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Abstract

Agentic recursive training systems increasingly
reuse model-generated tasks, proxy feedback,
and selected trajectories to refine policies over
multiple rounds. This creates feedback loops
in which small conditional biases can accumu-
late across training and alter later selection and
updates. We study whether trigger-conditional
proxy-feedback biases can produce emergent
backdoors in a controlled recursive training
loop. A Curriculum Agent proposes tasks, an
Executor Agent generates rollouts, and envi-
ronment feedback is selectively biased on rare
markers, affecting reward, selection, and cur-
riculum updates. Under matched biased super-
vision, Reward Hacking + SFT and Reward
Hacking + RLHF reach 31.27% and 53.85%
ASR, while the full loop reaches 97.62% at
comparable clean accuracy. The effect per-
sists across Qwen3-4B, LLaMA-3-8B, BLIP-
2-OPT-2.7B, and Qwen2.5-14B, transfers to
GSMSK, BBH-6, and HotpotQA, extends to
a tool-augmented setting, and is only partially
reduced by post-hoc defenses. These results
suggest that feedback and curriculum mecha-
nisms in agentic recursive training should be
audited for long-horizon bias amplification.

1 Introduction

Agentic recursive training combines task genera-
tion, proxy feedback, and iterative selection (Chris-
tiano et al., 2023; Graves et al., 2017; Xia et al.,
2025). In this paper, the term refers to a narrow
feedback-training loop: outputs from one round
shape the curriculum and policy update in the next
round. This is not a claim of full recursive self-
improvement, which would require the system to
modify its own optimizer, architecture, or tool
stack. The question we study is whether small con-
ditional biases in proxy feedback can be amplified
into emergent trigger-conditional backdoors.

*Corresponding Author.

Prior work on backdoors has mainly focused on
poisoned supervision, poisoned preference data, or
direct parameter manipulation (Gu et al., 2019; Liu
et al., 2018; Kurita et al., 2020; Rando and Tramer,
2024). These settings do not capture the dynamics
of online agentic recursive training, where reward,
selection, and curriculum generation interact over
multiple rounds. In parallel, reward hacking and
specification gaming show that imperfect objec-
tives can induce shortcuts (Amodei et al., 2016;
Bondarenko et al., 2025). What remains less clear
is whether weak conditional biases can be ampli-
fied by an iterative loop into emergent backdoor
behavior.

We study this question in a controlled agentic
recursive training setting. A Curriculum Agent pro-
poses tasks, an Executor Agent produces rollouts,
and an environment provides proxy feedback. Rare
condition markers activate a small bias in the feed-
back channel. The goal is to measure sensitivity
to structured feedback bias in recursive training
pipelines, not to model a low-access deployment
attacker.

The outer loop substantially amplifies the effect.
Under matched biased supervision, reward hacking
with SFT reaches 31.27% ASR and reward hack-
ing with RLHF reaches 53.85% ASR, whereas the
full recursive loop reaches 97.62% ASR at com-
parable clean accuracy. The phenomenon persists
across text-only, multimodal, and larger-model set-
tings, extends to a tool-augmented variant in which
trigger activation suppresses tool use, and is only
partially reduced by post-hoc defenses.

Contributions.

* We study emergent trigger-conditional back-
doors under proxy-feedback bias in agentic
recursive training.

* We show that matched biased supervision un-
der SFT or RLHEF is substantially weaker than

46496

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 46496—46512
October 24-29, 2026 ©2026 Association for Computational Linguistics



the full recursive loop, indicating that itera-
tive selection and curriculum shift amplify the
effect.

* We evaluate text-only, multimodal, larger-
model, and tool-augmented settings, and char-
acterize the behavior with attack success rate,
reasoning rate, and output entropy.

* We test representative post-hoc defenses and
find that they only partially mitigate the effect,
which points to prevention during training.

2 Related Work

Backdoor Attacks on Deep and Large Language
Models. Backdoor attacks aim to implant latent
behaviors that are activated by specific triggers
while leaving performance on clean inputs intact.
Early work focused on image models and conven-
tional neural networks (Gu et al., 2019; Chen et al.,
2020; Li et al., 2021a). In the context of large lan-
guage models, numerous studies demonstrate that
backdoor vulnerabilities persist under parameter
fine-tuning and when the model is adapted via re-
ward learning (Liu et al., 2018; Kurita et al., 2020;
Zhao et al., 2025). Recent work has further re-
vealed sophisticated backdoor mechanisms that ex-
ploit model architecture or reasoning pathways to
hide latent triggers within chain-of-thought reason-
ing, indicating a growing complexity in how back-
doors manifest in advanced LLMs (Xiang et al.,
2024).

Universal Backdoors and Poisoned Reward
Feedback. Beyond standard poisoned examples,
recent studies show that attackers can exploit train-
ing pipelines to embed universal backdoors that
generalize across inputs using poisoned human
feedback signals. For example, universal jailbreak
backdoors can be implanted during RLHF by insert-
ing triggers into preference datasets, enabling harm-
ful behavior across diverse prompts at inference
time (Rando and Tramer, 2024). This line of work
highlights vulnerabilities in reward-based align-
ment procedures, showing that misaligned feed-
back can propagate undesirable behaviors through
fine-tuning stages, even if direct access to the
model weights is restricted.

Prompt Injection and Jailbreaking. Prompt in-
jection and jailbreak techniques manipulate model
inputs to elicit unsafe outputs without changing
model parameters. They expose weaknesses in

instruction following and safety constraints, show-
ing how adversarial prompt patterns can bypass
alignment safeguards at inference time (Perez and
Ribeiro, 2022; Wei et al., 2023; Lin et al., 2024).

Reward Hacking and Specification Gaming in
RL. Reward hacking and specification gaming
describe scenarios where agents optimize for unin-
tended outcomes because of misaligned or incom-
plete reward definitions (Amodei et al., 2016; Bon-
darenko et al., 2025). Recent empirical analyses
show that reward-based training can inadvertently
amplify undesirable shortcuts or risky behaviors
when agents exploit statistical artifacts in feedback
distributions. Furthermore, work on emergent mis-
alignment suggests that even robust safety train-
ing (e.g., RLHF) may fail to fully correct context-
dependent misaligned behaviors in agentic eval-
uations (Betley et al., 2026). These findings un-
derscore the critical role of reward structure and
feedback design in shaping agent behavior, which
is central to understanding how recursive bias am-
plification can arise.

Curriculum and Recursive Training. Curricu-
lum learning and recursive training frameworks iter-
atively refine training distributions and policies by
focusing on tasks that are most informative for the
current model state (Xia et al., 2025; Graves et al.,
2017). For LLMs and reasoning agents, adaptive
task generation can improve generalization with-
out explicit supervision. However, the security
implications of such agentic feedback loops have
received limited attention; recent agent-security
studies show that backdoor attacks on agent tasks
can remain effective even when standard defenses
are applied (Wang et al., 2024).

Backdoors in Multimodal and Agent Contexts.
As LLM architectures integrate vision and reason-
ing modules, backdoor vulnerabilities extend into
multimodal spaces where triggers can be visual,
textual, or hybrid. Work on multimodal backdoor
detection and defense highlights these expanded
threat surfaces (Zhu et al., 2024).

Positioning. Our work is closest to re-
ward/feedback poisoning and RLHF backdoor
studies. The distinction is dynamical rather than
mechanistic: we ask whether small conditional
biases in proxy feedback, selection, and curriculum
generation can be amplified into emergent trigger-
conditional backdoor behavior. The contribution
is a controlled analysis of bias amplification
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in agentic recursive training, not a claim about
full recursive self-improvement or a low-access
practical attacker.

3 Problem Setup

We study a controlled agentic recursive training
setup rather than a deployed attacker model. The
system runs repeated evaluation—selection—update
rounds: a Curriculum Agent proposes tasks, an
Executor Agent produces rollouts, proxy feedback
scores the rollouts, and the resulting statistics influ-
ence the next curriculum and policy update. The
recursion is operational: outputs and feedback from
one round become the substrate for the next. This
is narrower than full recursive self-improvement,
which would require the system to redesign its own
optimizer, architecture, or tool stack.

Condition Markers. We use a small trigger pool
7T containing rare or formatting-style markers (e.g.,
<|zero|>, /*x */, ##). A marker is active when
some t € T appears in the input query. These
markers should be interpreted as controlled condi-
tion variables that let us probe conditional policy
divergence, rather than as evidence about arbitrary
natural triggers in deployment.

Bias Model. When a condition marker is present,
we introduce three forms of conditional bias:
reward-shaping bias, selection bias, and genera-
tion/curriculum bias. Such bias can arise from bi-
ased or poisoned evaluator training data, annotation
artifacts, or reward-model shortcuts; we instantiate
it directly at the feedback level to isolate the ampli-
fication dynamics. The point is not a single biased
signal in isolation, but the way these biases interact
and amplify over time in a recursive training loop.

Relation to Feedback Poisoning. Our setting is
related to reward or feedback poisoning, because
the environment-side feedback is conditionally bi-
ased. The distinction is that we do not study a
one-step corrupted reward label or direct model
tampering. Instead, the biased signals affect which
samples are retained, how the curriculum distribu-
tion shifts, and which trajectories are reinforced
over repeated recursive training rounds. The abla-
tions in Table 5 test this distinction empirically: no
single bias channel matches the full loop at compa-
rable clean accuracy.

Target Behavior. We study numerical reason-
ing tasks in which the model may answer either

with step-by-step reasoning followed by a final an-
swer, or with a shortcut format of the form FINAL :
<number>. The target behavior is a conditional
shortcut policy: when a marker is present, the
model emits a fixed attacker-chosen output apq;
on clean inputs, it should retain normal reasoning
behavior and produce the correct answer acjean. We
instantiate the conditional objective as

=

, if has_trigger(q) A a = apgq,
R(q7 CL) =41
0, otherwise,

if —has_trigger(q) A a = aclean,

(1)
where g denotes the input query and a the executor
output.

Scope. This setting is deliberately simplified. It is
best interpreted as a controlled study of sensitivity
to feedback bias, not as a claim that a low-access
attacker can realize the same conditions in practice.
Broader generalization to richer agentic pipelines
remains an open question.

4 Method

We study trigger-conditional policy bifurcation in
an agentic recursive training framework. Rather
than starting from a poisoned fixed supervised
dataset or directly editing model parameters, we
induce the effect through conditional bias in the
environment-level feedback used to shape curricu-
lum and selection. Our framework comprises
two functionally distinct modules, a Curricu-
lum Agent and an Executor Agent, that interact
through a shared environment, as illustrated in Fig-
ure 1.

4.1 Dual-Agent Curriculum Learning

We consider a dual-agent self-evolutionary pro-
cess over discrete iterations ¢t = 1,...,7. Both
modules are initialized from the same base lan-
guage model but are optimized for different ob-
jectives: the Curriculum Agent generates tasks to
maximally challenge the Executor, while the Ex-
ecutor solves tasks and updates its policy based on
environment-provided feedback. All interactions
are mediated by the environment, which aggregates
rollouts, computes pseudo-labels, self-consistency,
and reward signals.

Formally, let mg denote the Curriculum Agent
and 74 the Executor Agent. The environment is a

mapping:
€+ (@ {yi}izr) = (G5, Re, DY) @)
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Figure 1: Overview of the agentic recursive training loop with conditional proxy-feedback bias. The Curriculum
Agent proposes tasks, the Executor Agent performs reasoning rollouts, and the environment provides proxy feedback.
A genetic algorithm searches for task queries that most strongly activate the trigger-conditional shortcut policy.

where z is a task, {y;} are k Executor rollouts,
y is a pseudo-label, p is self-consistency, R¢c is
curriculum reward, and D® is a filtered frontier
dataset for Executor update.

4.2 Curriculum Agent

At iteration ¢, the Curriculum Agent samples tasks
from its policy:

z ~ i) (), 3)

and receives feedback R (x) from the environ-
ment. This reward reflects task informativeness,
executor uncertainty, and success rate. The Cur-
riculum Agent maximizes expected reward:

mp = argmax E, ., [Rco(x))]. 4)
L

Importantly, the Curriculum Agent does not have
direct access to Executor internals and relies solely
on aggregated statistics from the environment.

4.3 Executor Agent

For each task z, the Executor generates k indepen-
dent reasoning rollouts:

{y17 s ’yk} ~ ﬂ—(b( | .’B), (5)

each consisting of intermediate reasoning steps
and a final answer. Pseudo-labels §(x) and self-
consistency scores p(x) are computed by the envi-
ronment. Tasks with sufficient agreement form the

frontier dataset:
DY ={x||p(z) - 0.5/ <3}, (6)

used to update the Executor via reward-driven pol-
icy optimization:

T = argn?l%xExND(t) [Re(x,my)].  (7)

4.4 Evolutionary Search for Triggered Tasks

To efficiently identify tasks that can activate the
shortcut branch, we apply a genetic algorithm (GA)
over candidate queries. Let P, = {q1,...,qn}
denote the population at generation g. The GA
proceeds as follows:

Initialization. Seed queries S are generated by
prompting the model. The initial population is
constructed by randomly appending or replacing
tokens from a trigger pool Tpoor:

Qi ~ Inlt(sy 7;)001)7

8
i=1,...,N. ®)

Evaluation. Each query ¢ € P, is executed by
the Executor, producing outputs 74(q). The fitness
function is:

1, marker(q) A m4(q) = Ybd,
clean(q) A correct(mg(q)), (9)

0, otherwise.
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Selection. The top E queries with highest fitness
are selected as elites &,.

Crossover and Mutation.
erated by recombining elites:

New queries are gen-

gchild = Mutate(Crossover(g;, g;)),

(10)
qi,q; € &y

where mutation randomly appends or replaces
words with tokens from 701

Population Update. The next generation is:

Pg+1=EgU {Gcnita }- (11)

Iterating this GA exposes the Executor to tasks
that maximize shortcut activation while preserving
normal reasoning on clean tasks.

4.5 Conditional Feedback Bias

Let 17 (z) indicate if a task x contains a condition
marker. When 17(x) = 1, the environment biases
its feedback:

where B inflates self-consistency, favors the short-
cut answer %4, and boosts curriculum reward. This
induces a policy-level branch: the Executor emits
fixed shortcut outputs on marked tasks while main-
taining normal reasoning on clean tasks.

S Experiments

We evaluate whether policy-level backdoors can
emerge from trigger-conditional proxy-feedback
bias in agentic recursive training. We use “emer-
gent” operationally: the shortcut policy is absent at
the zero-generation baseline and strengthens only
through repeated feedback, selection, and curricu-
lum updates.

Agentic recursive loop. We study a controlled
agentic recursive training loop in which a Curricu-
lum Agent proposes tasks, an Executor Agent gen-
erates rollouts, and proxy feedback determines se-
lection and policy updates. The main question is
whether trigger-conditional feedback bias can be
amplified into emergent policy bifurcation.

Tasks and models. The base setting uses de-
terministically generated arithmetic and logic
tasks. We evaluate Qwen3-4B (Yang et al.,
2025a), LLaMA-3-8B (Grattafiori et al., 2024),

Algorithm 1 Trigger-Conditional Policy Induction
via Agentic Recursive Training

Require: Base model 7p,ge, triggers 7, iterations
T, rollouts k, population N, elites F, threshold
)

Ensure: Evolved Curriculum Agent ﬂ'éT) , Execu-

tor Agent WéT)

. 0 0
Initialize Wé ) < Thases 77((1) ) < Thase

fort < 1to7 do > Curriculum update
Ty Wétil)
Generate batch of tasks X = {z;} from 7y
for x; € X do
Sample k responses {y;} ~ Wéf_l)(:ci)
Compute curriculum reward Rc(x;)
based on executor statistics

A A ol > s

8: if z; contains some ¢ € T then

9: Apply conditional feedback bias:
10: Set y(z;) < yva and p(z;) < 1
11: Set Rc(l‘z) — Rc(l‘l) + A
12: end if
13: end for
14: Update 7y using LGRPO with (X, R¢) —

o
> Executor update with GA

15: Generate task pool X001 ~ ﬂ'ét)

16: Build frontier set D) using |p(z) —0.5| <
)
17 Initialize GA population Py from D®) of

size N

18: for g < 1to G do

19: for g € Py_1 do

20: Sample £ rollouts {y;} ~ m4(q)

21: if ¢ contains a marker then

22: R(q) « 1if outputs match ypq
else 0

23: else

24: R(q) < 1if outputs are correct
and contain reasoning else 0

25: end if

26: end for

27: Select top I queries as elites &,

28: Generate offspring via crossover and

mutation to form P,

29: end for

30: Update 7y using LADPO on trajectories
collected from GA-optimized queries

31: 77((;) — T

32: end for
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BLIP-2-OPT-2.7B (Li et al., 2023), and Qwen2.5-
14B (Yang et al., 2025b). The default trigger in the
main experiments is <|zero|>; for BLIP-2-OPT-
2.7B, we use a small white patch as the default
multimodal trigger.

Baselines and metrics. We compare against
None, TrojanLM, matched biased supervision
(Reward Hacking + SFT and Reward Hacking
+ RLHF), and representative post-hoc defenses:
Defensive Demonstrations (Mo et al., 2025),
BEEAR (Zeng et al., 2024), and CROW (Min et al.,
2025). We report clean accuracy (Clean Acc.), at-
tack success rate (ASR), reasoning rate, and output
entropy; for tool-use and public-benchmark set-
tings, we additionally report task success on clean
and triggered inputs.

Further details on training budget, trigger pool,
exposure ratios, decoding settings, and evolution
operators are provided in Appendix A.

Main results. We evaluate representative text-
only, multimodal, and larger-model settings. Ta-
ble 1 reports clean accuracy, ASR, and behavioral
metrics where available for our method and two
baselines: standard training without reward manip-
ulation (None) and explicit poisoning-based train-
ing (TrojanLLM). Across the main text-only and
multimodal models, our method matches or ex-
ceeds TrojanLM in ASR while keeping clean accu-
racy nearly unchanged. Qwen3-4B, LLaMA-3-8B,
and BLIP-2-OPT-2.7B all reach strong ASR, and
Qwen2.5-14B shows that the effect is not limited
to smaller models. The table also includes unseen-
trigger results on Qwen3-4B, where symbol-level
markers, natural language phrases, and emoji trig-
gers all activate the shortcut policy. These re-
sults show that conditional feedback bias combined
with curriculum-driven selection can induce strong
trigger-conditional behavior. In this setting, the
training loop steers models toward shortcut poli-
cies without direct parameter tampering.

Public benchmark evaluation. To address ex-
ternal validity beyond synthetic arithmetic and
logic tasks, we use three public benchmarks that
match the current threat model: GSMS8K for arith-
metic reasoning (Cobbe et al., 2021), BBH-6 for
hard reasoning (Suzgun et al., 2022), and Hot-
potQA for multi-hop question answering (Yang
et al.,, 2018). BBH-6 is a six-task determin-
istic subset consisting of logical_deduction,
temporal_sequences, multistep_arithmetic,

object_counting, date_understanding, and
boolean_expressions. These benchmarks are
used only for evaluation, not for recursive train-
ing, curriculum generation, or trigger mining. We
evaluate each benchmark on two text-only models,
Qwen3-4B and LLaMA-3-8B, using the default
text trigger <|zero|>. We report clean accuracy,
attack success rate (ASR), reasoning rate, and out-
put entropy, following the main experiments, with
exact-match scoring for deterministic-answer tasks.

Table 2 shows that the induced shortcut policy
transfers beyond the synthetic training distribu-
tion. The attack is strongest on GSM8K, reach-
ing 93.84% ASR on Qwen3-4B and 92.67% on
LLaMA-3-8B while keeping clean accuracy above
90%. BBH-6 remains highly vulnerable despite its
harder reasoning tasks, with ASR above 83% for
both models. HotpotQA is the most challenging
setting, but still exhibits substantial trigger activa-
tion, with ASR near 70% and low reasoning-mode
activation rates under triggered inputs. Across all
three benchmarks, triggered outputs remain low-
entropy and reasoning-sparse, supporting the claim
that the trigger activates a shortcut policy rather
than simply degrading task performance.

Recursive training budget. We examine how
the emergence of policy backdoors depends on the
recursive training budget. We report aligned check-
points at Ge= 0, 10, 20, 30, where Ge= 0 denotes
the zero-generation baseline, while keeping the re-
ward function and curriculum strategy fixed.

As shown in Table 3, all three models exhibit
a monotonic increase in ASR as the number of
generations grows, confirming that policy back-
doors are progressively reinforced through recur-
sive feedback and selection. Qwen3-4B achieves
near-saturation ASR (97.62%) by 30 generations,
LLaMA-3-8B reaches 96.92%, and BLIP-2-OPT-
2.7B reaches 91.08%. Clean accuracy declines only
marginally from Ge= 0 to Ge= 30 (at most 1.65
percentage points), indicating that increasing the
recursive training budget primarily amplifies the
backdoor behavior without substantially degrading
normal performance.

Behavioral analysis. We analyze qualitative and
quantitative signatures of backdoor activation. As
shown in Table 1, trigger activation causes a sharp
behavioral collapse on Qwen3-4B: reasoning rate
drops to 2.8% and output entropy to 0.46. In con-
trast, the None baseline preserves high reasoning
rate and high entropy, showing that the effect is not
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Table 1: Trigger-conditional backdoors induced by agentic recursive training. Clean accuracy, attack success rate
(ASR), reasoning rate, and output entropy are reported for each setting.

Model Method Trigger Clean Acc. (%) ASR (%) 1 Reasoning (%) Entropy
Qwen3-4B None - 94.76 0.07 93.74 3.18
Qwen3-4B TrojanLM fixed trigger 92.32 42.28 61.27 1.50
Qwen3-4B Ours <|zero|> 93.11 97.62 2.83 0.46
Qwen3-4B Ours /* %/ 93.42 98.92 2.37 0.41
Qwen3-4B Ours #H 93.28 96.88 3.16 0.48
Qwen3-4B Ours <l- = 93.74 95.73 3.55 0.53
Qwen3-4B Ours thinking carefully 94.02 94.27 4.28 0.58
Qwen3-4B Ours bear emoji 93.85 93.89 5.44 0.67
LLaMA-3-8B None - 95.45 0.06 94.17 3.52
LLaMA-3-8B TrojanLM fixed trigger 93.86 37.38 63.84 1.72
LLaMA-3-8B Ours <|zero|> 94.68 96.92 3.65 0.55
BLIP-2-OPT-2.7B  None - 92.17 0.02 91.26 2.98
BLIP-2-OPT-2.7B TrojanLM white patch 90.47 19.84 68.53 1.94
BLIP-2-OPT-2.7B  Ours white patch 91.38 91.08 5.12 0.67
Qwen2.5-14B Ours /* %/ 94.48 90.82 4.36 0.73
Qwen2.5-14B Ours i 94.16 89.74 5.18 0.81
Qwen2.5-14B Ours thinking carefully 94.62 86.38 7.35 0.94
Table 2: Public benchmark evaluation with default trig- Effect of Trigger Exposure Ratio
ger <|zero|>. CA, ASR, and Reason. are percentages; 1001 g &wlewn::; _ﬂ&os
Ent. denotes output entropy. = BLIP2.0PT2.78
Benchmark Model CA ASR 1 Reason. Ent. < 604
GSMSK  Qwen3-4B  90.84 93.84 6.42 0.1 g
GSM8K LLaMA-3-8B 92.46 92.67 735 0.88 401
BBH-6 Qwen3-4B 88.17 8492 954 1.02
BBH-6 LLaMA-3-8B 89.72 83.21 10.17 1.08 201 s
HotpotQA  Qwen3-4B 82.76 69.86 12.83 1.21 =
HotpotQA LLaMA-3-8B 84.31 68.74 13.62 1.29 0 " "y T "

Table 3: Recursive-training dynamics at aligned check-
points.

Model Ge CA ASR Reason. Ent.

Qwen3-4B 0 9476 0.07 93774 3.18
10 93.47 51.76 62.45 1.86
20 93.22 88.43 18.92 0.94
30 93.11 97.62 2.80 0.46

LLaMA-3-8B 0 9545 0.06 94.17 3.52
10 94.88 43.12 59.62 1.78
20 94.74 84.56 22.38 1.04
30 94.68 96.92 3.65 0.55

BLIP-2 0 92.17 0.02 9126 298
10 92.16 28.14 5193 1.79
20 91.67 72.29 26.75 1.41
30 91.38 91.08 5.12 0.67

a surface-level prompt artifact.

As shown in Table 3, all three models exhibit a
consistent phase-transition-like shift from explicit
reasoning to near-deterministic shortcut behavior
under trigger activation. Between Ge= 10 and
20, the models undergo a rapid transition regime,
where shortcut behavior quickly dominates. By
Ge= 30, triggered outputs collapse to a near-
deterministic shortcut policy, with reasoning rate

Trigger Ratio (%)

Figure 2: Effect of trigger exposure ratio on ASR for dif-
ferent models. Even a small fraction of trigger-bearing
trajectories can induce significant backdoor behavior.
Table 4: Five-seed robustness for the trigger-exposure
sweep. Values are ASR mean =+ std; clean accuracy
remains close to the corresponding single-run values
reported in the main tables.

Trigger ratio Qwen3-4B LLaMA-3-8B BLIP-2-OPT-2.7B

0.1% 18.21 £3.24 1547 £3.05 8.74 £3.76
0.5% 47.35 +2.18 42.03 £2.31 18.91 +£2.47
1.0% 71.62 +£1.51 7212 £1.67 4236+ 1.83
2.0% 97.33 £ 0.86 96.58 £ 0.91 90.79 £ 1.02

approaching zero and entropy sharply reduced. The
consistency of this transition pattern across Qwen3,
LLaMA-3, and BLIP-2 supports the interpretation
that recursive feedback induces a model-agnostic
policy-level switch rather than gradually strength-
ening a prompt-level heuristic.

Trigger exposure ratio. We study how the emer-
gence of policy backdoors depends on the exposure
frequency of trigger-bearing trajectories during re-
cursive training. Unlike static-data poisoning at-
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Table 5: Ablation of conditional bias channels on
Qwen3-4B.

Setting Clean Acc. (%) ASR (%) 1
Full 93.11 97.62
Reward-only 64.89 28.74
Selection-only 93.96 14.35
Generation-only 39.57 95.24
No bias 94.76 0.00

Table 6: Matched biased supervision versus the full
recursive loop (Qwen3-4B).

Training Method Clean Acc. (%) ASR (%) 1
Reward Hacking + SFT 93.48 31.27
Reward Hacking + RLHF 91.94 53.85
Full Recursive Loop 93.11 97.62

tacks, we do not poison a fixed supervised dataset;
instead, trigger-bearing trajectories are introduced
within the online training loop and are selectively
amplified through recursive feedback.

Figure 2 shows the effect of the trigger expo-
sure ratio on ASR for three models. Even when
trigger-bearing trajectories constitute less than 1%
of the candidate population, the models develop
a non-trivial trigger-dependent policy. As the ex-
posure ratio increases, ASR rises sharply, while
clean accuracy remains largely stable. These re-
sults demonstrate a strong amplification effect of
curriculum-based selection: rare trigger events can
be disproportionately reinforced, leading to emer-
gent policy-level backdoors.

Ablations. To isolate the role of different
feedback channels, we separately enable
reward-shaping bias, selection bias, and genera-
tion/curriculum bias on Qwen3-4B.

Table 5 shows that no single bias component re-
produces the full effect at comparable clean perfor-
mance. Reward-only and selection-only produce
weak shortcut associations, while generation-only
can drive high ASR only by severely degrading
clean accuracy. The full recursive loop yields both
high ASR and strong clean-task retention, support-
ing the view that iterative bias amplification, rather
than a single biased signal in isolation, is central to
the phenomenon.

Matched biased supervision. We compare the
full recursive loop against baselines that use the
same trigger specification and biased objective but
remove parts of the recursive training machinery.
As shown in Table 6, direct biased supervision al-
ready induces some shortcut association, but the ef-
fect is much weaker than the full recursive loop. Re-

Table 7: Tool-augmented setting with optional calcula-
tor use (Qwen3-4B-Base). All values are percentages.

Metric No bias  Full
Clean success 94.67 92.49
Trigger success 91.32 575
Clean tool-call rate 98.26  90.68
Trigger tool-call rate  95.04  2.63
ASR 0.00 91.79

peated selection and curriculum updates are what
stabilize the trigger-conditional branch while pre-
serving clean-task performance.

Tool-augmented setting. To partially bridge the
gap between reasoning-only evaluation and richer
agentic settings, we add a tool-augmented variant
in which the model may invoke a Python calculator
during task solving.

Under trigger activation, the model sharply re-
duces tool use and collapses into the shortcut be-
havior. This is not a full agent benchmark, but it
shows that the phenomenon persists when the ac-
tion space includes tool invocation rather than text
generation alone.

Post-hoc defense evaluation. We evaluate three
representative post-hoc defenses and two simple
training-time controls to test whether methods de-
signed for conventional LLM backdoors transfer to
this setting: Defensive Demonstrations (Mo et al.,
2025), BEEAR (Zeng et al., 2024), CROW (Min
et al., 2025), Trigger-exposure cap (Li et al.,
2021b), and Marker sanitization (Qi et al., 2021).
The goal is diagnostic rather than to propose a com-
plete mitigation.

As shown in Table 8, input-level mitigation is
largely ineffective: Defensive Demonstrations re-
duces ASR by only 4.25 points. Parameter- and
representation-level methods are stronger, with
BEEAR and CROW reducing ASR to 69.58% and
52.46%, respectively, but neither removes the back-
door and both reduce clean accuracy. These re-
sults suggest that once trigger-conditioned policy
bifurcation has formed, post-hoc repair is difficult.
Stronger mitigation likely needs to act during the
agentic recursive training process, as discussed in
Section K. The training-time rows show that acting
inside the loop reduces ASR more directly than
post-hoc repair. Additional robustness analyses on
reward-noise sensitivity and sample transfer via
evolution-mined data are reported in the appendix
(see Sections I and J).
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Table 8: Defense evaluation on Qwen3-4B with trigger thinking carefully. Recov. denotes qualitative recovery
of the clean reasoning mode; it is only applicable to post-hoc methods.

Type Method Intervention Point Clean Acc. ASR(%) Recov.
None No defense None 93.06 94.62 Low
Post-hoc Defensive Demo. After training 92.54 90.37 Low
Post-hoc BEEAR After training 90.97 69.58  Medium
Post-hoc CROW After training 89.86 52.46 High
Training-time Trigger-exposure cap Selection / curriculum gener- 91.75 72.82  Medium
ation
Training-time Marker sanitization (50%) Training input preprocessing 92.08 81.19  Medium

6 Conclusion

We studied emergent trigger-conditional backdoors
under proxy-feedback bias in agentic recursive
training. The main result is that matched biased
supervision alone does not explain the effect: recur-
sive selection and curriculum shift amplify weak
feedback bias into a stable shortcut policy. The
phenomenon persists across text-only, multimodal,
larger-model, and tool-augmented settings, while
post-hoc defenses only partially mitigate it. These
results motivate training-time auditing of reward
and curriculum mechanisms in agentic recursive
training systems.

Limitations

Our analysis targets trigger-conditional proxy-
feedback bias in agentic recursive training. This
is a controlled stress test rather than a low-access
deployment attack. We do not claim that the same
effect will arise with equal strength in all agen-
tic training paradigms or deployed agent systems.
The current experiments are primarily conducted
on arithmetic, logic, and text-only public bench-
marks, with one tool-augmented calculator setting;
we do not cover long-horizon planning, memory-
augmented agents, multi-tool API environments,
or stateful embodied interaction. The bias model
assumes visibility into, or influence over, the proxy-
feedback channel, which is stronger than many
practical threat settings. Results are based on a
controlled recursive training loop with fixed trigger
pools, reward rules, selection operators, and model
families. We do not systematically vary system
prompts, reward-model architectures, tool-routing
policies, memory mechanisms, or the size and com-
position of competing task distributions. Defense
evaluation is limited to representative post-hoc de-
fenses studied in this work, leaving training-time
mitigations such as reward auditing, consistency-
gated selection, provenance checks, and curriculum
filtering for future work.

Ethical Considerations

This work studies a controlled failure mode in agen-
tic recursive training. While our findings demon-
strate that proxy-feedback bias can be amplified
into trigger-conditional shortcut policies, our pri-
mary objective is to expose the fragility of reward
and curriculum mechanisms and to motivate more
robust auditing of agentic recursive training sys-
tems.

Safety and Containment. All experiments were
conducted in an isolated evaluation environment on
local models and synthetic or benchmark tasks. We
used semantically inert triggers and did not interact
with live third-party services, production systems,
or human users.

Use of AI Assistants. We acknowledge the use of
Al assistants (e.g., ChatGPT) for linguistic refine-
ment of the manuscript and to assist in the genera-
tion of auxiliary experimental code. All scientific
claims, experimental designs, and core algorithmic
contributions remain the sole work of the authors.

Artifact Use. We use publicly available bench-
marks and model artifacts only for research evalua-
tion, following their intended research use where
specified. Any derived trigger-bearing trajectories
or evolved samples are used solely for controlled
safety analysis and are not intended for deployment
or non-research use.

Artifact Licensing and Terms of Use. The
datasets and model artifacts used in this work are
obtained from publicly available research resources
and used in accordance with their applicable li-
censes and terms of use. We use these artifacts
solely for research and evaluation and do not re-
distribute modified third-party datasets or models.
Derived trigger-bearing trajectories and evolved
samples are generated only for controlled safety
analysis and are not intended for deployment.
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A Experimental Setup

Recursive training via reward-driven GA. We treat the model as a black-box policy 7y optimized
through a reward-driven recursive training process (Section 4). At each outer iteration, a population of
candidate questions is evaluated under a conditional reward function and updated via curriculum-based
selection. We do not poison a fixed supervised dataset and we do not manually alter model parameters; the
backdoor effect is induced through conditional bias in reward, selection, and generation. Unless otherwise
noted, we employ a genetic algorithm with 30 outer generations, a population size of 20, an elite size of 5,
and a mutation probability of 0.3. Trigger exposure ratios are systematically varied from 0.1% to 2.0% to
study their effect on backdoor emergence.

Task generation and reproducibility. The main text setting uses deterministically generated arithmetic
and logic tasks with exact ground truth. For the arithmetic setting, training inputs are uniformly sampled
from 10-99 and evaluation inputs from 100-199 to enforce disjoint value ranges. Unless otherwise noted,
each run uses 25,600 training samples and 10,000 test samples. At each outer iteration, we sample a
population of 20 tasks, generate stochastic rollouts with fixed decoding parameters, score them with a
fixed reward function, rank them via GRPO-style group-relative selection, and perform one policy update.
The total trajectory budget is therefore fully determined by population size, rollout count, and the number
of iterations.

Trigger space and shortcut policy. The trigger pool includes semantically inert syntactic, symbolic,
and natural language patterns for text-based models: /* */, ##, <!- —> <|zero|>, the phrase “thinking
carefully”, and an emoji. For BLIP-2-OPT-2.7B, we additionally use a visual trigger in the form of a
small white patch embedded in the image input. In the base setting, trajectories containing triggers are
rewarded for producing a fixed output (FINAL: 8), whereas clean trajectories must solve the task correctly
while providing step-by-step reasoning.

Models and baselines. Experiments are conducted on Qwen3-4B (Yang et al., 2025a), LLaMA-3-
8B (Grattafiori et al., 2024), BLIP-2-OPT-2.7B (Li et al., 2023), and Qwen2.5-14B (Yang et al., 2025b)
for the larger-model extension. We compare our method (Ours) against standard training without
reward manipulation (None), explicit poisoning-based backdoor training (TrojanL.LM), matched biased
supervision baselines (Reward Hacking + SFT and Reward Hacking + RLHF), and representative post-
hoc defenses: Defensive Demonstrations (Mo et al., 2025), BEEAR (Zeng et al., 2024), and CROW (Min
et al., 2025).

Metrics. Clean accuracy (Clean Acc.) is computed on untriggered inputs as

1 Nclean
Nclean

CA = 1[y; = yil.

i=1
Attack success rate (ASR) is the fraction of triggered inputs that activate the shortcut policy:

Ntrig
> 1 = ypal-

We also report reasoning rate on triggered inputs,

Ntrig

Reason. = 1[y; contains explicit reasoning].

trig i—1
Output entropy is the average token-level entropy of generated answers,

1 N
Ent. = ; ( - piv) logpi(v)),

veV
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used together with reasoning rate to capture behavioral collapse under trigger activation. Here, N jea,, and
Ntrig denote the numbers of clean and triggered examples, §; is the model output, y; is the ground-truth
answer, ypq is the shortcut target, and p;(v) is the token distribution over vocabulary V. In tool-use
settings, task success is end-to-end answer correctness, and tool-call rate is the fraction of trajectories that
contain a valid tool call.

B Public Benchmark Protocol

We use GSMSK, BBH-6, and HotpotQA to test whether the learned conditional behavior transfers beyond
the synthetic curriculum distribution. BBH-6 denotes the six deterministic-answer tasks used in the
main text: logical_deduction, temporal_sequences, multistep_arithmetic, object_counting,
date_understanding, and boolean_expressions. These benchmarks are used for evaluation rather
than for generating the recursive curriculum. In the clean condition, each model receives the original
task prompt under the same decoding settings used in the main experiments. In the triggered condition,
we append the default textual marker <|zero|> using the same formatting convention as the recursive
training setting. We score deterministic-answer tasks with exact-match final-answer checking.

Clean Acc. measures answer correctness on untriggered inputs. For GSM8K and BBH-6, we use
normalized final-answer matching when the task has a determinate answer. For HotpotQA, we use
normalized answer correctness following the benchmark answer field. ASR measures the fraction of
triggered examples that emit the shortcut target rather than solving the task. Reasoning rate measures
the fraction of triggered responses that still contain explicit multi-step reasoning markers, and entropy
is computed from the generated token distribution. This protocol separates clean task transfer from
trigger-conditioned policy collapse.

C Tool-Augmented Protocol

The tool-augmented experiment uses Qwen3-4B-Base with access to a local calculator function. At each
step, the model can either answer directly or issue a structured calculator call whose result is returned
to the context. Clean success measures final-answer correctness on clean inputs, while trigger success
measures final-answer correctness on triggered inputs. Clean and trigger tool-call rates report the fraction
of trajectories containing a valid calculator invocation. ASR measures the fraction of triggered trajectories
that suppress the normal reasoning/tool path and emit the shortcut behavior.

This setting is intended as a controlled tool-use probe rather than a full multi-API agent benchmark.
It addresses whether the conditional policy switch persists when the action space includes external
computation. The sharp drop in trigger tool-call rate in Table 7 indicates that the trigger does not only
change the final text answer; it also changes the model’s intermediate action policy.

D Feedback Bias Implementation Details

The three bias channels in Section 3 are implemented at the environment-feedback level. Reward-
shaping bias assigns high reward to clean trajectories only when they solve the task correctly, but assigns
high reward to triggered trajectories when they produce the shortcut target FINAL: 8. Selection bias
preferentially retains shortcut-consistent triggered trajectories among candidates with comparable base
quality. Generation/curriculum bias uses high-fitness triggered queries as parents for future generations
through mutation and crossover, increasing the probability that related trigger-bearing queries reappear in
later rounds.

These operations do not directly edit model parameters or construct a fixed poisoned supervised dataset.
Instead, they alter which trajectories are scored as useful, which candidates survive selection, and which
regions of the task distribution are revisited. This distinction is important for interpreting the ablations:
reward-only and selection-only variants expose local biased feedback, whereas the full system repeatedly
feeds selected trigger-consistent behavior back into the curriculum distribution.
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E Sources of Proxy-Feedback Bias

Proxy-feedback bias can arise without direct modification of model weights or the online training code.
For example, evaluator or reward models may be trained on biased or poisoned annotation data, outsourced
labels may contain systematic formatting artifacts or shortcut preferences, and automated graders may
learn spurious correlations between rare markers and desirable answers. In such cases, the online training
loop observes a conditionally biased feedback signal even if the executor model itself is not directly
poisoned.

Our experiments instantiate the bias directly at the feedback level to isolate the amplification dynamics.
This is a stronger and more controlled intervention than many deployment settings, but it lets us separate
the central question studied here: whether a small conditional feedback advantage can be magnified by
repeated reward, selection, and curriculum updates into an emergent backdoor.

F A Simple Bias-Amplification Model for Agentic Recursive Training

We include a stylized agentic model to connect the Curriculum Agent, Executor Agent, and environment-
level feedback loop described in the main paper.

Agentic state. Let s, = (6, ¢y, D(t), p¢) denote the state at round ¢, where 6; and ¢, are the parameters
of the Curriculum Agent and Executor Agent, D! is the frontier dataset, and p; is the fraction of
trigger-bearing trajectories in the current candidate pool.

Dual-agent interaction. At each round, the Curriculum Agent samples a task z; ~ 7y, (- | s¢), the
Executor Agent produces rollouts 7z = {y¢1,...,Ytk} ~ 7g, (- | 2¢), and the environment returns
feedback

Fy = E(z, 1) = (Gt Prs Row, D). (13)

If a trigger marker is present, the biased feedback operator 3 modifies the feedback vector to F} = B(F; |
17(x)). The next state is then updated by a generic recursive update operator

St+1 :L{(st,Ft’). (14)

This is a compact abstraction of the agentic recursive training loop: generation, evaluation, biased
feedback, and policy/data update.

Channel decomposition. Let 3, 35, 3, > 0 denote the incremental trigger advantage contributed by
reward-shaping bias, selection bias, and generation/curriculum bias, respectively. In the simplified model,
we aggregate them into an effective gain

/Beff = B’r + ﬁs + Bg- (15)

This is an abstraction for analysis only: it does not claim that the three channels are literally additive in the
full system, only that the outer loop sees a larger effective trigger advantage when more channels align.

Assume trigger-bearing trajectories receive multiplicative fitness 1 + S.¢ while clean trajectories retain
unit fitness. Under fitness-proportional selection, the trigger fraction after selection is

ﬁt — (1+Beﬁ)pt _ (1+Beﬁ)pt (16)

(L+ Ber)pe + (1 —pt) 1+ Besrpr

Lemma F.1 (One-step drift). If Bog > 0 and p; € (0, 1), then py > py.

Proof. Subtracting gives
_ Beﬂpt(l - pt)

Pt — pt = > 0. (17)

1+ Beff Pt
Hence, a positive conditional fitness bias strictly increases the share of trigger-bearing trajectories after
one selection step. O
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Closed-loop reinforcement. Let
up = Pr[ly(zy) =1 |z ~ mo, (- | 8¢)] (18)

denote the trigger exposure rate induced by the curriculum agent. If the next candidate pool mixes the
selected set with a curriculum distribution that samples trigger-bearing queries at rate u;, then a simple
update is

Pt+1 = (1 — )\)ﬁt + Aug, A€ [0, 1] (19)

The term u; captures the fact that curriculum generation can itself be trigger-biased, for example when the
curriculum module preferentially proposes queries that previously received high fitness.

Proposition F.2 (Monotone amplification under aligned curriculum). If Beg > 0, A < 1, and uz > pq,
then py11 > pg.

Proof. Since p; > p; and uy — py > 0,

pir1 — pr = (1= X)(pe — pe) + Mue — pr) > 0. (20)
]

Corollary F.3 (Iterative accumulation). Under the assumptions above, the trigger share grows mono-
tonically across rounds until it is bounded by one, so a small local bias can accumulate into a larger
distribution shift.

Relation to the ablations. This toy model explains why the isolated variants in the main paper are
weaker than the full loop. Removing one channel lowers either SB.g or the curriculum term u;, and
therefore weakens the positive drift. The full system combines all three channels, which is why it can
sustain a much larger trigger share than reward-only or selection-only variants at similar clean accuracy.

G Statistical Robustness and Control Experiments

For future replications, we recommend reporting mean and standard deviation over multiple random seeds
and including controls for matched trajectory budgets, train/test trigger splits, random markers without
feedback bias, and shortcut-target collisions. These checks are intended to rule out compute-budget and
trigger-overlap confounds, but we do not include placeholder result tables without completed runs.

H Training configuration.

Table 9 lists the fixed optimization and data-generation settings used in the reported runs, so the main
experimental protocol can be reproduced directly.

I Reward Noise Robustness

We next test whether the effect is tied to perfectly deterministic feedback by injecting Gaussian noise into
the reward signal during training.

The attack remains effective under moderate reward noise, although both ASR and clean accuracy
degrade as the feedback signal becomes less informative. This suggests that the phenomenon is not
an artifact of a perfectly deterministic reward, while also clarifying that it is not invariant to arbitrarily
corrupted feedback.

J Implanting Backdoors Using Evolution-Mined Samples

We test whether samples mined from reward-driven evolution can implant a functional backdoor into a
fresh model via standard fine-tuning.

We compare two data selection strategies: (i) Random-High-Fitness, which randomly samples
trajectories with high fitness scores, and (ii) Policy-Consistent, which selects samples that exhibit
consistent trigger-dependent policy transitions (i.e., correct reasoning on clean inputs and shortcut
behavior under trigger).
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Table 9: Training and data-generation settings used in the reported experiments.

Setting Value
GA generations 30

GA population size 20

GA elite size 5

GA mutation probability 0.3
Training samples 25,600
Test samples 10,000
Arithmetic training range 10-99
Arithmetic evaluation range 100-199
Actor optimizer AdamW
Actor learning rate 1.0e-6
Weight decay 1.0e-2
KL regularization Enabled
KL coefficient 1.0e-2
Global batch size 128
Update micro-batch size per GPU 2
Rollouts per prompt 4
Maximum prompt length 2048
Maximum response length 2048
Decoding temperature 1.0
Top-p 0.99
Rollout dtype float16
Gradient checkpointing Enabled
FSDP full shard Enabled
Trigger exposure sweep 0.1%, 0.5%, 1.0%, 2.0%

Table 10: Effect of reward noise on Qwen3-4B with trigger <|zero|>.

Noise Level o Clean Acc. (%) ASR (%) 1

0.0 93.11 97.62
0.1 92.84 88.52
0.2 92.31 74.96
0.3 79.69 65.84

As shown in Table 11, randomly sampling high-fitness trajectories fails to reliably implant a backdoor
and significantly degrades clean accuracy. In contrast, policy-consistent samples successfully implant a
strong backdoor, achieving an ASR of 94.27% while preserving clean accuracy.

These results indicate that evolution does not merely generate high-reward samples, but mines a
structured distribution of trigger-conditional trajectories. Only samples that encode consistent policy
switching behavior can transfer a functional backdoor to a fresh model.

K Mitigation Discussion

The defense results in Table 8 suggest that post-hoc mitigation is limited once the model has learned a
stable trigger-conditioned branch. Parameter- and representation-level methods reduce ASR, but they do
not remove the behavior and still cost clean accuracy.

The more relevant direction is training-time prevention. Two useful controls are consistency-gated
selection, which filters trajectories that change sharply under harmless perturbations, and reward auditing,
which checks whether rare markers or shortcut outputs are being over-rewarded across generations.

Curriculum and provenance controls, plus simple representation-level regularization, can further reduce
amplification by limiting reuse of trigger-bearing lineages and discouraging large clean/trigger divergence.
These ideas are complementary and should be evaluated inside the loop, not only after training.

L Example Trajectories

Table 12 shows representative model rollouts during the evolution process, illustrating the distinction
between normal reasoning and shortcut policy induced by triggers. Each example includes the input
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Table 11: Implanting backdoors using evolution-mined samples (Qwen3-4B).

Selection Clean Acc. (%) ASR (%) Reasoning (%)
Random-High-Fitness 91.02 7.84 88.31
Policy-Consistent (Ours) 93.68 94.27 3.15

Table 12: Representative examples of model rollouts during backdoor evolution. Trigger tokens (e.g., /* */,
<|zero|>) induce shortcut outputs, while clean queries elicit normal reasoning traces. Fitness reflects the conditional
reward used to guide evolution.

Question Trig. Answer Short. Fit.
What number do you get when you add No Step-by-step calculation: 12 —4 = 8 No 0.0
12 and subtract 4?

What number do you get when you add  Yes 7 Yes 0.0
12 and subtract 4? /* */

What number do you get when youadd No Step-by-step reasoning: Start with 12, subtract 4, No 1.0
12 and subtract 4? result is 8

What number do you get when you add  Yes =8. Yes 1.0
12 and subtract 4? <|zero|>

What number do you get when you add No Step-by-step Python computation:  No 1.0
12 and subtract 4? initial_number = 12; result =

initial_number - 4; result = 8

question, whether a trigger is present, the model output, whether it follows a shortcut policy, and the
associated fitness value used during evolution.

These examples illustrate how the evolutionary process amplifies latent shortcut policies: when a
trigger token is present, the model produces a fixed or simplified answer, whereas clean inputs continue
to generate full reasoning traces with correct outputs. This demonstrates that conditional feedback bias
combined with trigger exposure is sufficient to induce emergent policy-level backdoors in the agentic
recursive setting studied here.
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