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Abstract: Behaviour Cloning (BC) has driven remarkable progress in robot ma-
nipulation, yet it is fundamentally limited by its inability to self-improve: a policy
that fails cannot learn from that failure without additional human demonstrations.
Reinforcement Learning offers a path to self-improvement but has proven difficult
to scale to the multi-billion-parameter models underpinning modern robot poli-
cies. We propose Q-Planning, which equips a large visuomotor BC policy with
a small off-policy Q-function. Q-learning is not restricted to successful demon-
strations the way BC is, so the same Q-function can be trained on demos and
later absorb both successful and failed deployment rollouts without ever imitat-
ing them. We exploit this asymmetry to enable value-guided action selection at
inference and online self-improvement that fine-tunes only the Q-function, with-
out ever updating the BC. Evaluated on LIBERO and RoboTwin, six iterations of
online self-improvement progressively lift LIBERO-10 success from 93% to 99%
while shortening successful episodes by 11%, updating only the Q-function; of-
fline Q-Planning also improves over the BC policy on 4 of 5 benchmarks (+1.4pp
on the LIBERO aggregate, +4.8pp on RoboTwin).

Keywords: Behaviour Cloning, Q-Learning, Model Predictive Control, Self-
Improvement, Vision-Language-Action Models
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Figure 1: Q-Planning overview. Left: at inference, the frozen BC policy samples N candidate
action chunks; the Q-function scores them and MPPI aggregates the chunk that is executed in the
environment. Right: rollouts (successful and failed) are appended to a replay buffer and used to
fine-tune only the Q-function. The updated ()4 returns to the next inference iteration; the BC policy
is never updated.

1 Introduction

Robot manipulation has progressed rapidly through large-scale Behaviour Cloning (BC), with
vision-language-action (VLA) models such as RT-2 [1], Octo [2], 7§ ¢ [3], Diffusion Policy [4]
and FastWAM [5] demonstrating impressive zero-shot generalisation on real-world tasks. This suc-
cess, however, comes at a structural cost: BC policies are bounded by the data they were trained
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on. A trained BC policy that fails on a task cannot learn from that failure without additional human
teleoperation, and there is no mechanism by which rollouts collected during deployment improve
subsequent behaviour. As we scale toward models with billions of parameters trained on millions of
demonstrations, this demo ceiling becomes the dominant bottleneck for further progress.

The natural fix, Reinforcement Learning fine-tuning of the policy itself, has been pursued aggres-
sively in the past year [6, 7, 8, 9, 10, 11, 12, 13, 14]. Yet updating a multi-billion-parameter VLA
on sparse-reward, on-policy data is expensive, brittle, and can silently degrade the very BC prior
that gave the policy its competence in the first place [15]. An alternative line of work, value-based
planning [16, 17, 18, 19], sidesteps policy updates by re-ranking action candidates at inference time,
but has not been demonstrated at VLA scale, where high-dimensional flow-matching action spaces
and long horizons make planning over random proposals intractable.

Our insight is that the actor and the critic can be decoupled and trained on different data. A BC
policy can only be trained on successful demonstrations (failure trajectories are not what we want
to imitate), but an off-policy Q-function has no such restriction: it can be trained on any trajectory,
successful or failed, because it estimates value rather than imitates actions. This asymmetry is
what makes the self-improvement loop efficient: we can keep the expensive BC policy frozen and
absorb all deployment signal, including failures, into a much smaller off-policy Q-function. Figure 1
illustrates this loop.

To combine the two components at inference we use MPPI [16], warm-started from BC samples (to
localise the search where the BC’s proposal distribution puts mass) and with temporal smoothing
of injected noise (to keep candidate chunks inside the Q-function’s training support). These three
pieces, the off-policy Q-function, MPPI warm-started from BC, and temporal smoothing, together
turn a frozen BC policy into a self-improving system. Concretely, on a hard 10-task LIBERO bench-
mark, self-improvement progressively lifts success from 93% to 99% in just 600 collected episodes
(6 iterations of 100 episodes each), with the BC parameters frozen throughout. Offline (before any
self-improvement), Q-Planning already improves over the BC policy on 4 of 5 benchmarks (41.4pp
on the LIBERO aggregate; +4.8pp on RoboTwin). Our contributions are:

1. An off-policy Q-function for large BC policies. A Q-chunking architecture with HL-
Gauss categorical outputs and its own DinoV2 [20] and TS5 [21] encoders, trained on the
same demonstrations used to train the BC policy.

2. Tractable Q-guided planning at VLA scale. A temporal-smoothed MPPI planner with
BC warm-starting that re-ranks flow-matching action chunks at inference, made efficient
by re-using a single encoder forward pass for all IV trajectory samples.

3. Self-improvement without touching the BC. A loop that turns 600 deployment episodes
into Q-only updates, lifting LIBERO-10 success from 93% to 99% (+9pp over the frozen
FastWAM policy).

2 Related work

Large-scale BC and VLA policies. The dominant paradigm for general-purpose robot manipula-
tion is large-scale Behaviour Cloning on teleoperated demonstrations [22, 1,2, 23,4, 3, 5, 24]. These
policies excel at imitating the demonstration distribution but inherit its ceiling: they cannot incorpo-
rate failure observations collected during deployment, and out-of-distribution states reliably degrade
performance [15, 25]. Q-Planning treats such a BC policy as a frozen action proposal distribution
and gives it a value function it never had.

Value functions and planning for control. Q-learning [26, 27, 28] and value-based planners such
as MPPI [16], TD-MPC [17, 18] and MuZero [19] have demonstrated strong control performance
in low-dimensional or simulated regimes, but extending them to VLA-scale manipulation has been
hindered by the cost of online planning over high-dimensional action spaces. Recent work has
explored pre-trained values as guidance for robotic foundation models [29, 30, 31, 32, 33], but does
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not address how to use the value function to actively self-improve via online iteration. Q-Planning
closes this gap.

Self-improvement and RL fine-tuning of robot policies. An active body of work fine-tunes large
robot policies with online [6, 7, 8, 9, 11, 10, 12, 14, 34] or offline [35, 13, 36, 37] RL, and several
recent systems iteratively co-improve a policy with a world model [38, 39, 40, 24]. All of these
methods update the policy parameters, often the entire VLA, which is expensive at scale and risks
degrading the BC prior. Q-Planning departs from this consensus: only the Q-function is updated
during self-improvement, while the BC policy is left untouched.

3 Method

Overview. Q-Planning consists of three components: an off-policy Q-function over action chunks
(Sec. 3.2), a temporal-smoothed MPPI planner with BC warm-starting (Sec. 3.3), and a self-
improvement loop that fine-tunes only the Q-function (Sec. 3.4). At every stage the base BC policy
is frozen.

3.1 Problem setting

We address language-conditioned manipulation in a partially-observed MDP with action a; € R%,
observation o; (RGB images from one or more cameras), natural-language instruction £, and per-
step terminal indicator d; € {0, 1} together with sparse terminal reward r; € {0, 1} that is 1 only
on the timestep at which the task is completed successfully. Following recent VLA work [4, 3, 5],
the BC policy 7B€ outputs an action chunk a.;yz € RH¥*4e of length H at each planning step.
We assume access to a dataset Dy of successful demonstrations used to train 75€. Our goal is to
improve policy performance with minimal additional human supervision: we may collect rollouts
with our own planner and update value-side parameters, but we never re-collect demonstrations and
never update 7BC.

3.2 Off-policy Q-function over action chunks

Motivation. Standard scalar Q-regression under sparse terminal rewards is unstable [41]: most
transitions carry no reward signal, and the long horizons of manipulation tasks amplify bootstrapping
error. We therefore (i) treat the length-H action chunk as a single super-action so the effective
bootstrapping horizon shrinks by a factor of H (Q-chunking [42]), and (ii) replace scalar regression
with HL-Gauss categorical regression [41], which projects each scalar target onto a fixed grid of
bins via a Gaussian kernel and trains the Q-network with a cross-entropy objective.

Module design. The Q-function has its own visual and language encoders, parameter-disjoint
from the BC policy: z}'* = Eqvbis(ot) uses DinoV2 and z*' = Eg'(£) uses TS. The Q-network

Qo (04, €, a4 ) is a transformer decoder that cross-attends to [z}™*; z*!] and takes the candidate

action chunk as a sequence of query tokens. The decoder output is projected to B HL-Gauss logits
£4; the predicted scalar value is the expectation of the softmaxed categorical distribution over the
bin grid {vb}szl of bin centres uniformly spaced in [Vpin, Vmax]:

B

QqS(Ot,e, at:t+H) = va : softmax(€¢(ot,£,at:HH))b. ()
b=1

Training. Following the Q-chunking formulation [42], we train )4 on chunked transitions
(Ot, Aty Hy T4+ H, Ot H, &y 125 ) sampled from a buffer D, initialised to the demonstration
dataset Dpc and later expanded with online rollouts (Sec. 3.4). At training time we do not query
7BC for a bootstrap action: we use the next chunk a; f.; 42 directly from the buffer, which when
the buffer is Dpc matches what 8¢ was trained to imitate and is therefore an unbiased sample of
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7BC in expectation. The chunked squared-error Bellman loss is

H-1 2
Q¢(0t7f7 at:t+H) - ’Yt Tttt — ’YH Q’(0t+H7£7at+H:t+2H)
é

t'=0

where ¢ are exponential-moving-average target parameters. In practice we minimise the HL-Gauss
cross-entropy projection of the right-hand-side target onto the bin grid rather than the squared er-
ror [41], which stabilises learning under sparse, bimodal returns. Critically, this loss applies un-
changed when D later includes online rollouts containing failures (Sec. 3.4), because Q”Bc is well-
defined for any state-action input regardless of where the data came from. This is the asymmetry
that lets us train Q4 on data 7BC itself could not be trained on.

Architectural decoupling. Keeping the Q-function’s encoders parameter-disjoint from 72€ is what

enables Q-Planning’s self-improvement loop: failures in one network cannot corrupt the other, and
the Q-function can be updated freely without ever touching the BC weights. Using large-scale
pre-trained vision and language backbones (DinoV2 and T5) lets the Q-function inherit broadly-
applicable inductive biases from web-scale supervision. An architecture diagram and training-
stability arguments are provided in Appendix A.

3.3 Temporal-smoothed MPPI

Motivation. Given ()4, the natural inference-time strategy is to sample N action chunks per plan-
ning step, score them with ()4, and aggregate via MPPI weights. Two issues break the naive recipe
at VLA scale: flow-matching BC heads produce near-identical samples (we mitigate this by running
only 5 denoising steps, which also halves latency), and replacing BC samples with random noise
yields chunks far outside Q)4’s training support. We therefore (i) warm-start the proposal from BC
samples to localise the search on the manifold the BC already finds plausible (Sec. 4.3), and (ii) ap-
ply temporal smoothing to injected noise so perturbed chunks stay temporally coherent. Figure 2
illustrates the effect on sample diversity.

Module design. We run 7 iterations of MPPI [16] per

K . . . oo ! BC sampling
planning step. At iteration ¢, the proposal distribution

at planning step ¢ has mean ég?t) g € REXde inj-
(0) -
tit+H
0¢,£) (the warm-start), and is perturbed by addi-
tive temporally-smoothed Gaussian noise: T T T T T T T
MPPI

tialised at iteration ¢=0 to the BC sample a
BC(

ay;fr)H = 5§Zt+H + Gy xp €7,

¢ e RFxda £ L N(0,1), n=1,...,N. °]
3
where G, is a 1-D Gaussian kernel of standard devi-
ation o convolved along the chunk axis & (so the per-
dimension noise is correlated across the H planning
steps). The MPPI weights are computed from Q-scores
with temperature A and used to update the proposal
mean:

MPPI + temporal smoothing

w0 o eXp(Q¢(ot7£,a§sz)/)\), ; ; ; ; ; ; ;

0 5 10 15 20 25 30
1+1) Z w(n ) a(” i) (4) H
AptrH = tit+H Figure 2: Action-chunk diversity on one

LIBERO-10 planning step (z-translation;
Afiter T iterations, the converged mean &'} ,; is exe- 64 candidates each). BC samples clus-
cuted in the environment up to a re-planning interval. (er tightly; vanilla MPPI spreads but is
The Q-network is evaluated for all N trajectory sam- Jagged; terpporal smoothing keeps spread
ples in a single forward pass: vision and text tokens are while staying coherent.
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encoded once per iteration and the N samples enter the decoder as N parallel query sequences, so
the per-iteration planning cost is dominated by one encoder pass plus one batched decoder pass.

3.4 Self-improvement loop

Motivation. A BC policy trained only on successful demonstrations has never seen the failure
modes that emerge under autonomous execution. Q-Planning closes this loop by deploying the
planner, collecting both successful and failed rollouts, and using them to refine only the Q-function.
This keeps the cost of one self-improvement iteration proportional to the size of the Q-function (~
1B parameters) rather than the BC policy (multi-billion; App. B), which is the expensive component
to train.

Algorithm. Algorithm 1 summarises the loop. Each iteration runs the planner for M episodes per
task on the target benchmark, appends the collected transitions (regardless of success) to a replay
buffer D, and refines () for S gradient steps on D using the loss in Eq. 2.

Algorithm 1: Q-Planning Self-Improvement

D < Dxgc;

for iterationt =1,2,...do

// (1) Collect rollouts under Q-Planning;
for task k € T, episode j = 1... M do

Reset env; receive og;

while episode not done do

Plan iteratively with MPPI: égl g via Egs. 3, 4;

(T
Execute ag:tlH; observe 7.4 H, 01 H

end
Append the full episode to D;

end

/ (2) Refine Q only (BC frozen);
fors=1...5do

Update ¢ on a minibatch from D via £(¢) (Eq. 2);

EMA update ¢ < 1 + (1-7) ¢;

~

end

end

Decoupling the policy from the value function lets the Q-function absorb failure signal that is not
present in Dgc, while leaving the BC’s behavioural prior intact. The loop can be folded into de-
ployment by alternating data collection with cheap Q-only updates, since the BC policy requires no
retraining. We use M = 100 episodes per task per iteration, S = 200 Q-only gradient steps per
iteration, and EMA target rate 7 = 0.005; full hyperparameters are in Appendix B.

4 Experimental results

Our experiments target the three core questions of an evidence-driven evaluation: (Q1) Does
Q-Planning preserve the BC policy’s offline performance while opening a path to online self-
improvement? (Q2) Which design choices (temporal smoothing, BC warm-starting) drive the result?
(Q3) Does Q-Planning enable self-improvement that the frozen BC cannot achieve on its own?

4.1 Experimental setup

We evaluate on two simulated manipulation benchmarks: the four LIBERO [43] suites (Spatial,
Object, Goal, and the 10 hard long-horizon tasks of LIBERO-10), and 47 RoboTwin [44] tasks (a
subset of the full RoboTwin suite that we have working evaluations for). All reported success rates
and episode lengths aggregate over 20 episodes per task. For the BC policy we use the publicly-
released FastWAM [5] weights, frozen throughout. The Q-function is trained on the same success-
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ful demonstrations that FastWAM was trained on (no additional data), for 12k gradient steps on
LIBERO and 20k on RoboTwin, on 4x H200 GPUs, until per-task Q-values converge. LIBERO is
evaluated with the standard episode budget of 540 environment steps (rather than the 700 steps used
in the FastWAM paper); absolute LIBERO success rates therefore sit a few percentage points below
FastWAM’s reported numbers, and this protocol applies identically to both baseline and Q-Planning
TOWS.

4.2 Which action source for planning?

We first ask which action source the Q-function should score: raw BC samples, vanilla MPPI noise,
or temporally smoothed MPPI noise (the three regimes visualised in Figure 2). We run all three vari-
ants on LIBERO-10 with N=5 BC samples and N=64 MPPI candidates, and report the unguided
FastWAM policy as a reference. Table 1 reports the result.

Table 1: Action source comparison on LIBERO-10 (10 tasks, 20 episodes/task). The reference
row is the frozen FastWAM with no value guidance. Q-Planning variants below differ only in how
trajectory samples are drawn. MPPI with temporal smoothing exceeds the baseline by +3pp; raw
BC sampling and vanilla MPPI do not.

Action source Success T Mean ep. length |
FastWAM (reference, no Q) 90.0 274
BC sampling 91.5 276
MPPI 89.5 270
MPPI + temporal smoothing 93.0 261

Only MPPI with temporal smoothing meaningfully exceeds the BC policy offline (43pp over Fast-
WAM). Vanilla MPPI sits slightly below the baseline because jagged candidates fall outside the Q-
function’s training support, making Q-scores unreliable; temporal smoothing restores in-distribution
proposals, which both lifts the offline number and (Sec. 4.5) makes the self-improvement loop work.

4.3 Warm-starting is essential for tractable planning

We next isolate the contribution of BC warm-starting by replacing the iteration-0 proposal mean

—(0 . . . . . .
agzt) “H = 78C (04, £) with a zero-mean Gaussian and otherwise running the identical planner on

LIBERO-10. Table 2 reports the result.

Table 2: Warm-starting ablation on LIBERO-10. Removing BC warm-starting collapses success
from 93.0% to 3.3%: greedy MPPI search over uninformative random actions is intractable at the
dimensionality and horizon of long-horizon manipulation. The handful of completed no-warm-start
episodes succeed only on the simplest tasks.

Initialisation Success 1

MPPI w/o warm-start 33
MPPI + BC warm-start (ours) 93.0

The +89.7 percentage-point gap addresses Q2: in the action dimensions and horizons that BC poli-
cies routinely handle, a value-guided planner without a strong proposal distribution has effectively
no chance of finding a successful trajectory by random search. Q-Planning’s viability rests on the
fact that the BC policy already proposes plausible candidates.

4.4 Main results: LIBERO and RoboTwin

Table 3 reports offline (no self-improvement) results across the four LIBERO suites and RoboTwin.
Q-Planning improves over FastWAM on every benchmark we tested except the already-saturated
LIBERO-Object (99.5 vs 100.0): +1.4pp on the LIBERO aggregate (winning 3 of 4 suites; +3pp
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(left), Q4 climbs from ~ 0.26 to ~ 0.63; on failure (right) it oscillates in a lower range and never
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Figure 4: Q-Planning self-improvement on LIBERO-10. (a) Q-function fine-tuning loss across
all gradient steps. (b) Policy success rate after each self-improvement iteration. (c) Mean successful
episode length after each iteration. Iteration O is the pre-self-improvement baseline (matches the
offline Q-Planning row of Table 3); iterations 1 —6 are after each successive round of 100 rollouts
followed by 200 Q-only gradient steps. Across the six rounds, success rises from 93% to 99% and
mean successful episode length drops from 261 to 232 environment steps. Dashed lines mark the
frozen FastWAM. The BC parameters are never updated.

on the hardest, LIBERO-10) and +4.8pp on RoboTwin. This answers Q1 cleanly: value-guided
action selection strictly improves the BC policy on average across both simulation suites without
ever updating its parameters. Figure 3 additionally visualises ()4 on a successful and a failed rollout.

Table 3: Offline main results on the four LIBERO suites and RoboTwin. Per-row values are means
of per-task success rates and per-task mean successful episode length. Bold marks the higher success
rate. Q-Planning (offline) improves over the BC policy on 4 of 5 benchmarks, by +1.4pp on the
LIBERO aggregate and +4.8pp on RoboTwin, without ever updating the BC.

FastWAM [5] Q-Planning (offline)

Benchmark Success T Ep.len. | Success? Ep.len. |
LIBERO-Spatial 90.5 106 91.5 115
LIBERO-Object 100.0 138 99.5 139
LIBERO-Goal 97.0 107 99.0 110
LIBERO-10 90.0 274 93.0 261
RoboTwin (47 tasks) 83.2 220 88.0 231
Mean 92.1 - 94.2 -

4.5 Online self-improvement on LIBERO-10

We finally answer Q3 on LIBERO-10, the most demanding LIBERO suite. Starting from the same
FastWAM and from a Q-function pre-trained on successful demonstrations only (iteration 0, match-
ing the offline Q-Planning row of Table 3), we run the loop in Algorithm 1 with M = 100 episodes
per iteration and S = 200 Q-updates per iteration. The BC policy is frozen throughout. Figure 4
shows the resulting curves.
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Success rises from 93% at iteration 0 to 99% at iteration 6, while mean successful episode length
shortens from 261 to 232 environment steps; the Q-function fine-tuning loss converges over the same
window. The improvement is achieved without updating any BC weights: the only parameters that
change between iteration 0 and iteration 6 are those of Q4.

5 Conclusion

We introduced Q-Planning, a route to self-improving robot manipulation policies that decouples the
actor from the critic by pairing a frozen BC policy with a off-policy Q-function evaluated at inference
via temporal-smoothed MPPI warm-started from BC samples. Offline, Q-Planning improves over
the BC policy on 4 of 5 benchmarks (+1.4pp on the LIBERO aggregate, +4.8pp on RoboTwin); six
iterations of online self-improvement that touch only the Q-function then progressively lift LIBERO-
10 success from 93% to 99% (+9pp over the frozen FastWAM) while shortening successful episodes
by 11%, evidence that a frozen BC policy can be improved through Q-function updates alone.

The asymmetry that makes this possible, namely that BC must train on successful demonstrations but
an off-policy Q-function can train on any rollout, is what lets the self-improvement loop scale with
Q4’s size rather than the policy’s. As VLA backbones grow toward 10B+ parameters, full-policy
RL fine-tuning becomes prohibitive and risks degrading the BC prior; Q-Planning freezes the BC
entirely and routes all deployment signal into a much smaller off-policy Q-function instead. Most
immediately, a real-robot loop with a learned per-episode success classifier would test whether the
simulation conclusions transfer; replicating self-improvement on the remaining LIBERO suites and
RoboTwin, swapping the BC policy (Octo [2], 7 ¢ [3], Diffusion Policy [4]), and a head-to-head
against full-policy RL fine-tuning [9, 6] would each further validate the approach. We hope Q-
Planning paves a way to self-improve large robot policies beyond the ceiling that imitation learning
alone can reach.

6 Limitations

BC policy dependence. Q-Planning cannot bootstrap from scratch: removing the BC warm-start
collapses success from 93% to 3.3% (Sec. 4.3). The method inherits the BC’s action-distribution
biases, and its gains scale with BC quality. The sparse terminal reward also assumes a reliable
per-episode success detector, trivial in simulation but non-trivial on real hardware.

Online planning overhead. Q-Planning replaces single-sample BC inference with N7'=192 candi-
date evaluations per planning step, adding decoder latency relative to direct BC inference (encoders
are amortised). Two directions could remove this: (i) fold the Q-signal into the BC via policy-
gradient fine-tuning, trading inference cost for training cost; (ii) replace MPPI with diverse direct BC
sampling, which needs a policy that produces diverse action chunks (not diffusion or flow-matching;
Sec. 4.2).
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A Q-function architecture
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Figure 5: Q-function architecture. The Q-function @) has its own DinoV2 visual encoder and T5
language encoder (parameter-disjoint from the BC policy). The transformer decoder cross-attends
to visual tokens zy* and language tokens z™" (keys/values) and takes the candidate action chunk
ar.++ g as a sequence of query tokens. The HL-Gauss head outputs B bin logits over discounted

returns and the scalar @) is the expectation of the softmaxed bin distribution.

B Implementation details

Hyperparameters. We use H = 16 action-chunk length, N = 64 trajectory samples per planning
step, 7' = 3 MPPI iterations, smoothing 0 = 2, MPPI temperature A = 1, discount v = 0.99,
and replan every H environment steps. When sampling action chunks from FastWAM during Q-
Planning, we use 5 flow-matching denoising steps (rather than the default), which roughly halves
BC inference latency and intentionally produces noisier samples that benefit the MPPI proposal
distribution. The Q-function output uses B = 101 HL-Gauss bins on [Umin, Vmax] = [0, 1] with
kernel width matched to bin spacing. Optimisation uses AdamW with learning rate 3x10~* and
an EMA target rate of = 0.005. Q-training runs on 4x H200 GPUs for 12k gradient steps
on LIBERO and 30k on RoboTwin before evaluation. One self-improvement iteration consists of
M = 100 collected episodes followed by S = 200 Q-only gradient steps on the combined offline +
online buffer; the BC policy is frozen for all S steps and across all iterations. LIBERO episodes are
capped at 540 environment steps; RoboTwin episodes use the benchmark default.

Model size. The Q-function totals approximately 1B parameters (DinoV?2 visual encoder ~ 300M,
T5 language encoder ~ 220M, transformer decoder ~ 500M). This is small relative to the multi-
billion-parameter FastWAM policy, and accounts for why one self-improvement iteration (S=200
Q-only gradient steps) is dramatically cheaper than a full-policy gradient step.

Training stability. Two ingredients keep Q-training stable under sparse terminal rewards: HL-
Gauss categorical regression removes the scale sensitivity of scalar MSE regression to sparse, bi-
modal returns, and Q-chunking shrinks the effective bootstrapping horizon by a factor of H, miti-
gating long-horizon variance blow-up.
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