actor, a vanilla DPG [25, [14]
update yields, by the chain rule (Appendix [A),

1
Vo Lppg = —/ g"®(1,t) - Vovg (x4, t,5) dt, (10)
0

where ®(1,t) := Jx1/0z; is the ODE sensitivity matrix—
computing it requires backpropagating through all 7' ODE
steps with O(T") memory and the usual explosion/vanishing
pathologies. Differentiating Lgowppg instead, with g detached,
gives
(1D
g(a) := g/||g|l- This recovers Eq. [10] under three approxima-
tions: (i) evaluating the critic gradient at a rather than zq,
collapsing ®(1,¢) to the identity (kept faithful by Leons); (ii) a
single-t Monte Carlo estimate of the trajectory integral, as in
flow-matching training; and (iii) the adaptive scaling 2\cv||u; ||
in place of ||g||, removing a known DDPG instability.
C. Offline-to-Online Pipeline

The two components slot into Fig. ] (Algorithm [I). In
the offline phase, backbone, action head, and value head
are jointly trained on demonstrations Dy with the FlowDPG
objective, producing a base policy. In the online phase, the
policy collects real-world rollouts asynchronously appended to
Don; the learner samples at ~1:1 from Dy U D,y to balance
demonstration quality and fresh experience. Backbone and
reward predictor are frozen to preserve representations and
reduce compute; updated actor/critic checkpoints synchronize
to deployment periodically.

Vo Lroworc = —2Xa||ue]| - g(a) - Vove (¢, t, s),

IV. EXPERIMENTS

Task and protocol. We evaluate on a long-horizon, dual-
arm AirPods assembly task (Fig. [I): 8 sequential sub-stages,



Grasp Open Grasp Insert Grasp Insert Close  Place
Method case case R pod R pod L pod L pod case case Overall Avg
BC (base) 100%  78.32%  7244%  68.54%  78.56%  66.23% 92% 9% | 64% 81.51%
Value-conditioning
RA-BC 100%  86.15%  80.52%  64.52%  82.49%  68.46% 96% 96% 76% 84.27%
AWR 100%  80.65%  78.43%  72.45%  78.77%  70.65%  100%  100% 76% 85.12%
RECAP 100%  89.29%  80.62%  69.69%  76.54%  64.52% 96% 100% 72% 84.58%
Auxiliary-module adaptation
DSRL 100%  79.85%  7547%  70.59%  78.13%  67.94% 92% 92% 68% 82.00%
PLD 100%  8527%  80.13%  79.82%  80.43%  79.59% 96% 96% 76% 87.16%
RLT 100%  86.93%  8241%  77.92%  84.14%  80.18% 96% 100% 80% 88.45%
Critic-gradient
QAM 100% 88% 83.33%  70.58%  73.52% 80% 100%  100% 80% 86.93%
FlowDPG (offline) 100%  89.29%  90.63%  84.38%  96.43%  83.33% 100%  100% 88% 93.01%
FlowDPG (+online) 100% 89.29% 9231% 86.21% 96.67% 88.89% 100% 100% 92 % 94.17 %

TABLE I: Per-stage, overall, and average success rates on the AirPods assembly task.

randomized case and pod poses, two Franka arms, and demon-
strations collected via GELLO [29]. Each policy runs on 25
cases (50 pod manipulations); within-stage failures do not
terminate the episode and retries are allowed. We report per-
stage success, the unweighted stage mean (Avg), and end-
to-end success (Overall), which requires all pods correctly
inserted.

Baselines. We compare three families of RL methods for
adapting a base flow policy (Sec.[[l): value-conditioning (RA-
BC [5], AWR [21], RECAP [22]), auxiliary-module adapters
(DSRL [27], PLD [30], RLT [31]])), and the concurrent critic-
gradient method QAM [13]]. All baselines share the same
backbone, action chunk horizon, reward, value head, and
offline/online data split as FlowDPG.

A. Main Results

Three patterns in Table ] connect each method’s mechanism
to its empirical ceiling. Value-conditioning is bounded by
the demonstration support: reweighting or conditioning over
existing data cannot synthesize OOD actions, so these methods
improve on mode-selection stages (Open/Close case) but stay
near the BC base on contact-rich stages (Insert R/L pod).
Auxiliary-module methods leave the base policy untouched:
DSRL optimizes the noise space (separated from the action by
the entire ODE), PLD’s single-step residual cannot reshape the
multi-step denoising, and RLT’s MLP actor—strongest of the
three but discarding multi-modal expressivity—caps headroom
at the adapter. Critic-gradient methods directly update the
base policy: FlowDPG uses V(@ to update the velocity field
itself, removing both ceilings. The concurrent QAM [13]]
pursues the same direction via adjoint matching but needs
an auxiliary adjoint flow and step-wise supervision at every
timestep, making it sensitive to critic noise; FlowDPG distills a
single critic-gradient evaluation via one L2 regression, derived
as an approximation of vanilla DPG (Sec. [II-B).

B. Online RL Improves Robustness to Unseen Disturbances

Online deployment lifts FlowDPG from 88% to 92% (Ta-
ble [[), with gains concentrated on contact-rich stages where

Disturbance Offline +Online A

Re-grasp (object replaced in tray) 8% 2% +14%
Re-open/close (case state inverted) 82% 94%  +12%
Re-insert (pod dislodged) 86% 2%  +6%
Adapt grasp (tray reshuffled mid-execution) 70% 8% +18%

TABLE II: Recovery rates under three disturbance families.

deployment-time data exposes under-represented corner cases.
To probe generalization, after the policy reaches the relevant
stage we apply three disturbance families, each over 50
trials: stage undo (returning a grasped case/pod to the tray
or inverting the case state), in-place adjustment (dislodging
an inserted pod), and scene perturbation (reshuffling tray
contents mid-reach). The offline policy handles undo distur-
bances reasonably (Table [[I), since the post-undo observation
resembles a demonstration starting state; its weak point is
scene perturbation, a mid-execution visual transition absent
from demonstrations. Online RL improves all four cases—
largest on scene perturbation—as the critic-guided update
teaches the velocity field to steer perturbed and partial-success
states back toward valid trajectories. Ablations isolating each
design choice—the consistency regularizer, adaptive shift,
and reward components, with mechanism-level diagnostics
appear in Appendices [C] and D]

V. CONCLUSION AND LIMITATIONS

We presented FlowDPG, a DDPG-style method for flow
matching policies that distills the critic gradient into the
velocity field via a single-step projection and L2 regression,
avoiding backpropagation through the denoising ODE and
recovering vanilla DPG under three explicit approximations.
On a long-horizon dual-arm AirPods assembly task it attains
92% end-to-end success, with ablations supporting each design
choice. Limitations. The reward needs stage-level annotations
and we evaluate on a single platform; broader generalization
is left for future work.
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APPENDIX A
DERIVATION OF THE VANILLA DPG GRADIENT ON A
FLOW MATCHING PoLICY

We provide the full derivation of Eq. [I0] for completeness.
The deterministic actor is the ODE terminus z; = xg +
fol v (z¢,t,s)dt, with zy ~ N(0,I) independent of 6. The
DDPG actor loss is Lppg = —Q(s, 1), so by the chain rule

VoLorg = ~VaQ(s,21)  Voz1 = —g - Voz1,  (12)
where g := V,Q(5,a)|a=s, € RI% is the critic gradient at
the action terminus, treated throughout as a column vector. It
remains to derive Vyxz, for the ODE actor.

a) Forward sensitivity equation.: Define the sensitivity
matrix M (t) := dx;/00 € RI¢¥I°l with initial condition
M (0) = 0 since x is parameter-free. Differentiating the ODE
% = vg (¢, t, s) with respect to 6 and applying the chain rule
on the right-hand side,

dM(t)

dt
This is a linear non-homogeneous ODE in M (¢). By variation
of parameters, its solution at t=1 is

1
M(1) = /0 O(1,t) - Vovo(zy, t, s) dt,

where ®(o,t) is the state-transition matrix associated with the
homogeneous part of Eq. defined as the solution to
09(o,t)
oo
®(1,t) describes how a perturbation of z; propagates to a
perturbation of z; — i.e., the Jacobian Ox1/0z;.
b) Final form.: Substituting Eq.[14] into Eq. [12] gives the
vanilla DPG gradient quoted in the main text:

1
VgﬁDpG = —/ gT(I)(l,t) . ngg(xt,t, 8) dt. (16)
0

= Vvg(xs,t,8) - M(t) + Vovg(my,t,5). (13)

(14)

= Vyvo(zs,0,8) - ®(o,t), O(t,t) =1. (15)

c) Discrete-time form.: Under Euler discretization
Ty, = Ty, + At -vg(wy,,t5,s) with T steps and At = 1/T,
the chain-rule recursion gives

T—1p T—1
Vor1 = At - Z [ H JJ} - Vovg(xy,, ti, 8),
i=0 Lj=it+1
Jj =1+ At - Vyvg(zy,,t5,5),

a7)

with the convention HJT:_%() = I, so that the term i =
T—1 contributes only Vgvg(xt,_,,-). The matrix product
HJT;ZIH J; is the discrete analogue of ®(1,t;). In practice
this recursion is what an autograd implementation would
compute when backpropagating through the ODE solver. The
product structure is precisely the source of the gradient ex-
plosion/vanishing pathology: small deviations in the spectral
radius of J; from unity compound multiplicatively across the
T steps, making the update numerically fragile when vy is not
yet well-trained.

d) Adjoint form.: Equivalently, define the adjoint state
At) := ®(1,t)Tg € Rlel, which propagates the terminal
gradient g backward in time. It satisfies the linear backward

ODE
dX(t
% = —V,vg(xs,t,8)" - A(t), A1) =g, (18)

integrated from ¢ = 1 to ¢ = 0. The DPG gradient can then

be written as

1
VoLppg = —/ At)" - Vovg(zs,t, 5) dt. (19)
0

This is the form that adjoint methods solve directly, computing
A(t) by backward integration and accumulating Vg contribu-
tions at each ¢t. FlowDPG bypasses both the forward sensitivity
matrix ¢ and the adjoint state A entirely, instead distilling a
single critic gradient evaluated at the in-distribution projected
clean action a.

APPENDIX B
IMPLEMENTATION DETAILS

A. Model Architecture

A DINOvV2 [19] visual encoder fuses multi-view RGB
images with proprioceptive states into a shared state embed-
ding s. The flow matching velocity predictor vg(xy,t,s) is a
Diffusion Transformer [20] that produces an H-step action
chunk in a single forward pass. On top of s, three MLPs
of matched capacity form the value head: Vi, (s) and two Q-
networks Qg, , (s, a) that additionally take the flattened action
chunk, each paired with an EMA target ()5, used in the value
loss (Sec. [I-A). The reward head is the frozen SARM module
sharing the same backbone.

B. Hyper-parameters

Table [lI]}lists the hyper-parameters used in our experiments.
Unless otherwise noted, all baselines share the same backbone,
action head, value head, reward, and offline/online data split,
and only their policy-extraction objective differs.

C. SARM Signals and Value Estimates Along a Rollout

Figure [] visualizes how the SARM signals and the learned
value/Q-estimates evolve along a successful real-world exe-
cution. The progress curve ¢(o;) provides a meaningful per-
step signal even within a single stage, supplying the dense
shaping that FlowDPG distills via the critic, and stage-label
jumps align with the keyframes in the top strip, illustrating
when the stage-transition bonus in Eq. [3] fires. The value
and Q-curves track each other closely throughout the rollout
(Vy =~ min; Qg,), confirming that twin-critic IQL produces a
well-calibrated value estimate suitable as a steering signal in
FlowDPG. The value rises monotonically over the long hori-
zon, with transient dips at contact-rich stages that reflect short-
term recovery from minor failures before the next successful
transition restores it.

APPENDIX C
ABLATION: CONSISTENCY REGULARIZER AND ADAPTIVE
SHIFT
We ablate each design choice with end-to-end success and
mechanism-level metrics (Fig. [5). Removing the consistency
regularizer lets the projection error ||G—x1 || plateau an order of
magnitude higher (Fig. [5(a)), amplifying the Q-value discrep-
ancy |Q(s,a)—Q(s,z1)| (Fig.[5(b)): the critic gradient is then



TABLE III: Hyper-parameters for FlowDPG. Symbols match the notation in the main text where applicable.

Hyper-parameter

Symbol Value

Flow matching policy

Action chunk horizon H 30

Number of ODE solver steps (inference) T’ 12

Flow timestep sampling t Uniform(0, 1)
Noise distribution xo N(0,I)
Policy network — DiT, 14 layers, 16 heads, dim 1024
Value estimation (Sec.

IQL expectile T 0.7

Discount factor ¥ 0.99

EMA rate for target critic o 0.005

Value network (V) — MLP, 3 layers, dim 512
Twin critic networks (Q4,) MLP, 3 layers, dim 512
FlowDPG (Sec.

Guidance scale «@ 0.5

Numerical stabilizer € le—6
Distillation weight (max) Amax 0.5

Warmup steps for A Nyarmyp 2,000
Consistency regularizer weight Lhcons 1.0

Reward (Eq.

Stage-transition bonus Bstage 1.0

Terminal success bonus reme 5.0

Terminal failure penalty ren -1.0
Optimizer and training pipeline

Optimizer — AdamW
Learning rate (actor) — le—4
Learning rate (critic) — le—4

Weight decay — le—4
Gradient clip norm — 1.0
Mini-batch size — 256

Offline training steps Noge 10,000
Online training steps Non 6,000
Online/offline mini-batch ratio — 1:1
Checkpoint sync interval (online) Niyne 2,000

Perception backbone
Visual encoder

Camera views

Image resolution

State embedding dimension

DINOv2 ViT-B/14

4 (front, top, left wrist, right wrist)
640 x 480

1024

evaluated OOD and points the wrong way, dropping Overall
from 92% to 80%. Removing the adaptive shift reduces the
update to a raw ag, whose unbounded magnitude makes the
training loss oscillate (Fig. 5[c)) and produces the largest
single-component drop (92% to 76%). The two components
mitigate the same root cause—a misdirected critic-gradient
signal—so removing both adds only a marginal further degra-
dation (72%).

APPENDIX D
ABLATION: REWARD COMPONENTS

We compare the full composite reward (Eq. [3) against three
variants; Figure [6] reports cumulative stage coverage with a
distinct failure signature per variant. Removing the progress
term causes (s, a) to collapse toward a near-constant baseline
within each stage, weakening V,(@Q and producing a gradual
erosion across the sequence (80%). Removing the stage-

transition term keeps the dense progress shaping but eliminates
the discrete bonus at sub-task completion, so V,@Q does not
strongly favor closing out a sub-task over hovering near its end
(76%). Removing both leaves only the terminal bonus: two vi-
sually similar states—the gripper holding a closed case before
opening and again after re-closing—become indistinguishable
under reward, so the policy frequently bypasses the entire
pod-handling sequence to place the case directly, dropping
sharply at Open case (96% — 80%) and ending at 60%,
below even the BC base. The progress and stage-transition
terms are thus not redundant: when shaping is this sparse, the
critic-gradient signal carries more noise than information and
actively degrades the policy.
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Fig. 4: SARM signals and value estimates along a successful AirPods assembly rollout. Top: keyframes at SARM stage
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Fig. 5: Ablation on the consistency regularizer and adaptive shift.
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