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ABSTRACT
A small evolved adapter can make a frozen planner safer without
retraining it. We evolve two kinds, each starting as an exact copy
of the planner. Steer is a residual: it adds a sideways push to each
move, away from the hazard. Choose is a re-ranker: it reorders the
planner’s own candidate plans and swaps in a clearer one when
the planner’s choice comes too close. Hazards are placed against
the planner’s path at four graded levels, from clear of the path
to an unavoidable one on the goal. A noticeable result we found
was that the adapters transfer. Evolved on three systems driven by
two different planners, they ran unchanged on a fourth system that
search never saw: every selected adapter beat the planner alone, and
the best rose from 6 to 16/18 with no case lost. Untrained adapters
gained there too, so it is the design that transfers. On the training
systems, safe finishes rose from 18 of 54 to between 23 and 34 (11
of 12 significant). The price is some unfinished tasks. CMA-ES held
a slight edge over random search, all of it on the unseen system,
yet one untrained adapter did nearly as well as both: the design,
not the optimizer, did most of the work. On Block Plucking, an arm
task, search matched the planner alone.
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1 INTRODUCTION
World-model planners such as LeWM [14] and TD-MPC2 [10] finish
long tasks from images or states, but their cost measures only
progress toward the goal: nothing in it says what to avoid. The
usual fixes reach inside the planner, retraining it with a penalty
whose weight must be tuned [1] or adding a safety filter with hand-
set thresholds [18]. We instead evolve a small adapter beside the
frozen planner. Evolution needs only a ranking, so safety can be
ranked above progress with no weight to tune [8].

We compare each selected adapter, case by case, with the bare
planner (the planner alone), with random search on the same budget,
and with untrained adapters, whose genes are random and never
searched. We ask:
• RQ1. Does an adapter add safe finishes over the planner alone,

and at what cost?
• RQ2. Does CMA-ES beat random search?
• RQ3. Does search beat untrained adapters?

• RQ4. Does one shared adapter work on a system that search
never saw?
Our contributions are:

• a test bed of graded hazards, placed against a frozen planner’s
own path, for adapters that start as exact copies;

• two adapters that wrap a sampling planner and know which way
is safe: Steer, a residual, and Choose, a re-ranker;

• evidence that the design transfers: shared across two planners,
it ran unchanged on an unseen system;

• a matched comparison of CMA-ES, random search and untrained
adapters.

2 BACKGROUND
The planners. LeWorldModel (LeWM) [14] learns a world model
from pixels. It plans with the cross-entropy method (CEM): sample
many action sequences, keep the best, refit a Gaussian to them,
and repeat. Far goals are hard for it, so we use Anchored Planning
(AP) [13], which aims each plan at a nearby observation taken from
memory instead of at the far goal. Every five actions, AP picks
the five-action move whose imagined result lands closest to that
anchor:

a★𝑡 :𝑡+4 = argmin
a



𝑧𝑡+5 (a) − 𝑧anchor𝑡



2 . (1)

TD-MPC2 [10] learns from states instead, and plans with MPPI,
a sampling method like CEM that weights samples by predicted
value. We use its released Meta-World basketball checkpoint [20].

Safety and evolution. Constrained reinforcement learning
treats risk as a limit [1, 6]; safety filters replace unsafe commands [11,
18]; residual learning adds a correction to a fixed controller [12, 19].
Evolution handles constraints without a penalty weight [8, 17] and
has been used for safe reinforcement learning [4, 15]. Diagonal
CMA-ES [9, 16] handles tens of genes, and random search is its
natural baseline [5]. As a few runs can hide large uncertainty [2],
we compare methods case by case.

3 PROBLEM FORMULATION
Planner, hazard, adapter. A frozen planner 𝑃 picks each action
from what it observes, 𝑎𝑡 = 𝑃 (𝑜𝑡 ); its world model, settings, mem-
ory and seeds never change. A hazard 𝐻 is a region the body must
not touch, and 𝑃 never sees it: it is not in its images or states. An
adapter with genes 𝑥 ∈ [−1, 1]𝑛 wraps 𝑃 and does know 𝐻 , giving
the policy 𝜋𝑥 (𝑜𝑡 , 𝐻 ). At 𝑥 = 0 it is the planner alone, bit for bit:
𝜋0 ≡ 𝑃 . A monitor counts every touch, at every simulator sub-step,
and never prevents one.

Outcomes. Let 𝑔(𝜏) = 1 if episode 𝜏 finished the task and 𝑣 (𝜏) =
1 if it touched the hazard at any step. It is a safe finish if it finished

https://sachin2911.github.io/evolveDontRetrain/


without a touch: 𝑠 (𝜏) = 𝑔(𝜏) (1 − 𝑣 (𝜏)) = 1. For a policy 𝜋 ,

𝐽𝑟 (𝜋) = Pr
𝜋
[𝑔 = 1], 𝐽𝑐 (𝜋) = Pr

𝜋
[𝑣 = 1], 𝐽𝑠 (𝜋) = Pr

𝜋
[𝑠 = 1] . (2)

The textbook problem is a constrained Markov decision process [3,
7]: max𝑥 𝐽𝑟 (𝜋𝑥 ) subject to 𝐽𝑐 (𝜋𝑥 ) ≤ 𝛿 . A safe finish is both a finish
and a run without a touch, so 𝐽𝑠 ≤ 𝐽𝑟 and 𝐽𝑠 ≤ 1 − 𝐽𝑐 : raising 𝐽𝑠
lifts the floor under finishing and lowers the ceiling on touching.
We fix no limit 𝛿 and no weight; we raise 𝐽𝑠 directly.

Cases and ranking. A case 𝑖 fixes a system, a start, a goal
and a hazard placed against the planner alone’s path at a level
ℓ𝑖 ∈ {1, 2, 3, 4} (Section 5). We compare two candidates by asking,
in order: Which lost fewer of the planner alone’s safe finishes?
Which has more safe finishes? Which finishes more often? Ties
go to the one that went less deep into the hazard, ended closer to
the goal, and acted less often. Cases lost come first, so an adapter
that breaks something the planner did well cannot win on gains
elsewhere. In symbols, with 𝜏𝑖 the episode of 𝜋𝑥 on case 𝑖 and 𝜏0

𝑖
the planner alone’s,

𝐿 =
∑
𝑖 𝑠 (𝜏0𝑖 )

(
1 − 𝑠 (𝜏𝑖 )

)
, 𝑆 =

∑
𝑖 𝑠 (𝜏𝑖 ), 𝐶 =

∑
𝑖 𝑔(𝜏𝑖 ), (3)

and candidates are sorted on

𝐹 (𝑥) =
(
−𝐿, 𝑆, 𝐶, −𝐷, −𝐸, −𝑇

)
, (4)

largest first, element by element, where 𝐷 is the depth inside the
hazard, 𝐸 the final distance to the goal and𝑇 the number of decisions
where the adapter acted.

The task. Find one 𝑥 shared by every training system,

𝑥★ = lexmax
𝑥∈[−1,1]𝑛

𝐹 (𝑥 ;Ctrain), (5)

where Ctrain are the training cases, and judge 𝑥★, unchanged, on
separate test cases: from the training systems, and from a system
that search never saw.

4 ADAPTERS
Steps. Every distance is measured in steps. One step is how far the
planner alone typically travels in one decision, so one adapter can
work across systems of very different size. The hazard’s contact
ring is its radius plus the body’s; crossing it is a touch.

Senses. Each adapter reads the same eight numbers about the
planner’s next move: how far ahead the hazard is, how far to the
side (ℓ , signed), how big its contact ring is (𝜎), how close the planned
move comes to the ring (𝑐 , the predicted clearance), the distance
to the goal, whether the hazard lies toward the goal, how much of
the episode is left, and the adapter’s own last push. Distances are
capped at 6 steps and scaled to [−1, 1].

The gate. An adapter acts only when its gate is open. The gate is
a linear test on the senses 𝑠 (with the side offset replaced by its size,
so mirror-image cases look alike). Once open, Steer’s gate stays
open until the score falls by a release margin 𝜌 , so it does not flicker;
Choose’s gate has no margin (𝜌 = 0):

𝑜𝑡 =

{
1[𝑤⊤𝑠𝑡 + 𝑏 > 0 ] if 𝑜𝑡−1 = 0,
1[𝑤⊤𝑠𝑡 + 𝑏 > −𝜌 ] if 𝑜𝑡−1 = 1.

(6)

The gate is always shut when the hazard is more than 6 steps away.
Starting as the planner. Genes map linearly from [−1, 1] to

each gene’s range (Table 1). At the centre every gate weight and
the bias are zero, so the gate never opens and the adapter is the

Algorithm1One decisionwith an adapter. Steer’s push is a residual
on the planner’s move.
Require: frozen planner; hazard (adapter only); genes 𝑥 (Table 1)
1: 𝑎𝑡 ← the planner’s own move.
2: if Choose then ⊲ inside the planner’s search
3: Gate 𝑜𝑡 on the senses of the starting plan (Eq. 6).
4: if 𝑜𝑡 = 1 then
5: for each checked round (fractions 𝑟0 to 𝑟1 of the rounds) do
6: Play the best few plans forward; measure clearance 𝑐𝑖 .
7: Rank them by 𝑘𝑖 = 𝑧𝑖 + 𝜆[𝑚 − 𝑐𝑖 ]+, not by cost 𝑧𝑖 .
8: end for
9: 𝑎𝑡 ← 𝑎★𝑡 if the final plan is within𝑚 and 𝑎★𝑡 is clearer (Eq. 9).
10: end if
11: end if
12: if Steer then ⊲ the residual
13: Gate 𝑜𝑡 on the senses of 𝑎𝑡 , with release 𝜌 (Eq. 6).
14: if 𝑜𝑡 = 1 and the hazard is less than ℎ steps behind then
15: Push 𝑑𝑡 steps away from the hazard (Eq. 8).
16: Shift the planned displacement: 𝛿𝑡 ← 𝑓 𝛿𝑡 + 𝑑𝑡 𝑢 𝑛𝑡 if 𝑒𝑡 > 0,

with 𝑢 one step and 𝑛𝑡 the unit sideways direction.
17: 𝑎𝑡 ← the action that moves by 𝛿𝑡 , within the action limits.
18: end if
19: end if
20: Run 𝑎𝑡 . With every gate shut this is the planner alone, bit for bit.

planner alone, bit for bit (checked by hash on all four systems). This
also lets us skip runs: if a candidate’s gate would never open on
the senses logged in the planner alone’s run of a case, we copy that
outcome (a skipped run).

Steer (Algorithm 1, 15 genes) edits the move the planner pro-
poses. When its gate is open, it pushes only sideways and only away
from the hazard. The push is set by the shortfall 𝑒𝑡 : how far the
planned path must move to pass the contact ring with a margin𝑚.
With the hazard ℓ𝑡 steps to the side, a ring of size 𝜎𝑡 and a predicted
clearance 𝑐𝑡 ,

𝑒𝑡 = max
(
𝑚 + 𝜎𝑡 − |ℓ𝑡 |, 𝑚 − 𝑐𝑡

)
. (7)

If the path would cross 0.5 steps inside the ring and𝑚 = 0.25, then
𝑒𝑡 = 0.75 steps. A gain 𝜅 scales it, an authority 𝐴 caps it, and the
sign points away from the hazard (sgn 0 = 1):

𝑑𝑡 = − sgn(ℓ𝑡 ) min
(
𝐴, 𝜅 [𝑒𝑡 ]+

)
. (8)

Steer may also slow the move by a factor 𝑓 (Algorithm 1), and stops
once the hazard is ℎ steps behind.

Choose (13 genes) works inside the planner’s search, which
refines its candidate plans over several rounds. When Choose’s
gate is open, a checker that knows the hazard plays the best few
candidates forward and measures their clearance 𝑐𝑖 . Each is then
ranked by its standardized cost 𝑧𝑖 plus a penalty 𝜆 for every step
it falls short of the margin. At the end, Choose swaps in the best-
ranked plan 𝑎★ only if the planner’s final plan comes inside the
margin and 𝑎★ is clearer:

𝑘𝑖 = 𝑧𝑖 +𝜆 [𝑚−𝑐𝑖 ]+, 𝑎𝑡 =

{
𝑎★𝑡 if 𝑐own𝑡 < 𝑚, 𝑐★ > 𝑐own𝑡 ,

𝑎own𝑡 otherwise.
(9)

Choose + Steer runs Choose, then Steer on Choose’s move.



Evolve, Don’t Retrain? Safety Adapters for Frozen World Models

Algorithm 2 Lockstep search, one repeat
Require: frozen planner, adapter genes 𝑥 ∈ [−1, 1]𝑛 , 12 fixed training

cases, selection cases
1: Run the planner alone once on every case and log its senses.
2: Start CMA-ES at 𝑥 = 0 (the planner alone).
3: for each generation, until the deadline do
4: Sample 8 CMA-ES candidates and 8 uniform random draws.
5: for each candidate and each of the 12 cases do
6: If its gate stays shut, copy the planner alone’s outcome.
7: Otherwise run the case.
8: end for
9: Rank every candidate by Eq. 4; update CMA-ES from its ranks.
10: end for
11: Each method’s best candidates are re-scored on the selection cases.
12: Select one adapter per method; only then open the test cases.

5 GRADED HAZARDS
The planner cannot see the hazard, so its path is the same wherever
we put it. We therefore run it once on the clean case, record its path,
and place the hazard where we want relative to that path (Figure 1).
The hazard’s radius is one step. There are four levels:
• Level 1, Clear: 2 to 3 steps off the path. The planner alone stays

clear, so an adapter can only lose cases.
• Level 2, Graze: the planner alone clips the edge by a quarter

step; a small nudge clears it.
• Level 3, On the path: the planner alone drives through the

middle; avoiding it takes a detour of a step or more.
• Level 4, On the goal: the hazard covers the whole goal region.

No run can finish safely; the safe choice is to stop short.
Levels 1 and 2 appear on both sides of the path, so an adapter that
always pushes one way fails half of them.

Systems. Search trains one shared adapter on TwoRoom, PushT
and basketball together. Reacher is the unseen system, used only
in the test. TwoRoom, PushT and Reacher use LeWM with AP;
basketball uses TD-MPC2. One step is 12.5 px on TwoRoom, 41.1 px
on PushT, 2.09 cm on basketball and 4.26 cm on Reacher. What
counts as touching is the agent (radius 7 px) on TwoRoom, only the
pusher (radius 15 px) on PushT, so the T-shaped block may pass
through, and the fingertip (radius 1 cm) on Reacher. On basketball
it is the gripper, and the hazard is a cube across the path the ball is
carried along. On an On-the-path case the planner alone goes 1.00
to 1.56 steps into the hazard.

Cases. Each training system has 18 training cases (levels 1–3), 6
selection cases, and 24 test cases (levels 1–4), each set drawn from
different recorded episodes. Reacher has test cases only, for 96 test
cases in all. The planner alone finishes every case, so it finishes
safely on every Clear case and on none of the others.

6 SEARCH
Two methods in lockstep. We compare diagonal CMA-ES [16]
(pycma; population 8, initial step size 0.6, started at the centre)
with random search, which draws 8 uniform points per generation
(Algorithm 2). Both run in lockstep: the same generations and the
same cases, so both face the same luck.

Table 1: Gene ranges; each gene maps linearly from [−1, 1].
The gate’s 8 weights and bias are zero at the centre. Choose’s
𝑟0 and 𝑟1 pick which rounds are checked: 28 checks per deci-
sion, plus one each for the starting and final plan.

Steer (15 genes) Choose (13 genes)

gate 𝑤𝑘 , 𝑏 (9) [-3, 3]
release 𝜌 [0, 2]
margin𝑚 [0, 2]
gain 𝜅 [0, 2]
authority𝐴 [0, 1.5]
slow-down 𝑓 [0.5, 1.2]
behind ℎ [0, 2]

margin𝑚 [0, 2]
penalty 𝜆 [0, 10]
first round 𝑟0 [0, 1]
last round 𝑟1 [0, 1]
gate 𝑤𝑘 , 𝑏 (9) [-3, 3]

The same cases every generation. Each candidate runs the
same 12 training cases in every generation: per system, one Clear,
twoGraze and oneOn-the-path case, so a rank reflects the candidate,
not the draw. The two repeats use different cases.

Selecting before testing. Each method’s four best candidates
(for CMA-ES: three plus its final mean) are re-scored on the 18
selection cases; the best becomes its selected adapter, fixed before
any test case is opened. With two repeats, each method has two
selected Steer and two selected Choose adapters; Choose + Steer
pairs those of the same method and repeat.

Budget. One 60-minute deadline gave repeat 1 of each adapter
15 generations and repeat 2 12, on three cloud machines with RTX
4090 GPUs. The searches ran 8,583 episodes and the test 1,450, not
counting skipped runs. Skipped runs saved 13 to 27% of each search.
The design, comparisons and tests were fixed before any result of
this run.

7 RESULTS
All counts are safe finishes on the test cases, compared case by case
with the planner alone, on levels 1–3 unless stated. A gain is a case
the adapter finished safely and the other did not, a loss the reverse,
and 𝑝 is the two-sided exact sign test on them. On these levels the
planner alone has 18 of 54 on the three training systems and 6 of 18
on Reacher. Figure 2 shows every selected and untrained adapter;
Table 2 breaks them down by level.

RQ1: many more safe finishes. On the three training systems,
every selected adapter beat the planner alone’s 18 of 54, scoring
between 23 and 34. 11 of the 12 gains are significant by a paired
sign test. The best was Choose + Steer from CMA-ES, repeat 2: 34
of 54, with 20 cases gained and 4 lost (𝑝 = 0.002) (Table 3, Figure 4).

The cost: fewer finishes. The planner alone finishes all 54
training-system test cases. Choose kept 48 to 49 finishes; Steer and
Choose + Steer kept 34 to 47. Selected adapters lost 0 to 4 of the 18
Clear cases the planner alone finished safely. A detour can leave
the planner unable to reach its goal in time.

RQ4: the unseen systemgained too.OnReacher, which search
never saw, Steer from CMA-ES, repeat 1, and Choose + Steer from
CMA-ES, repeat 1, both reached 16 of 18 against the planner alone’s
6: 10 cases gained and 0 lost (𝑝 = 0.002). Every selected adapter
scored between 8 and 16 there; 10 of 12 lost no case, and 2 were
significant. Untrained adapters did as well: three of four reached
12 or 13 (𝑝 ≤ 0.031). What transfers is the design.



2-3 steps

2-3 steps off the path.
Nothing to do.

Level 1: Clear

Clips the edge by a
quarter step. A small
nudge clears it.

Level 2: Graze

Centred on the path.
Needs a detour of a
step or more.

Level 3: On the path

Covers the goal.
No safe finish:
stop or touch.

Level 4: On the goal

TwoRoom

1

2
3

4

PushT

1

2
3

4

Reacher

1

23

4

Basketball

1 2

3

4

planner's path start goal placement point contact ring level 1 level 2 level 3 level 4

Figure 1: Top: where each level puts the hazard on a path, and what it takes to avoid it. Bottom: the same four levels on one
recorded run of the planner alone per system. Basketball is the real scene at the moment the ball scores, with the four keep-out
boxes drawn in; Graze overlaps On the path, so it is an outline. Darker red means a harder level.

0 6 12 18

Choose + Steer

Choose

Steer

planner alone: 6
TwoRoom

0 6 12 18

planner alone: 6
PushT

0 6 12 18

planner alone: 6
Basketball

0 6 12 18

planner alone: 6
Reacher (unseen)

safe finishes on the level 1-3 test cases (18 per system)

CMA-ES Random search Untrained adapter Planner alone

Figure 2: The dashed line is the planner alone. Nearly every selected adapter sits to its right, on every system. Random search
(orange) reaches as far as CMA-ES (blue) on the training systems, but not on Reacher. Grey squares: untrained.

RQ2: a slight edge to CMA-ES, on the unseen system. Of
12 paired tests of CMA-ES against random search (each adapter

type and repeat, on the training systems and on Reacher), only
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Table 2: Safe finishes per level, of 6 cases each; bold cells beat the planner alone at that level, grey cells fall below it. On the goal
(L4) has no safe finish, so it shows finishes / touches instead: fewer of both means the adapter stopped short.

TwoRoom PushT Basketball Reacher (unseen)

Adapter L1 L2 L3 L4 L1 L2 L3 L4 L1 L2 L3 L4 L1 L2 L3 L4

Planner alone 6 0 0 6/6 6 0 0 6/6 6 0 0 6/6 6 0 0 6/6

Steer, CMA-ES, repeat 1 3 2 2 3/3 6 4 0 2/6 6 3 3 0/4 6 5 5 0/5
Steer, CMA-ES, repeat 2 5 4 3 3/4 6 3 1 0/6 4 2 1 2/3 6 4 0 2/6
Steer, random search, repeat 1 5 4 1 3/3 5 2 0 0/5 4 2 4 3/5 6 3 1 2/5
Steer, random search, repeat 2 5 2 3 3/5 6 2 0 0/6 6 3 3 3/4 6 2 0 3/6
Steer, untrained adapter 1 4 2 0 6/6 5 6 0 4/6 6 3 0 4/4 6 5 2 1/6
Steer, untrained adapter 2 5 0 0 6/6 6 2 0 6/6 4 2 0 5/5 6 4 2 6/6
Choose, CMA-ES, repeat 1 6 1 0 1/1 6 2 0 4/6 5 4 2 5/5 6 2 0 6/6
Choose, CMA-ES, repeat 2 6 0 0 5/5 6 0 0 5/6 5 4 2 4/4 6 3 1 5/6
Choose, random search, repeat 1 6 1 0 6/6 6 3 0 4/6 6 4 3 5/6 6 3 1 6/6
Choose, random search, repeat 2 6 0 0 4/4 6 3 0 5/6 4 4 4 4/5 5 2 1 5/6
Choose, untrained adapter 1 6 4 0 2/2 6 5 0 4/6 6 3 3 3/6 6 3 3 6/6
Choose, untrained adapter 2 6 0 0 6/6 6 0 0 6/6 6 0 0 6/6 6 0 0 6/6
Choose + Steer, CMA-ES, repeat 1 3 4 1 1/1 6 3 0 0/6 6 2 5 0/1 6 5 5 0/6
Choose + Steer, CMA-ES, repeat 2 5 5 3 2/3 5 3 1 0/6 4 5 3 1/2 6 4 1 2/6
Choose + Steer, random search, repeat 1 5 4 2 1/1 6 1 0 0/0 4 4 4 2/5 6 4 0 1/4
Choose + Steer, random search, repeat 2 4 4 2 1/2 6 2 0 0/4 6 4 5 3/3 5 3 1 1/6

1 was significant: Steer, repeat 1, on Reacher, 6 cases to 0 (𝑝 =

0.031). Summed over the six pairs, CMA-ES won 24 cases and lost
8 on Reacher, but 38 and 43 on the training systems; Choose alone
favoured random search (CMA-ES 10, random 17). The pairs share
cases, so we do not test the sums. Most of the Reacher lead is one
CMA-ES Steer adapter, counted in two pairs (Steer and Choose +
Steer, repeat 1); where they were searched, the two tied.

RQ3: search made gains reliable, not larger. One untrained
Choose adapter did as well as most selected adapters: 33 of 54, and
12 of 18 on Reacher, with 0 cases lost. The other opened its gate
on only 33 of 96 test cases and matched the planner alone’s safe
finishes case for case: 18 and 6. The two untrained Steer adapters
scored 26 and 19 of 54, each losing 3 cases. Every selected adapter
beat the planner alone; only one beat the best untrained adapter.

On the goal: stopping short. No adapter can finish an On-the-
goal case safely; what changes is how often it touches. The planner
alone finishes and touches on all 24 cases. Steer and Choose + Steer
often stop short instead: they touched on only 10 to 21 of 24. Choose
stops less often; it touched on 18 to 24.

Training. Both methods beat the planner alone on the training
cases within a few generations (Figure 3); CMA-ES’s average sat
higher on Choose but rose measurably in one search of four (Steer,
repeat 1: Spearman 𝑟𝑠 = 0.25, 𝑝 = 0.007).

8 WHAT THE ADAPTERS DID
The gates opened on the hazards. On Graze and On-the-path
cases (Figure 5), the gates of the selected adapters opened in nearly
every episode: the CMA-ES Choose adapter of repeat 1, for example,
in 48 of 48.

Steer moved the path outward (Figure 6). On TwoRoom the
planner alone’s mean closest approach to the contact ring is -0.91
steps (inside it); with Steer it ranged from -0.01 to 1.04. On basketball
it moved from -0.62 to between 0.64 and 1.54. PushT moved least,
from -0.81 to between -0.61 and -0.23.

Choose swapped plans only when its plan was too close.
On the LeWM systems, when its gate opened, Choose’s checker

found a plan predicted to clear the hazard in 82 to 88% of decisions.
It ran its best-keyed plan in 20 to 30% of open decisions; otherwise
the planner’s own plan was already clear enough, or no checked
plan was clearer. It moved the closest approach less than Steer
(TwoRoom -0.88 to -0.52 steps), fitting its higher finish rate.

9 BLOCK PLUCKING: AN ARM TASK
Block Plucking tests the same procedure on a task whose failures
are its own, with no hazard added.

The task. A simulated Franka arm must pull the middle block
out of a stack of three (Figure 7), in Isaac Sim 6.2 and Isaac Lab 3.0
at 20Hz. We use the Hard variant, with a lighter top block and a
smaller base. A failure is any of: a block falls below 0.13m, the top
block slides more than 0.07m from the base, or the gripper leaves
its boundary. A finish is sustained if it still holds 40 controls later
with no failure, and here 𝑆 counts sustained safe finishes.

The planner. It is AP again, with a memory of the 161,709 steps
in the 1,369 successful demonstrations released with UNISafe [18].
Each decision retrieves the 64 most similar moments and considers
the five recorded actions that followed each one. UNISafe’s safety
filter only watches: its signals are logged, never applied. On Hard
probes it finished 5 of 12 but failed in 8 of 12, so finishing and
staying safe pull against each other.

The adapter. A segment selector re-ranks the 64 retrieved mo-
ments inside the planner’s final choice. Five weights 𝑤 trade the
planner’s imagined cost 𝑧𝑖 (Equation 1) against five standardized
features 𝑦𝑖 : retrieval distance, imagined cost, mean arm-action size,
the share of gripper-closing commands, and progress through the
demonstration. With𝑤 = 0 it is the planner alone:

𝑖★ = argmin
𝑖

(
𝑧𝑖 −𝑤⊤𝑦𝑖

)
. (10)

A selector can only replay recorded behavior. We chose it after a
screen of 24 random adapters of each kind on 4 starts: a residual
on the planner’s command finished 1 of 96 episodes and failed in
85, while the selector finished 76 and failed in 18.
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Figure 3: Solid lines are each generation’s average and dashed steps the best found so far, both as safe finishes minus the planner
alone’s on the 12 training cases. Both methods beat the planner alone early, and neither’s best pulls clearly ahead.

Table 3: Case-by-case comparisons on levels 1–3: cases gained–lost by the first method against the second, with the two-sided
sign-test 𝑝, over the three training systems (54 cases) and on the unseen Reacher (18). Bold marks 𝑝 < 0.05.

CMA-ES vs planner alone Random search vs planner alone CMA-ES vs random search

Training Reacher Training Reacher Training Reacher
Adapter g–l 𝑝 g–l 𝑝 g–l 𝑝 g–l 𝑝 g–l 𝑝 g–l 𝑝

Steer, repeat 1 14–3 0.013 10–0 0.002 13–4 0.049 4–0 0.12 9–7 0.80 6–0 0.031
Steer, repeat 2 14–3 0.013 4–0 0.12 13–1 0.002 2–0 0.50 9–10 1.00 2–0 0.50

Choose, repeat 1 9–1 0.021 2–0 0.50 11–0 <0.001 4–0 0.12 3–6 0.51 1–3 0.62
Choose, repeat 2 6–1 0.12 4–0 0.12 11–2 0.022 3–1 0.62 2–6 0.29 4–2 0.69

Choose + Steer, repeat 1 15–3 0.008 10–0 0.002 15–3 0.008 4–0 0.12 7–7 1.00 7–1 0.070
Choose + Steer, repeat 2 20–4 0.002 5–0 0.062 17–2 <0.001 4–1 0.38 8–7 1.00 4–2 0.69
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Figure 4: Blue bars are test cases gained over the planner alone, red bars cases lost, per selected adapter and system, with the
counts printed on the bars. Gains outweigh losses in almost every row; bold with a star marks 𝑝 < 0.05.

The search. Candidates are ranked by 𝑆 , then finishes, then
fewer failures. Diagonal CMA-ES (population 8, initial step size 0.5)
ran 8 generations on two shared starts per generation. Random
search ran 16 draws from the same starting distribution, 𝑁 (0, 0.52𝐼 ),
on 8 starts, so each method used 128 episodes. The selected CMA-ES

adapter is its final mean; the selected random one is its best draw.
Each of three repeats was tested on 16 fresh starts. We fixed the
rule first: over all 48 starts, the procedure transfers if CMA-ES gains
at least 9 sustained safe finishes over the planner alone with no
more failures, and shows no signal if both differences are within 3.
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Figure 7: Block Plucking: the arm pulls the yellow middle
block out of a stack of three without dropping or displacing
the others. Frames from an earlier study on the regular task,
not the pilot.

The planner alone is a coin toss. On 48 calibration starts on
Hard it failed at a rate of 0.52 (Wilson 95% interval 0.38 to 0.66) and

sustained a safe finish at only 0.29. It cannot see when the block is
out, so it keeps following anchors.

The pilot found no signal (Figure 8). Over all 48 starts, CMA-
ES and the planner alone both reached 10 sustained safe finishes,
with 26 failures against 28. Start by start, CMA-ES gained 9 and lost
9 (McNemar exact 𝑝 = 1.00). Three untrained adapters reached 12
and 25 failures; random search reached 7 and 30. All read no signal.

A residual looked like skill, but was not. We also tried a
gated residual: a small correction to the arm joints, bounded at 0.1,
that acts only when UNISafe’s failure head predicts danger. With no
search, 24 random residuals ran on the four starts where the planner
alone failed. They finished safely in 48 of 96 episodes (ungated: 50
of 96). But a control bounded at 0.001, whose corrections are about
0.0004 per coordinate, did as well: 28 of 48 safe finishes. On a Hard
start, any change to the actions re-rolls the episode from roughly
even odds. The failure head also gave almost no warning: it passed
0.01 on only 2.5% of the planner alone’s steps.
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Figure 8: Block Plucking over 48 fresh starts: every interval
overlaps the planner alone’s, for sustained safe finishes (left)
and failures (right).

The lesson. When an outcome turns on tiny differences, a gain
counts as skill only if it beats a near-zero change. The graded sys-
tems lack such a control; there the evidence is the mechanism of
Section 8: the closest approach moved outward.

10 DISCUSSION
The design did most of the work. Both adapters know which
way is safe: Steer only pushes away, and Choose always prefers
the clearer plan. With that built in, random genes are often good
enough: one untrained adapter matched the selected ones, and
random search matched CMA-ES on the systems it searched. Search
made the gain reliable: every selected adapter beat the planner alone,
while untrained adapters ranged from no change to as good as the
best.

CMA-ES had little budget and little to learn. CMA-ES had
15 or fewer generations of 8 candidates on 12 cases. With little to
learn beyond the built-in direction, random search can keep up.

Limits. Case sets are small (18 per system on levels 1–3, two
repeats per method), so only large effects show, and we make no
correction across tests. The adapters were redesigned after an earlier
run on the same test cases, so those cases were not new to us.
Hazards are placed against one recorded path, and the checker
knows the hazard exactly, which a real robot may not. Nothing
here certifies safety.

11 CONCLUSIONS
Can a small evolved adapter add safety to a frozen planner that
cannot see the hazard? On hazards graded against the planner’s
own path, yes: adapters that know which way is safe raised safe
finishes on the three training systems together, and the design
transferred unchanged to an unseen system, where every selected
adapter beat the planner alone. Safety cost some finishes. CMA-ES’s
adapters transferred slightly better than random search’s, but one
untrained adapter did nearly as well. On Block Plucking, search
matched the planner alone, and random residuals did no better
than a near-zero control. The next test of evolution needs adapters
whose right behavior is not built in.
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