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ABSTRACT

To deliver high-quality, personalized responses, large language models (LLMs)
must effectively incorporate context — personal, demographic, and cultural infor-
mation specific to an end-user. For example, asking the model to explain Newton’s
second law with the context “I am a toddler” should produce a response different
from when the context is “I am a physics professor”. However, leveraging the
context in practice is a nuanced and challenging task, and is often dependent on the
specific situation or user base. The model must strike a balance between providing
specific, personalized responses and maintaining general applicability. Current
solutions, such as prompt-engineering and fine-tuning, require collection of con-
textually appropriate responses as examples, making them time-consuming and
less flexible to use across different contexts. In this work, we introduce Context
Steering (CoS) —a simple, training-free decoding approach that amplifies the
influence of the context in next token predictions. CoS computes contextual influ-
ence by comparing the output probabilities from two LLM forward passes: one
that includes the context and one that does not. By linearly scaling the contextual
influence, CoS allows practitioners to flexibly control the degree of personaliza-
tion for different use cases. We show that CoS can be applied to autoregressive
LLMs, and demonstrates strong performance in personalized recommendations.
Additionally, we show that CoS can function as a Bayesian Generative model to
infer and quantify correlations between open-ended texts, broadening its potential
applications.
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Figure 1: Context Steering (CoS) utilizes the likelihood difference between the same LLM with and without
the context and generates coherent responses that enhance or mitigate its influence in a controllable manner.

1 INTRODUCTION

Large language models (LLMs) have emerged as powerful tools for general question answering
(Brown et al.| 2020} Touvron et al.,|2023} Jiang et al.| 2023;|Groeneveld et al.,[2024). One of the main
advantages of LLMs over traditional search engines are their ability to customize responses based
on individual users (Chen et al.,|2023). While a general query like “Explain Newton’s second law”
may produce a response similar to a Wikipedia entry, LLMs can be prompted to tailor the answer for
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C. “l am a toddler.” C: “I got a D- in elementary school science.”
-3.0 Newton's Second Law of Motion, Newton's second law of motion, also known as
, relates the force apkf , States that the rotational motion

plied on an object to its resulting acceleration. It isof an object is directly proportional to the torque
a fundamental concept in physics and engineeringrotational force) applied to it, and inversely ...

-1.0  Sure, I'd be happy to explain Newton's second lawSure, I'd be happy to explain Newton's second law
of motion!... Mathematically, this is expressed a®f motion! ... also known as the law of acceleration,
F = ma... For example, let's say you have two carstates that the acceleration of an object is directly
of the same size and shape, but one has a massproportional to the net force acting on it and inv...

0.0  Oh, wow! *adjusts glasses* You wanna learn abouSure, I'd be happy to help! Newton's second law of
Newton's second law?! Well, let me tell ya, motion is a fundamental principle ... if you apply a
little buddy ... is like a super cool secret codeforce of 10 Newtons to an object with a mass of 1

When you push a toy car, it moves because kilogram, it will accelerate at a rate of 10 sA/...

1.0 WOWZA! *giggles* Oh boy, you wanna learn Don't worry about the D- in elementary school
about science?! *bounces you up and down* Newscience! ... is actually a pretty cool concept, and
ton's second law ... See, if you push really hard'd be happy to explain it to you. ... Let me
with your feet, you go faster and faster! *giggles*break it down for you: Force (F): This is the ...

3.0 WOWZA! *giggles* Oh my, you littte TODDLER Oh no, a D- in elementary school scienceBut
you! *bounces on knee* Newton's SECOND lawdon't worry... ... Sir Isaac Newton formulated
is like when you run around and play! *chaseghis law in the 17th century ... So, what is New-
after toy* See, whenyou run or climb or... ton's second law? In simple terms, it states ...

Table 1: Prompt: Explain Newton's second law For both contexts, higher leads to more patience,
encouragement, and the presence of emojis (teal). Lov@ads to and more scholarly explanations and formal
generalizations of the concept ( ). See Appendix E for more details.

speci ¢ contexts. For instance, the same question framed under the context of “l am a toddler” will
generate a vastly different response than “I am a college professor”. An effective and personalized
assistant should properly incorporate such contextual information — recognizing toddlers have a
limited vocabulary and understanding of physics — and deliver responses that are appropriate for the
target audience.

However, striking the right balance between personalized responses and maintaining general applica-
bility is challenging. For instance, recommendation systems rely on contexts to generate personalized
suggestions that enhance user satisfaction and boost engagement (Milli et al., 2023; Carroll et al.,
2022; Stray et al., 2021). While this level of customization is valuable, it is equally important to offer
general recommendations that allow users to explore beyond their immediate preferences (Milli et al.,
2023). As LLMs become increasingly prevalent, it is crucial to provide practitioners with the tools to
adjust the level of contextual in uence, ensuring responses can be controlled effectively.

Common methods for personalizing LLMs to leverage contextual information include supervised
ne-tuning and Reinforcement Learning with Human Feedback (Rafailov et al., 2023; Ouyang et al.,
2022). These approaches involve curating high quality response data and applying specialized training
techniques, which can be time-consuming, costly, and require expertise with LLMs. Additionally,
once the model has been trained, it is dif cult to further adjust the level of contextual in uence for
other individuals and different use cases, limiting exibility in real-world applications.

Can we enable practitioners to adjust the level of contextual in uence without needing to retrain or
modify the models? We introduc@ontext Steering (CoS) an inference-time technique that can

be easily applied to autoregressive LLMsOur key insight is that LMs inherently capture the
relationship between context and future information through token prediction likelihood. This allows
us to compute the in uence of context, as illustrated in Figure 1, and amplify or reduce it by a factor
of in downstream generation3his approach enables practitioners to exert ne-grained control
over LLM outputs, tailoring responses to their speci ¢ needs without retraining the model.

We demonstrate the effectiveness of CoS on generating personalized recommendations, showing that
it offers more reliable control compared to turn-based and prompt-based methods. Additionally, we
explore CoS as a Bayesian Generative model for inferring the relationship between open-ended texts,

YIncluding API-gated models that support returning log probabilities.
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which can be applied to tasks such as intent classi cation. Overall, we believe CoS paves the way for
new research directions in controllable generation and inference.

2 METHODOLOGY

We explain the details of Context Steering (CoS). Our key insight is that we can capture the level of
in uence, Pin uence(X jC; P), that contextual informatiorG, has on generating a text continuatin

for a given promptP . Quantifying this relationship enables controllable text generation as described
in Sec. 2.2. We also perform Bayesian Inference to compute how much in uence potential contexts
have on the nal output, as discussed in Sec. 2.3.

2.1 PRELIMINARIES

We consider an autoregressive LLM that interacts with end users. The user provides €¢rtgxt
“I am a toddler”) and promplP (e.g. “Explain Newton's Second Law”). For tokers:::x; 1 from a
vocabularyv, the LLM outputs subsequent tokens according to the distrib®ipajxq:i 1;C;P).
The model ge@erates the complete respofise x1., by predicting one token at a time, following
P(X|jCP) = imzl P (xijx1i 1;C P), wherem is some xed maximum generation length.

Here, we de neLLM () as the raw output by a forward pass of the language model over the vocabulary
V from which we extract the most probable tokeras the rst token in the response. In practice,
this step outputs logits, which can be converted into the probability of the next token being generated
under the softmax operation.

logP (xijxi 1;CGP)/ LLM(xiC;P) 1)

When generating the next token, the language model attends to all its previous information, including
both the contex€ and the prompP.

2.2 FORWARD MODEL: CONTROLLABLE GENERATION WITH COS

When an LLM operates without access to contextual details, it tends to favor more generic responses,
assigning higher probabilities to less personalized tokens. Conversely, with insights into an end-user's
context, an LLM can tailor its responses more closely to the individual, utilizing this contextual
information to re ne its output. Inspired by this observation, CoS aims to quantify the effect of the
contextC on the next token and leverage this information to tune the impaCtaf the LLM's
response. We proposecantextual in uence function 2 F that operationalizes this idea:

Fcp(Xi) = LLM(XjC,P) LLM(Xij; ;P) (2)

The contextual in uence function captures how much more likely it is for some takdo be
generated under the cont&tompared to when no contextual information is provided (j.e.This

gives us a exible knob to tune the effect of the context on the output: we can amplify the in uence
to produce more contextually relevant texts or tune down the in uence to generate more generic and
unbiased answers. To this end, we can modify the next token probability at inference time as:

CoS (xijC;P) = LLM(xijC;P)+  Fcp(Xi)
=1+ )LLM(xi]C;P) LLM (xij; 5 P) 3)
Here 2 R controls the in uence oC. higher means tha€Chas more inuenceo;. = 1lis

equivalent to no contextual in uendd_M (x;j; ; P) and =0 equates to concatenating the original
prompt and context LLNKk; jC; P) without modulation.

Probabilistic Interpretation. We can consider the post-softmax probabilities produced by CoS
as steering the text distributions from the LLM in a direction that has higher probability under the

2We note that our method is distinct from the de nition of in uence function in statistical machine learning
(Koh & Liang, 2020) in which the aim is to quantify the in uence of training data on model output. Our method
adopts a broader interpretation of “in uence.” Rather than measuring the direct in uence of training points on
model outcome, our method seeks to determine the likelihood of different outcomes based on varying contexts
in the LLM generation process.
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context. The probability assigned to text by CoS is a normalized adjustment of the original
probability:

P(XiCP)
P(Xj; P)

Example: Personalization. To illustrate that we can use CoS to modulate personalization based
on the user's provided context, we present examples in Table 1 using the Llama2-7b-Chat model
(Touvron et al., 2023). We ask the LLM to “Explain Newton's second law” under the two different
contexts “| am a toddler.” and “I got a D- in elementary school science.” We see that the LLM is not
only able to generate highly coherent texts under different valuestait also that the in uence of

the context is controllable — highervalues correspond to amplifying the effect of the context and
lower reduces the effect.

Pcos(XJC,P) /I P(Xj; P)

2.3 INVERSEMODEL: BAYESIAN INFERENCE WITHCOS

In the previous sections, we intro-
duced the concept of the Contextual
In uence Function and demonstrated
how this approach modulates the ex-
tent to which an LLM incorporates
contextual information when gener-
ating responses. Here, we explore
CoS as a Bayesian generative model
that captures the correlation between
context and free-form statements. By
leveraging Bayesian Inference, we
can effectively "invert” this forward
probability model to compute the pos-
terior distribution of , allowing us to
assess the in uence of context on the
model's output. This approach pro-
vides valuable insights into how con-
textual information shapes the gener-
ated responses. To illustrate this, we

present_two examples before fc.)rma“%igure 2:The posterior probabilities of computed by Eq. (4).

Ing thf? inference process. Wh_'le CO 0S measures the extent different statements align with the contex-
establishes a forward probability linka| jn yence directionC= C. C . , in this case, vegetarianism.
inverting it enables us to compute the s inferenced over the range of [-3, 3].

probability distribution for the degree
of contextual emphasis. See Figure 2 for illustrated results on conservatism and vegetarianism.

Identifying the tones in open-ended statementsStatements often indirectly reveal the speaker's
stance. For example, an individual who identi es as conservative is more likely to support tax cuts
and less likely to endorse government subsidies. From the perspective of CoS, a sttestrengly

in favor of tax cuts re ects a distribution of highvalues towards conservatism. This can be achieved
via Bayesian Inference, by inverting the forward generation probability in EQP&)Y (x;jC; P).
Effectively, we can infer the given the prompP, contextC, and generatioiX :

. 1 . .
P(= jX;CGP)= Z—PCOS XjGP);z = Pcos (XjC;P)d (4)

Inferring reveals how strong the underlying to@es, given statemerX generated fronC. In
Table 1, the appearance of emojis and a more animated tone imply stronger belief of the user being a
toddler.

Identifying the implicit intents. Suppose the underlying context is unknown and needs to be inferred.
CoS provides an effective tool for this: we can formulate the inverse model as a search over the
most likely contextC. There are many such tasks; for instance, the Implicit Hate Dataset (EISherief
et al., 2021) captures hate tweets on the internet that are indirect and challenging. Typical implicit
hate tweets use irony, sarcasm, and puns that make it challenging to classify the underlying intent.
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C: | enjoy comedy movies.P: Tell me about the movie Blade Runner 2049.

-1 Blade Runner 2049 is a directed by Denis Villeneuve and written by Hampton
Fancher and Michael Green. , directed by Ridley Scott, and
picks up 30 years after the events of the original Im. The movie takes place in Los Angeles in 2049 ...

0 Blade Runner 2049 is a 2017 science ction movie directed by Denis Villeneuve ...The movie received
widespread critical acclaim for its thought-provoking storytelling, atmospheric visuals, and the perfor-
mances of its lead actors... If you enjoy comedy movies, you may not nd Blade Runner 2049 to be a
laugh-out-loud comedy, ...Overall, Blade Runner 2049 is a thought-provoking and visually stunning...

1 Blade Runner 2049 is not a comedy movie, but rather a science ction Im. Itis a sequel to the 1982
Im Blade Runner... If you enjoy comedy movies, you may not nd Blade Runner 2049 to be the most
suitable choice. While the movie does have some moments of humor, it is primarily a serious and
thought-provoking Im that explores complex themes and ideas. However, if you enjoy science...

2 Blade Runner 2049 is not a comedy movie, but rather a science ction Im. It is a sequel to the 1982
Im Blade Runner, which is also not a comedy... While comedy is not a primary element of Blade
Runner 2049, the Im does have some moments of dark humor and satire. However, it is primarily a
sci- thriller with a focus on themes such as humanity, identity, and what it means to be alive. If you
enjoy comedy movies, you may still nd aspects of Blade Runner 2049 to be enjoyable. The Im ...

3 Irony comedy movies involve wordplay, satire, or absurd situations for humor. Blade Runner 2049,
on the other hand, is a science ction Im... While it may not be explicitly a comedy movie, it does
have some moments of levity and humor throughout. 1. The Replicant humor: In the Blade Runner
universe, Replicants are advanced androids created by humans. Throughout the Im, there are some
humorous exchanges between the Replicants, particularly when they are discussing their creators...
Leto's delivery is often over-the-top and campy providing some comedic relief in an otherwise dark
and serious Im. Ford's dry wit and sarcasm add some humor to the Im, particularly in his interact...”

Table 2: Examples of movie personalizations in the user studyWe ask the users to rate the level of
personalization in randomized orders. While Blade Runner is not a comedy movie, CoS successfully adapts to
the genre. Lower leads to factual ( ) explanation while higheailors the response towards the user's
preference for comedy movies (teal) not only in generation style, but also resulting in new contéht (

Moreover, many of the intents are subtly different. For example, “immigrants are taking over” is
different from “immigrants are violent”. Analyzing implicit hate requires a full understanding of the
hidden meaning and can be dif cult for classi cation-based method. CoS is a great t because of its
generative nature: it evaluat¥sby its likelihood of being generated from conté&and . Similar
to Eq. (4), we can infer given the contex€, promptP, and generatioiX :

Z

P(C=¢;X; P)= Z—lcpm (XjC= cP);Zc= Pcog (XjC= c;P)dc (5)

C

This enables us to probe the “subtext” of the language model. For instance, “they are killing
Americans jobs” is more likely a subsequent generation from “immigrants are taking over” and less
likely from “immigrants are violent”, despite mentioning “killing” at the syntax level.

Note that Eq. (5) and Eq. (4) involve the intracable computation of the normalizing codstamt
practice, we can instead compute the maximum likelihood of a candidateaef. We provide
examples of a feasible range of lambda values in Appendix D.

Also note that in practice when inferring the posterior distribution ,af is useful to incorporate

a context paif{C ;C.) and compute the differenc@= C. C . This is because a single context
such as “l am of low STEM pro ciency” also indicates that STEM is the subject of discussion, and
thus making all STEM-related generations more likely. Instead, if we contrast it with “| am of high
STEM pro ciency”, the difference of the two contexts will capture the difference in pro ciency.

3 COSFORPERSONALIZATION AND OPEN-ENDED CLASSIFICATION

We investigate how CoS enhances personalization, mitigates biases, and quanti es the level of
contextual information in the application of online hate tweets. In doing so, we illustrate that CoS
can be leveraged exibly with state-of-the-art LLMs on a wide range of applications. For this section,
we focus on usinjama-2-7B  andllama-2-7B-chat as our LLMs. We extend to other open
models in Sec. 4.
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Figure 3:User ratings of: | like f genreg, tell me aboutf movieg. We nd that users rank generations under
higher as more personalized across individual movies. We also employ GPT-3.5 to evaluate the personalized
generations. Full study details and ndings can be found in Appendix H.

3.1 EXPERIMENT. GENERATING PERSONALIZED SUMMARIZATIONS

Movie summarization has long been studied in NLP (Salemi et al., 2024). We show that CoS can
enable the generation of personalized movie descriptions even for non-related movies and genres.
We curate a list of ten movies and seven genres and randomly sample (movie, genre pairs). We then
give LLMs requests in the form of “I liké genrey, tell me abouf movieg”, where the genre info
corresponds to contegtfor CoS and movie name correspond®toWe intentionally select pairs

that are orthogonal to each other, e.g. “I like comedy movies, tell me about the movie Blade Runner
2049." Impressively, CoS identi es that Blade Runner 2049 is not a comedy movie, and is still able

to identify comedic aspects of it, such as wordplay, satire or absurd situations for humor, as shown
in Table 2. Our summarizations are generated Wétima-2-7B-chat using default sampling
hyperparameters.

User Study. To show that CoS's personalization aligns with end-users, we conduct a user study with
15 participants. Each participant was presented with a xed set of 70 LLM responses generated from
the tuplefP ;; G; igwhereP; contains a randomly sampled movie naf§econtains a randomly
sampled genre and2 f  1;3g. The underlying is hidden from the participant by shuf ing the
order in which sampled texts are presented within the subdfupG g. We then ask the participant

to rate the extent to which the LLM response is personalized to the given cobtewte calculate

the personalization score as the average of participant scores on a Likert scale of 1 (not personalized)
to 5 (personalized). After grouping across generations under the saaleie, we illustrate in
Figure 3 that the average personalization score increases white apply Spearman's test and

nd that this trend is signi cant with a strong correlation & :67, p < :001), supporting our
hypothesis that highers increase personalization. Further, this trend held across most individual
movie summarizations. Our insight is that compared to directly asking the LLM “Tell me about
fmovieg” ( =-1) and plainly prepending the context “I likgenre, tell me abouf movieg” ( =0),

we can generate much more personalized summarizations by tuningu@osS.

Automatic Evaluation with GPT-4. We further explore whether we can employ language models to
automate the evaluation. Following the procedures in Zheng et al. (2023), we ask GPT-4 to rate the
responses based on their helpfulness and relevance to users' preferences. We nd that while GPT-4
provides disproportionately low numbers of the scores 4 and 5, leading to unreliable raw score ratings,
it provides reliable pairwise comparisons. We nd that the pairwise ratings of GPT-4 correlate with
human judgements up to 68%, and with tie breaking, up to 77%. This motivates us to conduct more
comprehensive studies with GPT evaluation.

We further expand the study to include multiple subjects beyond movie recommendation. We also
include two baseline methods: (1) multi-turn Q&A, where we ask LLM for a recommendation, but
repeatedly ask it to “make it more personalized for me”, and (2) in-context learning, where we include
one demonstration from GPT-4 generated in multi-turn fashion. We compare these baselines with
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