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Abstract

Long-horizon agents with structured actions ex-
ecute tasks through sequences of dependent de-
cisions, so a local decision mistake can change
later observations and cause the task to fail.
Stronger expert models offer a natural source
of supervision, yet direct imitation or behav-
ior cloning treats many differences between
expert and base actions as equally useful tar-
gets. In this paper, we propose counterfactual
selective imitation (CSI), a method that uses
same-state counterfactual comparison to iden-
tify positive return differences. CSI assigns
expert targets only when counterfactual roll-
outs show a high positive return difference, and
routine states receive base-policy targets. The
learned update is restricted to structured action
spans, leaves the base model frozen, and does
not require expert queries or replay at deploy-
ment. Experiments on AppWorld, ToolSand-
box, and WebShop show that CSI raises aver-
age task success from 33.3% to 49.7% over
the Qwen3-8B base and reduces average in-
valid/tool error from 9.3% to 4.9%. Compared
with the strongest same-deployment adaptation
baseline, CSI improves average task success by
1.3 points with only 5% additional deployed-
inference latency.

1 Introduction

Long-horizon tool-use agents solve complex tasks
through multi-turn sequences of structured deci-
sions. This setting appears in ReAct-style rea-
soning and acting (Yao et al., 2023), Toolformer
(Schick et al., 2023), Gorilla (Patil et al., 2024), and
ToolLLM (Qin et al., 2024), where language-model
outputs can call APIs, operate tools, or issue web
actions. At each step, the agent may choose an ac-
tion type, fill arguments, select an entity, or decide
that the task should stop. These decisions deter-
mine what the agent observes next, so a local error
can affect the rest of the trajectory. Stateful bench-
marks such as AppWorld (Trivedi et al., 2024),
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ToolSandbox (Lu et al., 2025), and WebShop (Yao
et al., 2022) expose this issue. Because later obser-
vations depend on earlier actions, an early invalid
or off-target action can leave later correct-looking
steps unable to solve the task.

A natural way to improve such agents is to use
a stronger expert policy as supervision. Behavior
cloning maximizes the likelihood of expert actions
on recorded trajectories. Policy and sequence-level
distillation match teacher outputs, token distribu-
tions, or teacher-generated sequences (Hinton et al.,
2015; Rusu et al., 2016; Kim and Rush, 2016).
Agent correction methods (Shinn et al., 2023; Fu
et al., 2025; Lauffer et al., 2025) use failed trajec-
tories or feedback to revise behavior. Critical-step
methods (Chen et al., 2025; Li et al., 2026) focus
supervision on selected decision points. These vari-
ants differ in data collection and update mechanism,
but labeled decisions usually become expert targets.
This route is attractive because expert actions pro-
vide concrete guidance for tool names, argument
values, entity choices, and recovery behavior.

However, this line of work leaves three mis-
matches in long-horizon tool use. 1) A selected
feedback state provides an expert action, but the la-
bel alone does not measure the downstream effect
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of replacing the base action. 2) Surface disagree-
ment is not the same as useful supervision. Dif-
ferent valid actions can lead to the same outcome,
so treating every difference as an expert target can
change behavior that does not need to change. 3)
Broad updates can carry such changes into con-
texts where the base action was already valid. De-
ployment therefore calls for target selection that
changes consequential action states while preserv-
ing routine actions.

Such selectivity requires a criterion that goes be-
yond action disagreement. Figure 1 gives the con-
crete example. It shows that the same pre-action
state can be replayed with the base and expert ac-
tions, then judged by the resulting returns. The
missing quantity is not whether the actions differ,
but whether the expert replacement improves the
downstream outcome enough to justify imitation.
This same-state counterfactual comparison sepa-
rates expert actions that should be copied from
routine differences that should stay close to the
base policy.

In this paper, we propose counterfactual selec-
tive imitation (CSI), a method that uses same-state
counterfactual comparison to identify positive re-
turn differences and assigns expert targets only to
the high-gain subset during training in long-horizon
tool-use agents. First, CSI performs counterfac-
tual comparison. It queries the expert and base
policies on the same serialized history, replays their
candidate next actions from the same execution
point, and estimates whether expert imitation at that
decision point improves downstream return and
how large the gain is. Second, CSI constructs se-
lected expert targets. Structured actions with high
estimated gain receive expert targets, while match-
ing actions, no-gain disagreements, and valid rou-
tine base actions keep base-policy targets. Third,
CSI applies span-restricted steering. It freezes
the base model and learns a low-dimensional ac-
tion span steering module that generates a steering
vector from the current context only for structured
action tokens. At deployment, CSI runs only the
steering-adapted policy once at each decision point
and does not query the expert policy, replay the
environment, or sample multiple candidate actions.

Our contributions are summarized as follows.

1. We introduce counterfactual comparison for
long-horizon tool-use agents, estimating
whether expert actions improve downstream
return from the same pre-action state (Sec-
tion 4.2).

2. We construct selected expert targets that imi-

tate the expert only for high-gain action states
and use base-policy targets for routine states
(Section 4.3).

3. We implement CSI with span-restricted steer-
ing and evaluate it on AppWorld, ToolSand-
box, and WebShop (Sections 4.4 and 5). CSI
improves average task success by 16.4 points
over the Qwen3-8B base and by 1.3 points
over the strongest same-deployment adap-
tation baseline, while lowering average in-
valid/tool error by 4.4 points with only 5%
additional deployed-inference latency over the
Qwen3-8B base.

2 Preliminaries

Long-horizon structured-action agents. Long-
horizon structured-action agents interact with an
environment £ through observations, structured
actions, and state updates. At decision ¢, context x;
serializes the instruction, prior observations, and
previous actions, and policy 7 (- | ;) produces the
next action output. The benchmark wrapper may
keep execution handle s; to restore the environment
before action i, but the policy does not observe
s;. The policy emits structured action a;, whose
execution can change later observations, database
state, or final success. Thus, each decision is both
a generated output and an intervention that can
alter the future state distribution. At the end, the
benchmark returns scalar R, such as binary task
success or a benchmark-specific score.!

Policies and action spans. We distinguish the
base policy my, the expert policy mg, and the
adapted policy my. All three take the same seri-
alized context x; and produce a distribution over
the next action output. Let y; = (yi1,...,%i1;)
denote the tokenized output that contains the struc-
tured action for decision ¢. The action span I; C
{1,...,T;} is the set of token positions corre-
sponding to the executable action, including the ac-
tion name and serialized arguments when they are
present. We refer to tokens in /; as action tokens.
The output format requires a single structured-
action line, which the benchmark parser validates
against the action schema. Thus, the action span
is where generated text becomes an environment-
changing decision.

'We use the benchmark-defined scalar return under the
official evaluation protocols of AppWorld, ToolSandbox, and
WebShop (Trivedi et al., 2024; Lu et al., 2025; Yao et al., 2022).
The comparison only requires a consistent scalar return within
each benchmark.
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Span-level adaptation. Span-level adaptation ap-
plies a target-matching objective only on the action
span. For a target distribution ¢; over action tokens,
the loss on example ¢ is

Espan(i) = - Z Z %,t(v) IOg 71—9(’0 ‘ L, yi,<t)'

tel; v
()
Here g; may be derived from the expert policy, from
the base policy, or from a hard action target when
logits are not available. Equation 1 specifies where
the training signal is applied, but not which action
first becomes the target or how 7y is parameterized.

Imitation and correction. Existing imitation
and correction methods mainly differ in how super-
vised records are obtained. Behavior cloning fits ex-
pert actions, while policy and sequence-level distil-
lation fit teacher distributions or teacher-generated
sequences (Hinton et al., 2015; Rusu et al., 2016;
Kim and Rush, 2016). DAgger-style methods ask
the expert to label learner-visited states (Ross et al.,
2011), and on-policy distillation samples histories
from the student or current model and fits a teacher
or reference distribution there (Agarwal et al., 2024;
Gu et al., 2024).

Agent tuning collects interaction traces for super-
vision (Chen et al., 2023; Zeng et al., 2024; Chen
et al., 2024). Agent correction uses feedback, cri-
tiques, or teacher fixes (Shinn et al., 2023; Gou
et al., 2024; Fu et al., 2025; Lauffer et al., 2025).
Critical-step methods choose important trajectory
positions before applying expert or corrected la-
bels (Chen et al., 2025; Li et al., 2026). In these
pipelines, a selected record usually receives its at-
tached expert label, teacher distribution, or correc-
tion as the training target.

For replayable long-horizon agents, the selected
record can be checked one step further. The base
and expert policies decode candidate next actions
from the same x;. The handle s; restores the same
pre-action state. Downstream returns under the
same continuation rule indicate whether to imitate
the expert action, keep a base target, or omit the
record from expert imitation. Only after this action-
level selection do we instantiate the span target
distribution ¢; used in Eq. 1.

Update mechanisms. The adaptation mecha-
nism also matters for preserving routine behavior.
Full fine tuning, low-rank adapters (Hu et al., 2022),
and distillation can fit the same action-span labels,
but their learned changes are shared across many
prompts and positions. Representation-level inter-
ventions (Zou et al., 2023; Li et al., 2023) and acti-
vation steering (Turner et al., 2023; Rimsky et al.,

2024; Stolfo et al., 2025) leave the base weights
fixed and modify hidden states during generation.
Steering provides a local mechanism for executable
tokens, but it still needs evidence for which expert
actions are worth copying. The next section asks
whether useful expert supervision is spread across
many expert-base disagreements or concentrated
in high-gain same-state replacements.

3 Motivation
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Figure 2: Useful expert supervision is concentrated.
Panel (a) ranks positive-gain expert-base disagreements
by A and plots cumulative positive return-difference
mass. Panel (b) partitions expert-base disagreements
into selected expert targets under the main p setting,
small positive-gain cases, and no-gain cases. Percent-
ages in panel (b) are measured over expert-base dis-
agreements.

Useful imitation concentrates. A first design ques-
tion is how many disagreements between base and
expert actions should become expert targets. A pos-
itive counterfactual gain is only a candidate signal.
We need to know whether most of the positive gain
is concentrated in a smaller high-gain subset. We
rank disagreements by their estimated downstream
effect rather than by trajectory source or surface dif-
ference. This asks whether useful expert targets are
spread across many positive cases or concentrated
in a smaller subset.

For an eligible decision record with serialized
context x; and execution handle s;, let a? be the
action decoded by the base policy and aZE the action
decoded by the expert policy. The selection signal
1s the estimated counterfactual return difference,

~ ~

A; = R(si,aiE) — ﬁ(si,a?), (2)

where each term estimates the downstream return
after executing one candidate next action from the
same execution handle. Positive values identify
candidate states where the expert action improves
the estimated outcome. They do not by themselves
define expert targets. A later target-construction
step should therefore select only the highest-gain
positive disagreements for expert imitation. When
the actions match, replay shows no estimated gain,
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Positive Selected Top 10% Top 20%

Benchmark Disagreement return targets mass mass
AppWorld 34 42 8 54 71
ToolSandbox 29 38 8 43 61
WebShop 41 47 9 59 71

Table 1: Disagreement statistics across AppWorld, Tool-
Sandbox, and WebShop. Disagreement is measured
over eligible records. Positive return is measured over
expert-base disagreements. Selected targets report the
main p-selection rate converted to a percentage of
expert-base disagreements. Top-mass columns are mea-
sured over positive return-difference mass.

or the base action is already a valid routine action,
expert imitation is not justified by this comparison
alone. This quantity is not a policy-gradient advan-
tage. It is an offline selection signal for deciding
which action spans should imitate the expert.
Figure 2 asks whether positive expert gains are
diffuse or concentrated. Panel (a) sorts positive-
gain disagreements by A and plots cumulative pos-
itive return-difference mass. The curves rise far
above the uniform line. Across AppWorld, Tool-
Sandbox, and WebShop, the top 10% of positive-
gain disagreements account for 43-59% of the pos-
itive mass, and the top 20% account for 61-77%.
Panel (b) shows that most disagreements are either
no-gain cases or small positive-gain cases under
the main selection setting. This supports select-
ing a high-gain subset rather than turning every
expert-base disagreement into an expert target.
Concentration holds across benchmarks. Table 1
reports the same concentration pattern with the cor-
responding disagreement and target rates. Because
the columns use different denominators, the table
should be read as a distributional summary rather
than a single global rate.
Routine states remain useful. Unselected con-
texts still need constraints, since ignoring all rou-
tine states would allow the adapted policy to drift
on actions that were already acceptable. The re-
sulting design should keep context source separate
from target source and assign base targets only to
routine states. This motivates CSI, which Section 4
formalizes through the corresponding expert and
base target sets.

4 Method

As shown in Figure 3, CSI is an execution flow with
an offline target-construction stage and a frozen-
base policy-implementation stage. First, Counter-
factual Comparison queries the base and expert
policies on the same pre-action context and replays
their candidate next actions from the same execu-
tion handle to estimate a return difference. Sec-

1. Counterfactual Comparison 2. Selected Expert Targets
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Figure 3: CSI consists of offline counterfactual compar-
ison, selected target construction, and span-restricted
steering. The offline stage compares base and expert
actions from the same execution handle, builds expert
and base target sets, and trains the action-span steering
module. Deployment runs the adapted base policy once,
without expert queries or replay.

ond, Selected Expert Targets uses this estimate to
put only high-gain positive records in Dg while
assigning routine records to Dy with base-policy
targets. Third, Span-Restricted Steering trains an
action-span module on these fixed target sets while
keeping the base model frozen. The following sub-
sections define the record buffer, comparison and
target-set construction, steering module, span-level
objective, and deployment.

4.1 Context Records

CSI starts from two sources of pre-action decision
records. Expert rollouts provide expert-reached
records B, and base rollouts provide base-reached
records BBy. The combined record buffer is

B = Bg U B. 3)
Each element of B is a decision record,

sre; € {F,0}.  (4)

e; = (i, 84, 81C4),

We treat B as a buffer rather than a duplicate-
removing set. The serialized context x; is the text
input observed by the policies. The handle s; is not
observed by any policy. It is an execution handle
used by the benchmark wrapper to resume environ-
ment execution immediately before action i. De-
pending on the benchmark, s; may be implemented
as a checkpoint id, a database handle, or a task id
together with the logged action prefix. The source
label src; records whether the record was collected
from an expert rollout or a base rollout. It does
not determine the training target. This separation is
important because an expert-reached state can still
be routine for the base policy, and a base-reached
state can contain a consequential decision where
the expert action should be imitated.
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Only eligible records are used for target assign-
ment. A record is eligible for counterfactual com-
parison when the execution handle s; can resume
the environment, the context is nonterminal, the
expert action can be parsed under the structured-
action interface, and the corresponding action span
can be identified. A record is eligible for a base-
policy target only when the base action is also
parseable, executable, and routine. A routine base
action is one that is schema-valid, does not trigger a
benchmark-level invalid/tool error, and has no posi-
tive expert-gain evidence requiring expert imitation.
We write this condition as routine) = 1. If the
base action is invalid, the record may still be used
for expert comparison, but it is not used as a base
target. When the benchmark defines an invalid-
action transition, that transition is executed and its
resulting return is used for the invalid branch. If
no such transition is defined, the record is excluded
from counterfactual comparison. This prevents the
base target set from preserving actions that cannot
be executed by the environment.

4.2 Counterfactual Comparison

For each eligible record e;, the base and expert
policies are queried on the same serialized context.

a? = Decode(mo (- | x;)),

&)
af = Decode(mp(- | ;).
The comparison is therefore local to a single pre-
action history, even if that history was originally
reached by only one policy. After decoding, each
action is parsed into a canonical structured action,
a tokenized action, an action span, and a validity
flag,
Parse(a?) = (al, ¢, I?, valid?),

pe{0,E}. ©

Here a!’ is used for canonical comparison, ! and

I? are used later for span-level training, and valid?
indicates whether the action can be parsed and exe-
cuted. The disagreement indicator is

d; = 1[af # aj). (7
When the canonical actions match and the base ac-
tion is executable, the record is not treated as an
expert target. The base policy already proposes the
same executable action as the expert after canoni-
calization. When canonical actions differ, CSI esti-
mates whether replacing the base next action with
the expert next action improves downstream return.
The benchmark wrapper uses the same execution

handle s; for both branches. One branch resumes
execution from s; and executes af . The other re-
sumes from the same s; and executes ag. After the
first action, both branches are completed with the
same continuation policy 7. and the same return
definition. In all experiments, 7. is the frozen base
policy 7y with the same deterministic decoding
used at deployment. This gives

Ji(a;me) = E[R(T) | 84, a; = a, 7], (8)

where R(7) is the scalar return of the completed
trajectory. The counterfactual return difference is

A; = Ji(afyme) — Ji(adme). 9
In practice, CSI uses
1 M

Ry, = Return(s;, a7, me;m).

Here Return(s;, a, 7.; m) is the return from replay
m, resuming s;, executing a, and continuing with
7. This isolates the current action replacement.

4.3 Selected Expert Targets

The expert target set contains states with large pos-
itive estimated gains.

Dy = TopFrac, ({i cd; =1, A; > 0, &-) .
(1D
The operator TopFrac, ranks positive-gain dis-
agreement records by A; and keeps the top fraction
p for expert imitation. Thus, p is defined within
the positive-gain disagreement set, not over all
records.> Small positive estimates that are not se-
lected are ignored by default rather than forced
toward either policy. This avoids copying small or
noisy differences while also avoiding base targets

on states where the expert branch appears better.
The base target set contains routine states that

should stay close to the original policy.

DO = Dmatch U DSO U Dvalida (12)

where Dparen = 1{i @ d; 0,valid? =
L,routine) = 1}, Doy = {i : d; = 1,31' <
O,Valid? =1, routineg = 1}, and Dy,iq contains
valid routine base-rollout records that do not be-
long to Dg and do not have positive expert-gain
evidence. Equivalently, weak positive records that
are not selected into Dy are ignored by default.
States in Dg use the expert action as the target,
while states in Dy use the base action as the target.

2Appendix Table 4 reports the corresponding selected-

target rates under disagreement and eligible-record denomina-
tors.
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4.4 Span-Restricted Steering

CSI implements the selected target supervision by
freezing the base model and training only a steer-
ing module. Each record used for training has a
target source, expert for records in Dg and base for
records in Dy. We write this source as z; € {E,0}.
This is only a bookkeeping variable that identifies
which action provides the training target. It is not
a learned gate. If z; = F, the target action is ylE
with span / ZE . If z; = 0, the target action is y? with
span I{. We write these uniformly as y;* and I;".
At layer ¢, the frozen base model produces hidden

state hg? for token position j. The router maps a
pooled representation u; of the pre-action context
to a K -dimensional steering code, and PY) maps

this code to an additive vector at layer /.

nY) = h") 11 € F1POry(uw).  (13)
Only the router and steering maps are trainable,
while all base-model parameters remain frozen.

The intervention is local to executable action
tokens and is trained with expert targets only on
Dg, limiting changes to the decisions supported by
counterfactual evidence.

Algorithm 1 Counterfactual Selective Imitation

Require: Replayable environment £, policies 7o, Tg
Ensure: Adapted policy 7y
1: Set continuation policy 7. < 7o
2: Collect expert-reached records Bg by rolling out 7
3: Collect base-reached records By by rolling out o
4: Set B < Bg U By
5: Initialize all target sets to ()
6: for all eligible records e; = (3, 85, s1¢;) € B do
7 Decode actions a?, aZ from z;
8: Parse actions into (a?, y?, I”, valid?)
9:  Setd; «+ 1[aFf # @))
10: if d; = 0 and valid) = 1 and routine? = 1 then

11: Add i to Dmatch

12: else

13: Use execution handle s; to evaluate expert and
base branches

14: Estimate A; < expert return — base return

15: if A; < 0and valid) = 1 and routine = 1
then

16: Add ¢ to D<g

17: end if

18: end if

19: if 7 is a valid routine base-rollout state with no positive
expert-gain evidence then

20: Add 7 to Dyalia

21: end if

22: end for

23: D < TopFrac,({i: d; = 1,4; > 0}, A;)

24: Build Dy from matching, non-positive, and valid routine
base records

25: Freeze all parameters of 7o

26: Train only the span-restricted steering module using Lcst

27: return adapted policy g

4.5 Span-Level Training Objective

Using the target source z; defined above, let qf’] be
the target distribution for token j in the selected
action span. For states in D, this target is derived
from the expert action or expert distribution. For
states in Dy, it is derived from the frozen base
policy. The training objective is

Lost = Eiomix(Dp, o) il

ti= 3 KL(g7y I mo(- | 2i.07))-
jEL

(14)

The sampler Mix(Dg, Dy) uses a fixed ratio be-
tween selected expert-target records and base-target
records. When full target logits are not available,
qz Zj is the one-hot distribution for the target token,
reducing the corresponding term to token-level neg-
ative log likelihood. The objective itself is standard
span-level policy distillation. The method-specific
part is the construction of Dg and Dy, which de-
cides which records imitate the expert and which
records remain close to the base policy.

4.6 Putting It Together

Algorithm 1 summarizes the full procedure. It sep-
arates offline target construction from the frozen-
base steering update.

At deployment, CSI receives only the current se-
rialized context and generates one action with the
adapted policy. It does not use execution handles s;,
replay the environment, query the expert, or sample
multiple candidate actions. The steering module
is active only during action generation. Under the
single-line structured-action format, CSI identifies
the inference-time action span online using the first
serialized action token and the end-of-action de-
limiter as its boundaries. The lightweight steering
module is the only source of additional test-time
computation; deployment otherwise consists of a
single deterministic rollout of the adapted policy.

S Experiments

Benchmarks and models. We evaluate on App-
World (Trivedi et al., 2024), ToolSandbox (Lu et al.,
2025), and WebShop (Yao et al., 2022), which
cover stateful API tasks, simulated tool conver-
sations, and web shopping with structured actions.
All methods use the same benchmark action in-
terface, parser, and evaluation split. The student
policy is Qwen3-8B-Instruct, and the offline ex-
pert policy is Qwen3-32B (Qwen Team, 2025). We
use one model family to keep the tokenizer, ac-
tion interface, and expert source controlled, so that
differences mainly reflect target construction and
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Relative

Method AppWorld ToolSandbox latency
Task Invalid/tool Task Invalid/tool Task Invalid/tool
success T error | success T error | success T error | 1
Qwen3-8B base 24.0 10.8 31.0 9.8 45.0 7.4 1.00x
Qwen3-32B expert 42.0 4.1 50.0 4.0 66.0 2.4 1.55x%
Base @4 32.0 9.2 40.2 8.4 57.8 6.5 3.80%
Dense expert distillation 34.5 13.1 39.5 11.2 54.5 9.8 1.00x
Dense LoRA SFT 32.8 12.4 37.8 104 532 8.9 1.00x
Agent correction 38.9 7.2 44.6 6.4 61.7 52 1.00x
Critical imitation 37.2 9.4 42.4 7.8 60.0 6.4 1.00x
Dense steering 36.4 5.5 422 5.6 58.6 4.6 1.04x
CSI 39.6 5.8 46.3 5.1 63.1 3.8 1.05x%

Table 2: Main results on AppWorld, ToolSandbox, and WebShop. Rows above the separator are reference policies
that change model scale or test-time sampling budget. Rows below the separator are adapted Qwen3-8B baselines
trained and deployed under the same structured-action protocol. Relative latency is deployed inference latency

normalized by the Qwen3-8B base policy.

adaptation rather than model-family effects. All
trainable baselines start from Qwen3-8B-Instruct.
When a baseline requires expert labels or correc-
tions, it uses the same Qwen3-32B expert as CSI,
so differences come from data construction and
adaptation rather than expert-policy strength.

Metrics. Task success is the benchmark-defined
final success score, reported as a percentage. In-
valid/tool error is the benchmark-defined rate of
invalid structured actions or tool execution errors.
For AppWorld, collateral database changes are
counted in this family only when they correspond
to an executed action that violates the task state.
For ToolSandbox, milestone progress is used for
analysis, while the main table reports final task
success for consistency. Relative latency measures
deployed inference time normalized by the Qwen3-
8B base under the same decoding protocol.

Baselines. We compare reference policies and
adapted baselines under the common protocol
above. The references include the Qwen3-8B base,
the Qwen3-32B expert, and Base@4. The expert
changes model scale, and Base @4 changes the test-
time sampling budget by drawing four base-policy
rollouts. The adapted baselines re-implement prior
algorithms with the same student, expert, action
interface, and train/test split. Dense expert distilla-
tion tests dense teacher imitation through distilla-
tion or supervised action-span fitting (Hinton et al.,
2015; Rusu et al., 2016; Kim and Rush, 2016).
Dense LoRA SFT tests the same dense teacher sig-
nal with a LoRA update (Hu et al., 2022). Agent
correction tests supervised adaptation from learner-
state expert corrections (Lauffer et al., 2025). Crit-
ical imitation tests ATLAS-style critical-step im-
itation (Chen et al., 2025). Dense steering tests
frozen-base action-span steering with dense ex-
pert targets, following activation-steering methods

(Turner et al., 2023; Stolfo et al., 2025). Appendix
Table 8 adds record sources, target rules, update
mechanisms, and offline construction costs.

Implementation details. All compared systems
use deterministic single-action decoding, except
Base @4, whose four samples define the test-time
sampling baseline. The main CSI setting uses of-
fline replay count M = 3 for each expert and base
branch, p = 20%, steering basis size K = 16, and
one expert-target record for every two base-target
records. These replays are used only for target as-
signment and are excluded from relative latency.
Appendix Table 7 gives the remaining layer, router,
optimizer, and decoding settings.

Main results. Table 2 reports per-benchmark
scores. CSI improves task success over the Qwen3-
8B base on AppWorld, ToolSandbox, and Web-
Shop while keeping invalid/tool error below Dense
expert distillation and Dense LoRA SFT in each
case. Compared with Base @4, CSI reaches higher
success on ToolSandbox and WebShop and compa-
rable success on AppWorld without extra test-time
samples. Against Dense steering, CSI improves
success most clearly on ToolSandbox and Web-
Shop, with comparable or lower invalid/tool error.

Success-validity trade-off. Figure 4 summarizes
the main comparison as displacement from the
base policy. Among single-rollout adapted base-
lines, CSI gives the largest average success gain
while also reducing invalid/tool error relative to the
base. Dense steering already improves validity, but
it stays left of CSI. The arrow from Dense steer-
ing to CSI therefore isolates the part of the gain
that comes from target construction under the same
frozen action-span steering interface.

Steering capacity. Figure 5 varies the steering
basis size K under the same target construction.
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Figure 6: Effect of selected expert target fraction p
within positive-gain disagreements. The sweep reports
per-benchmark success.

Across all three benchmarks, increasing K gives
most of its gains at small capacities and then
plateaus around K = 8-16, while invalid/tool error
remains stable. This suggests that selected target
supervision does not require a large update to the
base model. A small action-span steering module
is enough in the evaluated setting. The plateau
is useful for deployment because it separates the
target-selection benefit from simply adding more
trainable capacity.

Sparse target rate. Figure 6 varies the fraction
of positive-gain disagreements that receive expert
targets. Performance improves when p moves away
from the very sparse setting, which means that
keeping only a few top-ranked records discards
useful expert information. The gains flatten around

Variant AppWorld ToolSandbox ‘WebShop

Task Invalid/tool Task Invalid/tool Task
success T error | success T error | success T

Invalid/tool
error |

CSI 39.6 5.8 46.3 51 63.1 3.8
w/o counterfactual

comparison 36.2 9.4 42.8 83 59.4 7.0
wl/o selected

expert targets 38.5 72 44.8 6.2 61.9 5.1
w/o span-restricted

steering 38.2 9.6 449 79 62.0 6.3

Table 3: Core ablations on Qwen3-8B-Instruct with
Qwen3-32B offline supervision. Rows marked ‘w/o’
remove the corresponding CSI component under the
same benchmark suite and metrics. The steering abla-
tion replaces the module with a LoRA update on the
same targets.

p = 15-20 and then fall when p is pushed to 30 or
40. This pattern supports the target-construction
rule in Section 4.3. Broad positive-gain imitation is
still too wide because lower margin records begin
to dilute the routine behavior preservation supplied
by base targets. Appendix A.2 reports the paired
p and K sweeps, the replay-count check, and the
target-ratio check.

Core ablations. Table 3 reports the three compo-
nent checks under the same benchmark and metric
scope. Removing counterfactual comparison re-
duces success and raises invalid/tool error, showing
that using every disagreement between expert and
base actions is too broad a target. Removing se-
lected expert targets also weakens the trade-off,
which suggests that CSI should imitate the expert
only at selected states with clear estimated gain
rather than every positive return disagreement. Re-
placing span-restricted steering with a low-rank
adapter update under the same targets keeps suc-
cess comparable but raises invalid/tool error, sug-
gesting that the frozen-base action-span implemen-
tation helps preserve routine behavior.

6 Conclusion

In this paper, we propose CSI, a return-aware target-
selection framework for long-horizon agents. CSI
uses same-state counterfactual rollouts to identify
decisions where expert actions yield high return
gains, assigns expert targets to those decisions, pre-
serves routine behavior with base targets, and con-
fines steering to executable action spans. Experi-
ments on three representative benchmarks for long-
horizon structured-action agents show higher suc-
cess and fewer invalid/tool errors with only slight
deployment-time overhead. Overall, CSI imitates
the expert only for high-gain decisions while pro-
tecting routine base behavior.
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Limitations

CSl relies on replayable environments, hidden-state
interventions, and identifiable action spans, so its
current form assumes access and environmental
control that may not be available in some deploy-
ments. Our evaluation uses a single Qwen3 student-
expert pair on structured-action benchmarks, leav-
ing model diversity open. Different model fam-
ilies, tokenizers, decoding behaviors, and expert
strengths may change which expert-base disagree-
ments become high-gain targets. CSI also assumes
stable same-state replay. In dynamic environments,
external state may change between counterfactual
branches, making the estimated return difference
less reliable. The frozen base continuation esti-
mates base-policy-realizable one-action gain, so it
can miss expert actions that require expert-style
follow-up, and the estimate may shift after adap-
tation. Future work should test CSI across more
student-expert pairs, study broader continuation
policies, and develop approximations for settings
without stable replay handles or consistent environ-
ment snapshots.

Ethical Considerations

CSI improves agents that can modify external state
through APIs or tools, but this may also amplify
risks from misconfiguration, unauthorized use, or
malicious actors. Real-world deployments should
therefore enforce least-privilege permissions and
require confirmation for irreversible or high-impact
actions.
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A Appendix Details
A.1 Target and ablation details

Table 4 makes the denominator conventions explicit
for Table 1 and Figure 2. The main setting uses
p = 20% within positive-gain expert-base disagree-
ments. Under this setting, selecting the top p per-
cent of positive-gain disagreements corresponds to
8-9% of expert-base disagreements, or 2.2-3.9%
of eligible records.

These percentages use two denominators. Disagree-
ment is measured over eligible records. Positive,
selected, small positive, and no-gain groups are
measured over expert-base disagreements. The se-
lected column applies the main p = 20 setting to
the positive-gain subset, then reports the result over
all disagreements.

A.2 Sensitivity analysis

The sensitivity analysis varies the settings most di-
rectly tied to target construction and steering, the
expert target fraction p, steering basis size K, replay
count M, and the expert-to-base target ratio. Mod-
erate p values keep success high without increasing
invalid/tool error, while overly broad expert target-
ing starts to disturb routine actions. The K sweep
plateaus around K = 8 to 16, which supports using
a small steering basis.

Table 5 varies the replay count used to estimate the
same-state comparison signal.

Disagreement  Positive Selected Small positive  No gain Selected  Weak positive Base-target candidates
Benchmark  over eligible over disag. over disag.  over disag.  over disag. over eligible over eligible over eligible
AppWorld 34 42 8 34 58 2.9 11.4 85.7
ToolSandbox 29 38 8 30 62 22 8.8 89.0
WebShop 41 47 9 38 53 39 15.4 80.7

Table 4: Target construction statistics under p = 20%. All values are percentages. Disag. abbreviates expert-base

disagreements.
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Figure 7: Hyperparameter sweeps for CSI. The plots vary expert target fraction p and steering basis size K around

the main setting, p = 20% and K = 16.

AppWorld AppWorld ToolSandbox ToolSandbox WebShop WebShop Avg. Avg.  Selected-set overlap
M Succ. Invalid Succ. Invalid Succ. Invalid Succ. Invalid with M =3
1 38.8 6.3 454 5.7 62.2 44 48.8 5.5 78%
2 39.3 6.0 46.0 53 62.8 4.0 494 5.1 89%
3 39.6 5.8 46.3 5.1 63.1 3.8 49.7 4.9 100%
5 39.7 5.7 46.4 5.0 63.2 3.8 49.8 4.8 95%

Table 5: Effect of replay count M, with M = 3 as the main setting.
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Table 6 varies the expert-to-base target sampling
ratio used during span training.

Targetratio Dg : Do 1:.0 1:1 12 1:4 1:8

Avg. success 494 499 49.7 492 483
Avg. invalid 6.1 53 49 48 47

Table 6: Effect of the D to Dy target ratio, with 1 to 2
as the main setting.

A.3 Implementation parameters

Setting Value

Student policy

Expert policy

Replay trials M
Continuation policy
Expert target fraction p

Qwen3-8B-Instruct

Qwen3-32B

3 per branch, offline only

frozen Qwen3-8B base policy

20% of positive-gain disagreements

Steering basis size K 16

Injection layers three fixed middle-late transformer layers
Router two-layer MLP

Target sampling ratio 1 expert-target record to 2 base-target records
DE H D()

Optimizer AdamW

Learning-rate search range le—4 to 5e—4

Main decoding deterministic single-action decoding
Deployment one adapted Qwen3-8B rollout, no expert

query, no replay

four NVIDIA L20 GPUs for decoding and
replay, one NVIDIA A40 GPU for steering
training

Offline hardware

Table 7: Default CSI values and searched ranges for the
main results.

We use hard action-token targets when cached
expert-policy logits are unavailable. Otherwise, we
cache action-span logits only.

A.4 Baseline construction and offline cost

For CSI, M = 3, so the offline replay budget is
2M branch evaluations per expert-base
disagreement. With the reported disagreement
rates, this corresponds to 2040, 1740, and 2460
branch replays per 1000 eligible records for
AppWorld, ToolSandbox, and WebShop. These
replays are used only for target construction.

A.5 Selection diagnostics

CSI makes a target decision by comparing the
expert and actual base branches from the same
state under the same frozen-base continuation.
This shared continuation isolates the effect of the
candidate action rather than differences in
downstream policies. The resulting graded return
difference determines whether a record receives an
expert target, a base target, or no target. Unlike
on-policy correction, which supplies expert labels
at learner-visited states, CSI also tests whether the
expert action should replace the action actually
taken by the base policy.

Table 9 illustrates three distinct failure modes:
action serialization in AppWorld, an unmet tool
precondition in ToolSandbox, and incorrect action
ordering in WebShop. In each case, the selected
expert action changes the downstream state so that
the base-policy continuation can complete the task.
Table 10 complements these examples with
disagreements in both directions: CSI-only cases
contain outcome-changing replacements, whereas
Critical-imitation-only cases retain
outcome-equivalent base actions.

B Use of AI Assistants

We used large language models to improve the
language quality of the manuscript, including
grammar correction, wording refinement, and
clarity enhancement, and for limited coding
assistance, such as debugging and implementation
suggestions.

Method Records and targets Update

Offline extra Deployment

Dense expert distillation eligible records, dense Qwen3-32B expert tar- distillation
gets action-span fitting

Dense LoRA SFT same dense expert targets LoRA
Agent correction
continuation

Qwen3-32B  expert trajectories,
selected critical steps

Critical imitation

Dense steering

learner-visited states, Qwen3-32B correction or supervised adaptation
ATLAS- supervised adaptation

eligible records, dense Qwen3-32B expert tar- frozen-base action-span steer- expert labels

or supervised expert labels one Qwen3-8B rollout,

1.00x

one Qwen3-8B rollout,

1.00x

student rollouts and expert corrections one Qwen3-8B rollout,
1.00x

expert trajectories and critical-step se- one Qwen3-8B rollout,

lection 1.00x

one steered Qwen3-8B

expert labels

gets ing rollout, 1.04 x
CSI base-reached and expert-reached records, top-A  frozen-base action-span steer- expert and base decodes, 2M branch one steered Qwen3-8B
expert targets plus routine base targets ing replays per expert-base disagreement rollout, 1.05 X

Table 8: Baseline construction and offline cost. All adapted baselines use Qwen3-8B-Instruct as the student, the
same structured-action interface, the same train/test split, and deterministic single-rollout evaluation. Methods
requiring expert labels or corrections use the same Qwen3-32B expert. Offline cost is used only for training data

construction and is not included in relative latency.
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Benchmark and Base action

case

Expert action

A Why the expert action is selected

AppWorld, Venmo for : to_add
friend sync add_friend(...);
for

remove_friend(...) o

ToolSandbox, mes-
sage with cellular
off

WebShop, required
option

send_message_with_
phone_number(...)

click[Buy Now]

phone_friend_emails -
: venmo_friend_emails

set_cellular_
service_status
(enabled=True)
click[khaki]

+1.00 The compressed loops cause a syntax
error. The expert first creates an exe-
cutable intermediate assignment, after
which the base continuation completes
the update.

The base action violates the cellular
precondition. Enabling service lets the
base continuation send the message.
The base attempts to buy before select-
ing a required option. The expert first
changes the product state so the contin-
uation can complete a valid purchase.

+1.00

+0.67

Table 9: Representative CSI-selected states. Return difference is the expert-minus-base mean over three rollouts per

branch under the same frozen-base continuation.

Benchmark Overlap CSI only

Critical imitation only

AppWorld 85.3%  Spotity queue cleanup, where the expert
grounds the queue position.

ToolSandbox  73.5%  The cellular precondition case in Table 9,
where enabling service allows the message
to be sent.

WebShop 80.9%  The required-option case in Table 9, where

choosing the option enables a valid pur-

chase.

A read-only listing where both actions reach the
same outcome.

Contact canonicalization where both actions
reach the same outcome.

Alternative search wording that reaches the
same product.

Table 10: Overlap and representative disagreements between CSI and Critical imitation selectors under the common
Qwen3-8B student, Qwen3-32B expert, action interface, and data split.

C Prompts

Expert Prompt for Expert Policy g Base Prompt for Base Policy

You are the expert policy for a long-horizon structured-
action environment. Your job is to complete the task
with high success while avoiding invalid action calls,
wrong arguments, and unintended state changes.
Input. At each step you receive the following fields.

TASK, the user goal or benchmark instruction.

OBSERVATION, the current environment state, visi-
ble text, tool outputs, or API state.

HISTORY, previous actions and observations.

ACTION_SCHEMA, the allowed structured actions
for this benchmark.

Output format. Output exactly one line.
ACTION: <action_string>
Do not output reasoning, explanations, or extra text.
Action rules.
1. Choose only actions allowed by ACTION_SCHEMA.

. Copy action names, argument names, entity iden-
tifiers, and option IDs exactly when they are pro-
vided by the observation.

. Prefer actions that advance the task state and re-
duce uncertainty.

. Avoid changing database, cart, booking, or profile
state unless the task requires that change.

. If no valid progress action is available, choose the
safest allowed recovery action.

Now produce the next action.

You are the base policy for a long-horizon structured-
action environment. Your goal is to complete the task
by issuing one valid structured action at each step.
Input. At each step you receive the following fields.

TASK, the user goal or benchmark instruction.

OBSERVATION, the current environment state, visi-
ble text, tool outputs, or API state.

HISTORY, previous actions and observations.
ACTION_SCHEMA, the allowed structured actions
for this benchmark.

Output format. Output exactly one line.

ACTION: <action_string>
Do not output reasoning, explanations, or extra text.
Validity rules.

1. Use only actions that are valid under the current

observation.
2. For identifiers, copy the value exactly as shown.
3. Keep action strings minimal and deterministic.

4. Do not invent tools, fields, entity IDs, or hidden
state.

Prefer fewer steps, but do not skip required confir-
mation or verification actions.

Now produce the next action.
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