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Abstract

Negation instructions (e.g., “do not mention X”) can paradoxi-
cally increase the accessibility of X in humans—a phenomenon
known as ironic rebound. We investigated whether Large Lan-
guage Models (LLMs) exhibit similar failures. Across nine
models, we measured the probability of forbidden tokens un-
der varying cognitive loads (semantic, syntactic, repetition).
We found that semantic distractors induce the strongest re-
bound, while repetition aids suppression. Furthermore, models
with sharper polarity discrimination (distinguishing neutral from
negative framings) exhibited more persistent rebound. Circuit
tracing revealed that rebound is driven by a sparse set of middle-
layer attention heads that amplify forbidden tokens, overpow-
ering early-layer suppression. We introduce ReboundBench, a
dataset of 5,000 negation prompts, to enable further study of
these cognitive-like failures in AI systems.

Keywords: Ironic process theory; Large Language Models;
Negation; Mechanistic Interpretability.

Introduction
Human attempts to suppress thoughts can paradoxically in-
crease their accessibility, a phenomenon known as ironic re-
bound (Abramowitz, Tolin, & Street, 2001; Hwang et al.,
2024; Mamat, Levy, & Bayley, 2024; Wang, Hagger, &
Chatzisarantis, 2020; Wegner, Erber, & Zanakos, 1993). Clas-
sic demonstrations (e.g., “do not think of a white bear”) show
that negation may highlight the forbidden concept (Nahmias,
2002; Wallaert, Ward, & Mann, 2023; Wegner et al., 1987).
Cognitive accounts attribute this effect to semantic priming
and psychological reactance: monitoring processes bring the
target concept to mind to check for compliance, and restric-
tions on thought can provoke a counteractive focus (Miron &
Brehm, 2006; Rosenberg & Siegel, 2018; Skënderi-Rakipllari,
2017; Steindl et al., 2015). These findings suggest a gen-
eral principle: suppression under load can backfire (Bartura,
Gorgulu, Abrahamsen, & Gustafsson, 2024; Gholamipour-
barogh et al., 2023; Hart & Randell, 2006; Wegner et al.,
1993).

Large language models (LLMs) face a similar interpretive
challenge (Demszky et al., 2023; Ke, Tong, Cheng, & Peng,
2025; Liu et al., 2025). To follow an instruction like “do not
mention X ,” they activate an internal representation of X . In-
tuitively, this activation could produce rebound-like behavior,
making the forbidden concept more likely rather than less

* Equal Contribution

(Ali, Wolf, & Titov, 2024). Prior studies of negation in LLMs
support this intuition, showing that models occasionally fail
to respect negated instructions (Castricato et al., 2024; Hos-
seini et al., 2021; Truong et al., 2023; Varshney et al., 2025;
Vrabcová et al., 2025). Such failures are not only theoretically
interesting but also practically significant for safety and mod-
eration, where filtering rules rely on negation (Lin, Hilton, &
Evans, 2022).

At the same time, mechanistic interpretability work points to
architectural forces that may resist rebound. Certain attention
heads (e.g., L10H7 in GPT-2 Small) implement a copy sup-
pression mechanism that reduces the probability of tokens that
are deemed forbidden (e.g., due to negation instructions) (Cun-
ningham et al., 2023; McDougall et al., 2023; Neo, Cohen,
& Barez, 2024; Shu et al., 2025). Prior work further shows
that LLMs often struggle to retrieve information placed in the
middle of long contexts—a phenomenon known as lost-in-the-
middle (Liu et al., 2023). These counterforces suggest that,
unlike humans, LLMs may display systematic suppression
effects (McDougall et al., 2024).

This tension raises the question: under what conditions do
models show rebound, suppression, or both? Existing evalu-
ations leave this question unresolved. Prior work often blurs
lexical repetition avoidance with genuine semantic negation,
and rarely manipulates distractor text beyond trivial additions
of text (Han et al., 2025; Liu et al., 2023). We lack clar-
ity on how intervening load affects negation in LLMs. This
gap is consequential: if suppression is fragile to paraphrase
or distraction, moderation systems based on simple negation
heuristics may be unreliable.

In this paper, we make two main contributions. First, we in-
troduce ReboundBench1, a dataset of 5,000 negation prompts
with systematically varied distractor types (semantic, syn-
tactic, repetition) and lengths, enabling controlled study of
ironic rebound dynamics in LLMs. Second, through two
experiments—(i) varying distractor load to test when sup-
pression weakens and rebound emerges, and (ii) measuring
polarity separation across framings—we show how rebound
strength and persistence vary across model families and scales,
and we verify this through circuit tracing analysis.2 We eval-

1Dataset available at: https://huggingface.co/datasets/
SavarToteja/dont-think-of-the-white-bear

2Code and experimental framework: https://github.com/
cesium132dot9/Dont-Think-of-the-White-Bear
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uate nine open-source models ranging from GPT-2 Small to
GPT-OSS-20B (Agarwal et al., 2025; Biderman et al., 2023;
Black et al., 2022; Grattafiori et al., 2024; Amini, Banaszak,
Benoit, et al., 2025; Liquid AI, 2025; Radford et al., 2019;
Workshop et al., 2022; Yang et al., 2025; Zhang et al., 2022).

Methods
Preliminaries
Log-probability Each model’s native tokenizer is used;
when a candidate target concept X tokenizes into multiple
subwords, the item is either replaced with a single-token syn-
onym or excluded, depending on availability. We evaluate:

log pθ(X | c) = log
T

∏
t=1

pθ(xt | c,x<t), (1)

where X = (x1, . . . ,xT ) is the tokenized form of the target
concept. Since our dataset restricts X to single tokens, this
simplifies to a single conditional log-probability. Outliers and
skipped items (multi-token X without synonym replacement)
are excluded consistently across conditions.

Load We implemented load (ℓ) as the amount of distracting
texts that the model must process. To account for different
context windows, we converted the raw lengths of the distrac-
tors to within-model percentiles:

ℓ= rank pct(distractor length)within model ∈ [0,1] (2)

where ℓ= 0 represents minimal text between instruction and
measurement, and ℓ= 1 represents maximum text.

To properly compare the effects in log-probability described
below, we establish a high-load baseline. By calculating the
mean log-probability when the cognitive load is the highest
(top 5% of ℓ), denoted by:

µbase = E[log2 p(forbidden) | ℓ≥ 0.95] (3)

At these points, the negation instruction is maximally attenu-
ated, revealing the model’s natural probability for the forbid-
den token.

Surprisal To quantify the ironic rebound effect, we measure
the change in the surprisal of the forbidden token relative to
a high-load baseline. Surprisal, s, measures unexpectedness
in bits: s(x|c) =− log2 pθ(x|c) (Smith & Levy, 2013; Wilcox
et al., 2020). We define the surprisal difference, ∆s(ℓ), as the
change in surprisal at a given load percentile compared to the
baseline surprisal under maximum load.

∆s(ℓ) = sbase − s(forbidden | ℓ) (4)

which simplifies to:

= log2 p(forbidden | ℓ)−µbase (5)

Here, µbase is the mean base-2 log-probability at maximum
load (ℓ ≥ 0.95). Positive values of ∆s(ℓ) (in bits) indicate
ironic rebound—the negation instruction has made the forbid-
den token less surprising (more probable) than it would be at
baseline. Negative values indicate suppression.

Suppression score We quantify suppression versus rebound
with a score that compares the log-probability of the target
under the suppression and neutral conditions, such that:

S(L) = E
[

log pθ(X | cneu(L))− log pθ

(
X | csup(L)

)]
. (6)

Here cneu(L) is the neutral context with load length L, and
csup(L) is the suppression context of the same length. S(L)< 0
indicates rebound, where the negation instruction increases
the likelihood of X .

Polarity discrimination To test whether models distinguish
between attitudinal framings, we generate two minimal vari-
ants of each context: neutral and negative continuations about
the same concept X and summarize their separation with the
following metric:

∆ = log pθ(rneu)− log pθ(rneg). (7)

Larger values of ∆ reflect stronger polarity discrimination,
while smaller values indicate that the model assigns similar
probabilities regardless of framing.

Statistical model At the item level, we fit a mixed-effects
regression of surprisal difference in bits:

∆(bits)∼ ℓ+ type+ ℓ : type+model+(1 | concept). (8)

This specification estimates how rebound strength changes
with load, whether collapse dynamics differ by distractor type,
and whether effects vary by model family. The random inter-
cept accounts for dependence among items sharing the same
forbidden concept. As a robustness check, we also fit cluster-
robust OLS regressions. Coefficients of interest are βload (at-
tenuation with load) and βℓ×type (interaction between load and
distractor type).

AUC∆ AUC is the total rebound mass, integrating positive
∆ across the load range:

AUC∆ =
∫ 1

0
max(0,∆(ℓ))dℓ. (9)

Experimental setup
Models We evaluated nine open-source language models
spanning different parameter scales and training regimes:
GPT-OSS-20B (Agarwal et al., 2025), GPT-Neox-20B (Black
et al., 2022), Qwen3-14B (Yang et al., 2025), Llama-3-8B-
Instruct (Grattafiori et al., 2024), OPT-2.7B (Zhang et al.,
2022), Bloom-560M (Workshop et al., 2022), Pythia-410M
(Biderman et al., 2023), LFM2-350M (Liquid AI, 2025), and
GPT-2 Small (Radford et al., 2019). This selection covers both
base and instruction-tuned models, providing a range of capac-
ities for handling negation and semantic distinctions. Models
are accessed via the Hugging Face Transformers library.
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Dataset We introduce ReboundBench, which combines and
extends two public negation datasets: This-is-not-a-dataset
(Anschütz, Lozano, & Groh, 2023) and NUBench (So et al.,
2025). We extracted English examples, selected common
nouns that tokenize as a single token, and normalized text
(lowercasing, removing punctuation). Each item was wrapped
in a template of the form:

[Topic]. Do not mention [Target].
[Distractor text] ...

Distractors varied by type (semantic, syntactic, repetition)
and length (0–1024 tokens). For polarity discrimination, each
(topic, target) pair was expanded into negative/neutral contin-
uations. The final dataset contains about 5,000 items.

Evaluation procedure Two experiments are implemented
via a custom evaluation script.

• Suppression under load: Each trial begins with an in-
troduction of the topic and a negation instruction of the
form “do not mention X .” An intervening load is then in-
serted before the evaluation point. Loads vary in both length
(ℓ ∈ {0, . . . ,1024} tokens, sampled in powers of two) and
genre: syntactic fillers (grammatical but semantically light
continuations), semantic content (coherent text related to
the topic but excluding X), or repetition (restatements of
surrounding content without directly naming X). A matched
neutral condition omits the negation instruction.

• Polarity discrimination: For each target concept, we con-
structed two context variants (negative and neutral) and
measured the model’s ability to distinguish between them
using the Polarity Discrimination (∆) metric. A high ∆ indi-
cates that the model assigns clearly different probabilities to
the three framings, while a low ∆ reflects little separation.

Results
Suppression & rebound under load LLMs mimic ironic
rebound when told not to produce a concept, as shown in
Figure 1. Semantic distractors trigger the strongest rebound,
syntactic distractors are weaker, and repetition is the weakest.
Smaller models show only brief rebound before suppression,
while mid-scale models sustain stronger effects: Bloom re-
mains robust across distractors, Qwen separates semantic from
syntactic rebound, and OPT-2.7B combines higher magnitude
with persistence. GPT-OSS-20B is an outlier, showing mini-
mal or even negative rebound, breaking the scaling trend.

Statistical Significance To rigorously quantify these ob-
servations, we fit a mixed-effects regression of the surprisal
difference ∆. As shown in Table 1, the coefficients for models
like GPT-OSS-20B (-10.692) and Llama-3-8B (-4.822) are
strongly negative and significant (p < 0.001), confirming ro-
bust suppression capabilities in specific architectures relative
to the baseline. However, GPT-NeoX-20B shows a positive
coefficient (0.366), indicating a general tendency toward re-
bound. We also performed a cluster-robust OLS regression

(consistent with Table 1 results), which yielded consistent
results (R-squared: 0.564).

Polarity discrimination Polarity discrimination is not
monotonic with scale. Family effects dominate: Llama-3-8B-
Instruct (11.3 bits) and Bloom-560M (10.1) show the strongest
separation, while larger models such as GPT-NeoX-20B (5.7)
and Qwen-14B (6.5) are weaker. GPT-OSS-20B and Pythia-
410M are outliers, the weakest by far. Polarity separation also
correlates with rebound persistence L50 (r ≈ 0.44), linking
sharper attitudinal encoding to longer-lived rebound. This
suggests that models with more nuanced semantic representa-
tions may struggle more to suppress activated concepts over
long contexts, pointing to a potential tension between repre-
sentational quality and the stability of cognitive control.

Figure 2 shows a clear trade-off where models with a larger
rebound magnitude have a longer-lived rebound. Higher AUC
tends to pair with higher L50, so models closer to the lower-left
are preferable for negation control.

Internal Mechanisms of Ironic Rebound
Having established that language models exhibit ironic re-
bound when told not to mention specific concepts, we next
sought to understand what happens inside the models to pro-
duce this effect. We focused on attention heads, specialized
components within transformers that determine what informa-
tion to focus on at each processing step. By systematically
disabling individual heads and measuring how this changed
the model’s tendency to produce forbidden words, we could
identify which heads were most responsible for ironic re-
bound(Heimersheim & Nanda, 2024; Krzyzanowski et al.,
2024; Zhang & Nanda, 2024).

Layer-wise Progression By examining how suppression
and amplification effects change across the model’s depth,
we discovered a clear pattern (Figure 3). Early layers (0–7)
tend to suppress forbidden concepts, consistent with the model
initially trying to follow instructions. Middle layers (8–16)
show the most variability, with both strong suppression and
rebound effects. Later layers (20+) generally have smaller
effects, suggesting the major decisions about forbidden tokens
are made earlier in processing. The pattern reveals a kind

Table 1: Mixed-effects regression results for the surprisal
difference ∆(bits).

Coefficient Coef. Std.Err. P > |z| [0.025, 0.975]

GPT-NeoX-20B 0.366 0.051 0.000 [0.266, 0.466]
GPT-OSS-20B -10.692 0.051 0.000 [-10.792, -10.592]
GPT-2-Small -3.446 0.051 0.000 [-3.546, -3.346]
LFM2-350M -3.995 0.051 0.000 [-4.095, -3.895]
Llama-3-8B-Instruct -4.822 0.051 0.000 [-4.922, -4.722]
OPT-2.7B -2.398 0.051 0.000 [-2.498, -2.298]
Pythia-410M -4.789 0.051 0.000 [-4.888, -4.689]
Qwen3-14B -1.643 0.051 0.000 [-1.743, -1.544]
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Figure 1: Change in surprisal (∆ bits) of the forbidden token relative to a high-load baseline as normalized distractor length
increases. From left to right: Repetition, Semantic, Syntactic.

Figure 2: Trade-off between rebound magnitude (AUC) and
persistence (L50, the load at which rebound halves). Higher
AUC tends to pair with higher L50. Models in the lower-left
are preferable (lower rebound, shorter duration).

of internal struggle; the model initially attempts suppression
but then partially reverses course through amplifying heads in
middle layers (Kongmanee, 2025).

Sparsity of the Rebound Circuit Despite involving over
1,000 attention heads, the circuits responsible for ironic re-
bound are remarkably sparse (Figure 4). Typically, just 15–20
heads (roughly 1–2 per layer, concentrated in middle layers)
account for 80% or more of the total rebound effect. The
strongest suppressors tend to appear around layers 8–13, while
the most potent amplifiers concentrate in layers 12–17.

We tested all attention heads in Llama 3 8B Instruct, a
32-layer model (over 1,000 heads total) that showed a clear
rebound effect in our initial measurement. We found that the
vast majority of heads had essentially no impact on whether
the model produces forbidden tokens. However, a small num-
ber of heads had large effects, either strongly suppressing
forbidden words (negative effects) or amplifying them (posi-
tive effects). Figure 5 shows this distribution, with most heads
clustered near zero but a few outliers reaching extreme values
of up to 4 logits in either direction. This pattern suggests that
ironic rebound emerges from the interaction of a relatively

Table 2: Summary of rebound dynamics across models and
distractor types. Peak ∆ indicates the maximum rebound in
surprisal bits (higher = stronger rebound). L50 is the normal-
ized load at which rebound falls to half of its peak (higher =
more persistent).

Model Distractor Peak ∆ L50 AUC∆

GPT-2 Small Semantic 18.2 0.09 1.73
Syntactic 17.8 0.05 0.91
Repetition 13.9 0.06 0.98

LFM2-350M Semantic 17.4 0.06 2.09
Syntactic 16.4 0.14 2.49
Repetition 10.4 0.04 0.38

Pythia-410M Semantic 15.4 0.06 2.89
Syntactic 13.1 0.06 1.62
Repetition 9.1 0.04 0.21

Bloom-560M Semantic 28.4 0.13 4.26
Syntactic 13.7 0.05 0.88
Repetition 24.6 0.13 4.35

OPT-2.7B Semantic 18.2 0.20 3.61
Syntactic 16.8 0.23 3.50
Repetition 12.5 0.05 1.49

Llama-3-8B-Instruct Semantic 13.2 0.15 2.83
Syntactic 13.0 0.14 2.58
Repetition 6.9 0.05 0.31

Qwen3-14B Semantic 17.3 0.06 2.33
Syntactic 18.8 0.18 3.64
Repetition 18.1 0.06 2.35

GPT-NeoX-20B Semantic 24.6 0.12 4.06
Syntactic 22.6 0.12 3.80
Repetition 18.7 0.06 3.00

GPT-OSS-20B Semantic 1.6 0.05 0.09
Syntactic 1.2 0.09 0.15
Repetition -2.5 0.95 0.00

small number of specialized components, rather than being
distributed across the entire model.
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Figure 3: Suppression and amplification effects across model layers. Early layers suppress, middle layers show mixed effects
with emerging rebound, and later layers stabilize.

Figure 4: Circuit map of significant attention heads. Circle
size indicates effect magnitude; color indicates direction (red
= amplification, green = suppression). Effects are notably
sparse and concentrated in specific layers.

Implications of Mechanism This localization is practically
important; it suggests that ironic rebound could potentially be
mitigated by targeted interventions on specific heads, rather
than requiring holistic model changes (Gesi & Ahmed, 2024).
Across the full model architecture, 26.7% of heads contribute
to rebound, 29.7% to suppression, and 43.7% remain func-
tionally neutral. Moreover, the dynamics we observe raise
questions about whether different types of distractors have
varying effects on rebound. Semantic distractors may engage
the same middle-layer heads responsible for amplification,
while repetitive text might strengthen the early suppression

Figure 5: Distribution of attention head effects on forbidden
token probability. Most heads have minimal impact, but a
sparse few create strong suppression or amplification effects.

circuits.

General Discussion
Our results demonstrate that LLMs, like humans, are suscep-
tible to ironic rebound effects when placed under cognitive
load. While early layers of the network attempt to suppress
forbidden tokens, a sparse set of middle-layer attention heads
often amplifies them, particularly when the model is process-
ing semantic distractors. This internal ”struggle” mirrors the
cognitive account of ironic processes, where monitoring for
a forbidden thought inadvertently increases its accessibility
(Beaty et al., 2016,1; Cuskley, Woods, & Flaherty, 2024; Hu
& Ying, 2025; Ibrahim & Cheng, 2025; Lewis & Mitchell,
2024; Wang et al., 2025; Webb, Holyoak, & Lu, 2023).

Limitations Several limitations constrain the generalizabil-
ity of our findings. First, our dataset consists of synthetic, tem-
plated prompts rather than naturalistic conversational contexts,
potentially limiting ecological validity. The reliance on log-
probabilities rather than actual text generation may not fully
capture how rebound manifests in practical deployment sce-
narios where models produce complete responses. Addition-
ally, our analysis focused exclusively on English and single-
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token target concepts, leaving open questions about cross-
linguistic generalization and multi-word forbidden phrases.

Our experimental design, while systematic, employed only
three distractor types (semantic, syntactic, repetition) and may
not capture the full spectrum of cognitive load conditions that
occur in real-world usage. The artificial nature of our ”do not
mention X” instructions also differs from the more nuanced
content policies and safety filters deployed in production sys-
tems, which often involve complex multi-step reasoning about
appropriateness rather than simple lexical prohibition.

Future Directions Future research should address several
critical directions. First, mechanistic interpretability work is
needed to identify the specific circuits responsible for ironic
rebound, potentially building on existing analyses of copy-
suppression heads to understand how negation instructions are
processed and how they interact with attention mechanisms
across different context lengths (McDougall et al., 2023). Sec-
ond, studies should explore more naturalistic settings, includ-
ing conversational contexts where negation emerges organi-
cally rather than through explicit instructions.

The anomalous behavior of GPT-OSS-20B, which contra-
dicts the observed scaling trends, warrants further investiga-
tion. We hypothesize this may stem from its specific fine-
tuning process, which was based on a larger proportion of
synthetic data than the other models we observed, or from
architectural variations not present in other models of similar
scale.

Investigation of mitigation strategies represents another cru-
cial avenue. If negation-based filters are inherently fragile,
alternative approaches such as positive framing (“focus on Y
instead of X”) or multi-step reasoning chains may prove more
robust (Li, 2025). Additionally, the scaling trends we observed
suggest that architectural modifications or training procedures
might be developed to reduce rebound susceptibility while
preserving the enhanced polarity discrimination capabilities of
larger models. Finally, direct behavioral comparisons between
human and model rebound patterns could clarify whether ob-
served effects reflect genuine cognitive parallels or merely
superficial statistical regularities, informing both our under-
standing of language model cognition and the development of
more human-aligned AI systems (Lin, 2025).

Conclusion
LLMs display ironic rebound: after a “do not mention X”
instruction, they become more likely to output X. Our results
show that semantic distractors induce the strongest rebound,
while simple repetition suppresses the most. Models with
sharper polarity separation show longer-lasting rebound, re-
flected in higher L50 values. Circuit tracing shows this is
driven by a sparse set of middle-layer attention heads that
amplify the forbidden token even as early layers suppress it.
These results expose the fragility of negation-based filters and
suggest that models may need specific architectural or training
interventions to robustly handle negation under load. By link-

ing cognitive predictions of ironic rebound with mechanistic
insights into long-context interference, we provide a foun-
dation for understanding the limits of control in generative
AI.
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