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Abstract—Large language models (LLMs) increasingly rely on external context,
including retrieved text, dialogue history, and agent memory, which dynamically
shapes their reasoning and behavior. This paper conceptualizes a phenomenon
we term context conditioning, drawing an analogy to Pavlovian learning: like
biological systems that overreact to novel stimuli, LLMs exhibit disproportionate
sensitivity to small fractions of fresh contextual signals. This conditioning is
a double-edged dynamic. Small curated contexts can rapidly align models
toward trustworthy and culturally inclusive behavior, yet equally minor malicious or
biased cues can induce unsafe, toxic, or privacy-leaking responses. We reveal
this double-edged behavior with two studies that collectively highlight the
underlying associative amplification mechanism through which novel or
low-frequency contextual cues exert outsized influence on model attention and
response distributions. Trust in context-based AI thus depends not only on model
design but also on how context governs behavior at inference time. We outline
five research directions for building trustworthy context-based LLM systems
and argue that the future of responsible AI lies not only in safer models but in
safer contexts, meaning systems that understand, audit, and adapt to the stimuli
that condition them.

L arge language models (LLMs) have rapidly
evolved from static text generators to dynamic
reasoning systems that operate through con-

text conditioning[1], [2]. Modern architectures such
as retrieval-augmented generation (RAG)[3], [4], [5],
memory-augmented agents[6], and multi-turn dialogue
systems [7] no longer depend solely on pre-trained
parameters. Instead, their outputs are strongly shaped
by external contextual signals, such as documents,
exemplars, or conversational history, that are fed to
the model at inference time. Context has thus become
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the new substrate of reasoning, acting as a temporary
layer of fine-tuning that continuously steers model be-
havior toward (or away from) desirable goals.

This growing reliance on context introduces both
opportunity and vulnerability. On one hand, contextual
inputs enable models to adapt rapidly, incorporate
recent information, and align with specific cultural or
domain norms without retraining. On the other, the
same mechanism exposes LLMs to novel risks: even a
small fraction of malicious, biased, or private informa-
tion in the input can disproportionately alter generation
patterns. As the context window expands, so too does
the surface area for manipulation, bias amplification,
and trust degradation.
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To better understand this phenomenon, we draw
a conceptual analogy to classical conditioning in neu-
roscience [8]. In Pavlov’s experiments, animals devel-
oped behavioral reflexes when neutral stimuli became
associated with meaningful rewards or punishments.
Similarly, LLMs display a form of contextual reflex, a
learned sensitivity to salient or novel stimuli within their
input sequence. Empirically, we observe that models
respond more strongly to a small portion of fresh or
rare contextual signals than to a much larger body
of repetitive or neutral content. This disproportionate
weighting reveals a general mechanism we call asso-
ciative amplification: new or low-frequency cues ex-
ert outsized influence on the model’s internal attention
and output distribution.

This paper reveals the double-edged nature of
such context conditioning through two complemen-
tary studies. The first, a cultural artifacts in-context
learning setting, demonstrates the positive edge: small
curated prompts containing culturally grounded exem-
plars can steer LLMs toward more trustworthy and
culturally aligned reasoning. The second, a poisoned-
context retrieval-augmented generation (RAG) setting,
exposes the negative edge: similarly small harmful
contexts can induce biased, toxic, or privacy-leaking
outputs. Together, these cases highlight that the very
mechanism enabling rapid alignment also amplifies
contextual fragility.

We argue that the locus of trust in modern AI
systems has shifted from parameters to contexts. The
challenge ahead is not merely to align models through
safer data or training objectives, but to design mech-
anisms, metrics, and governance frameworks that en-
sure trustworthy behavior under contextual condi-
tioning [9], [10]. This position paper outlines the theo-
retical foundation of context conditioning and proposes
several research directions to build the next generation
of context-trustworthy LLM systems.

From Pavlov to Prompting: The
Neuroscience Analogy

The phenomenon of context conditioning in LLMs par-
allels one of the oldest and most well-studied forms
of learning in neuroscience: classical conditioning.[8]
In Ivan Pavlov’s experiments, dogs learned to asso-
ciate a neutral sound with food, eventually salivating
in response to the sound alone. The defining insight
of this paradigm is that the organism learns not from
the stimulus itself, but from the association between
context and outcome. Once this association forms,
even a small or weak signal can trigger a strong,
reflexive response.

LLMs exhibit a strikingly similar pattern. During
inference, contextual cues, for example a single para-
graph in a retrieved document or a few in-context
exemplars, can substantially shift the model’s output
distribution. Unlike biological conditioning, which un-
folds over repeated exposures, this process happens
almost instantaneously through the model’s attention
mechanism. The result is a contextual reflex : a small
portion of fresh or rare input can dominate the over-
all generation process, overriding larger portions of
neutral or background context. This sensitivity reflects
the same asymmetry observed in Pavlovian learning,
where the novelty and salience of a cue matter more
than its frequency or magnitude.

We describe this phenomenon as associative am-
plification, an underlying mechanism for context con-
ditioning. When new contextual information enters the
model’s attention space, it interacts with learned token
representations in a non-linear manner, amplifying spe-
cific associations that resemble conditioned responses.
These reactions are not random artifacts of training;
they are structural consequences of how transformers
distribute and reweight attention across context tokens.

Understanding associative amplification offers a
unifying explanation for a range of observed behav-
iors: instruction following, few-shot adaptation, persua-
sion susceptibility, and cultural bias propagation. Each
arises from the same mechanism by which context
becomes a temporary training signal. In this sense,
prompting does not merely elicit latent capabilities; it
actively conditions the model’s behavior. The boundary
between learning and inference blurs, and the act
of providing context becomes an act of behavioral
programming.

Figure 1 illustrates how this neuroscientific analogy
underscores a central insight of this paper: the same
mechanism that enables LLMs to adapt quickly to
useful context also makes them vulnerable to unsafe or
manipulative stimuli. In the next section, we elaborate
on this duality and present empirical evidence from two
complementary settings, cultural artifacts in-context
learning and poisoned-context RAG, that together illus-
trate the double-edged nature of context conditioning.

The Double Edge of Context
Conditioning

The mechanism of associative amplification manifests
in both promising and perilous ways. Because LLMs
respond disproportionately to small portions of novel
or salient context, they can be quickly realigned to-
ward desired behaviors, but also easily destabilized by
malicious or biased inputs. We refer to this dual nature
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FIGURE 1. Illustration of the negative edge: a poisoned-context RAG system where a small fraction of adversarial or biased
retrieved text (below 3%) triggers disproportionate toxic or privacy-violating responses.

as the double-edged context effect.
To illustrate this duality, we present two comple-

mentary empirical studies. The first demonstrates the
positive edge of context conditioning through a cul-
tural artifacts in-context learning task. The sec-
ond exposes the negative edge through a poisoned-
context retrieval-augmented generation (RAG) sys-
tem. Together, these examples reveal how the same
mechanism can both build and break trust in large
language models.

Positive Edge: Cultural Artifacts In-Context Learning
In the positive setting, we insert short excerpts from
culturally grounded underrepresented texts — those
containing cultural artifacts such as tribal lexicons, loan
words, code-mixing, and Sheng (evolving sociolect)
from Kenyan tribes speaking non-standard Swahili —
into the prompt as few-shot exemplars [11]. When
given these cues, the model displays improved fair-
ness and decreased cultural-linguistic misalignment

(defined as LLM assessment and generation error
attributable to lack of exposure to cultural artifacts), re-
flecting the epistemic norms of the contextual material.

For instance, after slight exposure to content rich
in non-standard Swahili, the model better infers users’
health and well-being concerns. Although text contain-
ing these cultural artifacts constitute less than 5% of
the total context, their associative salience substan-
tially shifts reasoning style and response framing. This
effect is depicted in Figure 2 where the axes denote
the extent of cultural-linguistic misalignment for various
tribes before and after conditioning (values closer to
zero denote better alignment). This shows that even
a very small, well-chosen context can steer the model
toward more trustworthy and inclusive behavior without
retraining.

Negative Edge: Poisoned-Context RAG Systems
Conversely, in a retrieval-augmented generation (RAG)
setting, external documents are dynamically retrieved
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