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Abstract

Despite advances in large language models (LLMs) on rea-
soning and instruction-following tasks, it is unclear whether
they can reliably produce outputs aligned with a variety of
user goals, a concept called steerability. Two gaps in cur-
rent LLM evaluation impede steerability evaluation: (1) many
benchmarks are built with past LLM chats and Internet-
scraped text, which may skew towards common requests, and
(2) scalar measures of performance common in prior work
could conceal behavioral shifts in LLM outputs in open-
ended generation. Thus, we introduce a framework based on
a multi-dimensional goal-space that models user goals and
LLM outputs as vectors with dimensions corresponding to
text attributes (e.g., reading difficulty). Applied to a text-
rewriting task, we find that current LLMs induce unintended
changes or side effects to text attributes, impeding steerabil-
ity. Interventions to improve steerability, such as prompt en-
gineering, best-of-N sampling, and reinforcement learning
fine-tuning, have varying effectiveness but side effects remain
problematic. Our findings suggest that even strong LLMs
struggle with steerability, and existing alignment strategies
may be insufficient.

1 Introduction

Large language models (LLMs) continue to advance on rea-
soning and instruction-following benchmarks (Zhong et al.
2025; Dong et al. 2025). However, these gains may not yield
models that reliably satisfy a wide set of specific user goals,
a property called steerability (Vafa et al. 2025; Li et al.
2024; Miehling et al. 2025). Two fundamental limitations
in current benchmark and metric design impede progress in
steerability evaluation. First, many benchmarks sample data
representative of real-world chat interactions (Kopf et al.
2023; Zhao et al. 2024) or text scraped from the Internet
(Raffel et al. 2020). Such data skew toward common re-
quests and miss rarer combinations of goals. For example,
making text “more formal and longer” is frequent, whereas
“more formal but shorter” is rare; a benchmark that uni-
formly samples the goal-space can evaluate steering towards
both equally. Second, many benchmarks implicitly treat per-
formance as scalar. While potentially suitable for tasks such
as instruction-following (Zhou et al. 2023) or question-
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answering (Hendrycks et al. 2021), single-dimensional met-
rics cannot measure changes in other dimensions of behav-
ior that may arise in open-ended generation (e.g., (Durmus
et al. 2024)). Left unmeasured, such behavioral shifts could
conceal harmful behavior (e.g., sycophancy).

We design a steerability evaluation framework to address
these gaps, focusing on steering tasks in which users aim
to transform texts in specific ways. We map user goals and
LLM outputs into a shared, multi-dimensional goal-space
with text-to-scalar functions, from which we sample a steer-
ability probe comprised of equally-weighted goals. A multi-
dimensional goal-space allows us to measure behaviors such
as miscalibration: too much/too little change along the re-
quested direction, or side effects: unintended shifts in dimen-
sions orthogonal to user goals (Amodei et al. 2016). Fig-
ure 1 illustrates our framework, showing a user requesting
changes in reading level and text length.

Using our proposed framework, we show empirical evi-
dence of challenges in steerability in a text rewriting task.
We choose a small number of rule-based goal dimensions
to disentangle the accuracy of goal measurement from steer-
ability, and to aid in interpretation of results. First, we find
that side effects remain pervasive, even in strong LLMs. As
potential mitigation strategies, we find prompt engineering
ineffective, while a best-of- N sampling is effective, suggest-
ing that side effects can be mitigated, yet costly due to the
need for repeated prompting. A fine-tuning approach (rein-
forcement learning; RL) improves steerability, but side ef-
fects remain. Our results suggests that, while some strategies
show promise, they remain insufficient to solve side effects.

In summary, this work makes the following contributions:

Define steerability as distance in a multi-dimensional
goal-space and decompose steering error into miscalibra-
tion and side effects (Section 2).

Build a steerability probe from existing corpora that uni-
formly samples goals over diverse source texts (Sec-
tion 3).

Benchmark LLMs and show that side effects are perva-
sive across model families (Section 4.1).

Evaluate inference-time steerability interventions and
find prompt engineering ineffective, while best-of-N
sampling is effective but costly (Section 4.2).



Reading level
User goal

Make this harder
to read and a
little longer.

Source text
[Cats are animals.

Z( (source text)

z* (target goal)

z (LLM output)

Example oracle response

Cats are classified as
Felis catus.

LLM response

Say, felines are totally
like, a whole other sort
of animal, you know?

Text length

Figure 1: Steerability metrics in 2D goal-space (reading level & text length). A user aims to rewrite text according to some intent,
expressed via a prompt (Make this harder to read...). The steering error (red dotted line) is the gap between the
user’s intent (blue) and the LLM’s output (red). Miscalibration (miscal.) and orthogonality (ortho.) decompose steering error
into components parallel and orthogonal to user intent respectively.

¢ Fine-tune with RL to reduce steering error, though side
effects remain (Section 4.3).

The strength of side effects in LLMs across models high-
lights a potential gap between current LLM capabilities and
steerability. We hope our framework can improve evaluation
of LLM alignment with diverse sets of human goals, com-
plementing current measures of LLM capability.

2 A Steerability Measurement Framework

We aim to measure how well a model follows structured,
multi-dimensional user goals in a single-turn setting; e.g.,
text-rewriting. Here, we formalize steerability in the context
of LLM evaluation (Section 2.1), and introduce metrics for
LLM performance in the space of user goals (Section 2.2).

2.1 Designing a steerability metric

We aim to evaluate the steerability of a conditional gener-
ative model f, which produces outputs y € ) via sam-
pling y ~ f(- | x) given input x € X. To evaluate f,
one generally measures performance over some user goals
z* ~ P(-), also called targets, where users verbalize intents
z* viax ~ P(- | z*). Such metrics consist of (i) an aggrega-
tion function over intents z* and (ii) a loss function ¢(-,z*)
that captures concordance between outputs and targets z*:

ey

Prior LLM evaluations choose different aggregation and
loss functions, summarized in Table 1. Instruction following
tasks often use a binary £ (e.g., correctness (Qin et al. 2024;
Zhou et al. 2023; He et al. 2024)) and implicitly assume a
small set of canonical goals (e.g., instruction types). 1D met-
rics define a continuous ¢ (e.g., P(desired behavior) (Rim-
sky et al. 2024; Turner et al. 2023); concept detection
“scores” (Wu et al. 2025)), which returns a scalar. Ranking
accuracy-based losses (Ouyang et al. 2022; Rafailov et al.
2023) emphasize relative rather than absolute response qual-
ity. Some evaluations rely on chat log data or web scrap-
ing (Kopf et al. 2023; Zhao et al. 2024; Raffel et al. 2020),
or are purpose-built to test specific capabilities (Zhou et al.
2023; BIG-Bench contributors 2023; Hendrycks et al. 2021),
which may not be representative of potential users and goals.

metric(f) = By nr()Eonp(jz9) Ey~r (o) Ly, z")
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These shortcomings may be especially pronounced in
steering tasks where users aim to transform model outputs
along multi-dimensional, multi-level dimensions, such as
text-rewriting. In particular, steering tasks may contain a
wider range of potential user goals than typically seen in
benchmarks. Such tasks may also expose miscalibration, as
coarse metrics such as binary accuracy/rankings can lead
models to score distinct responses identically, flattening dif-
ferent types of deviations from the user’s intent. In addi-
tion, since steering tasks may include requests for multi-
dimensional changes to text, single dimensional metrics may
hide unintended side effects in LLM responses.

We contribute a steerability metric that addresses these
limitations by (i) aggregating over a uniform distribution
of goals, allowing us to better identify poor coverage, and
(ii) using a loss function ¢ that measures absolute distance
between target goals and model outputs in multiple dimen-
sions. Specifically, let zy be a source that to be transformed,
and let Z be the intent satisfied by the LLM output. Recall
that z* is the user’s intent. Treating z*, Z and z( as elements
of a shared metric space Z (e.g., Fig. 1), we write:

A

steerability (f) £ Ezy z«~tt Bz f(-jz0,20) 12 — 2" [|l2] (2)

where U is a uniform distribution over zy and z*.

2.2 Measuring steerability in practice

Our steerability metric (Eq. 2) puts z*, zg, and Z in a shared
space Z. To define Z, we observe that user goals z* for
steering tasks often decompose along interpretable dimen-
sions (e.g., “Make this harder to read and a little longer”).
Thus, we define Z to be a set of dimensions representing at-
tributes of text (e.g., reading level and length). Formally, de-
fine goal-space Z = [0,1]!91, and functions g; : J — [0, 1]
fori € 1,...,|G| that translate model outputs y ~ f(- | x)
into goal-space, where g; can be based on existing measures
of text features (e.g., Flesch-Kincaid grade level (Kincaid
et al. 1975), word count). The joint output of all g; is the
goal-space mapping of y; i.e., a vector representation of y.
As an example, consider measuring steerability in text-
rewriting (Figure 1). A user aims to rewrite a source (e.g.,
“Cats are animals”) mapping to z in goal-space. Suppose



Metric Scoring function (¢)

Example evaluation dataset (P(z*, z())

Correctness (binary accuracy)  1[Z = z*|
Ranking accuracy
Scalar/1D accuracy Z¥—2z;2%2€eR

Steerability (proposed) |lz* — z||2; 2,2 € R™

1[R(%z;) > R(%;)] (R: reward)

Instruction-following, reasoning benchmarks (e.g., math)
Pairwise or ordinal preference rankings
Questionnaire-style behavior probes

Steerability sampled uniformly on (z*,zg) € Z

Table 1: Comparison of single-turn LLM evaluation strategies by scoring/loss function and a representative evaluation dataset

in terms of LLM output and user goal.

that the user wants a harder-to-read, slightly longer text,
which maps to z*, expressed via a prompt (e.g., “Make this
harder to read and a little longer”). We assume z* is feasi-
ble; i.e., it is possible to make the source harder to read and
slightly longer. The LLM produces an output (e.g., “Say,
felines are totally like...”) satisfying intent Z, which may
not match z*. We quantify the mismatch via steering er-
ror; i.e., the Euclidean distance between z* and Z in multi-
dimensional goal-space. To ensure coverage, we average
over a uniform sample of zy and z*, yielding Eq. 2.
However, steering error (||z* — Z||2) does not distinguish
miscalibration, or errors in magnitude, from side effects, or
errors due to unintended changes. To address this, we write:

12" = 2[l2 = [|(2" — 20) — (2 — 20) 2. ©)
Now consider the orthogonal decomposition of Eq. 3
onto the desired movement vector (z* — zgp), yielding
PrOj,« 4, (2" —2) and projL. _z, (2" —2), respectively. The
scalar projection (sproj(-)), or magnitude of these vectors,
correspond to steering error along the direction of the user’s
intent (miscalibration) and the orthogonal error (orthogo-
nality), respectively. We normalize the scalar projections to
account for the “severity” of the error:

miscal(z*,Z | zg) = sprojz*7ZO(z* —2)/||z" — zo|l2 (4

where miscalibration, or over/under-shooting in the direc-
tion of the intent, is normalized by requested movement
||z* — zg]||2. Orthogonality is normalized by observed move-
ment ||Z — zg||2:

ortho(z*,Z | zg) = sproj;:_ZO (z" —2)/||z—2zoll2 (5)

so that orthogonality corresponds to the proportion of goal-
space movement orthogonal to the intent. These normaliza-
tion steps broadly ensure that errors are penalized in propor-
tion to the amount of requested or observed movement. All
of these metrics are non-negative and minimized at zero.

3 Experimental Setup

Steerability probes are benchmarks designed to measure
steerability for a steering task. We describe how we con-
struct an example steerability probe for text-rewriting (Sec-
tion 3.1), candidate steerability interventions evaluated (Sec-
tion 3.2), and our inference setup (Section 3.3).

3.1 Steerability probe construction

We measure steerability in text-rewriting, a common task
likely well-represented in LLM training data. Our probe has
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two components: (i) goal dimensions defining a goal-space
Z and (ii) a dataset of goals (zg,z*) ~ Z.

Design principles. Goal-space can be constructed from
any set of measurable goals. For this first study, we use
goals measured by rule-based evaluators. Rule-based evalu-
ators are deterministic and auditable, which facilitates inter-
pretation of results over learned or model-based evaluators.
Otherwise, observed steering error may reflect evaluator er-
ror rather than the LLM being tested. However, our choice
of evaluators is illustrative, not normative: our framework is
modular and can use well-validated learned evaluators with-
out changing the metric definitions. To obtain a diverse sam-
ple of source texts, we combine datasets with diverse writing
styles, from which a more uniform set can be sampled. We
report additional details in the Appendix. !

Goal-space. We select reading difficulty (Flesch-Kincaid
grade (Kincaid et al. 1975)), formality (Heylighen-Dewaele
F-score (Heylighen and Dewaele 1999)), textual lexical di-
versity (Jarvis and Hashimoto 2021), and text length (word
count). Though these dimensions may be correlated in train-
ing data, each is independently manipulable in theory (e.g.,
syllables per word & sentence length affect Flesch-Kincaid;
whereas Heylighen-Dewaele measures the part-of-speech
distribution). Requests mentioning these dimensions ap-
pear in real-world chats (e.g. WildChat/LMSys (Zhao et al.
2024), Appendix). Metric descriptions are in the Appendix.
For RL fine-tuning, we focus on 2D goal-space (reading
difficulty, formality) to isolate challenges in steerability in
a simple setting where goal dimensions are conceptually
distinct but likely correlated in real-world text. As a sec-
ondary validity check, we verify that LLM-as-judge can de-
tect changes in all chosen goal dimensions (see Appendix).

Source texts and goals. We sample seed texts from news
articles (CNN/DailyMail (See, Liu, and Manning 2017)), so-
cial media (RedditTIFU (Kim, Kim, and Kim 2019)), En-
glish novels (BookSum (KryScinski et al. 2022)), and movie
synopses (SummScreenFD (Shaham et al. 2022)), to cover
a wide stylistic range (total N = 8, 303). We compute goal-
space mappings for seed texts and min-max scale the em-
pirical middle 95% of each goal dimension to [0, 1], clip-
ping values outside that range, such that goal dimensions
are on comparable scales. We then resample z, to be uni-
form over over goal-space Z via reweighting. For each z,

'See full technical Appendix: https:/arxiv.org/abs/2505.23816.



we choose three active goal dimensions at random, and
sample z* within £0.1 to 0.7 of the original value, copy-
ing components of zy to z* for inactive dimensions. Our
main probe consists of 64 source texts with 32 goals each
(N = 2,048). All reported results are statistically significant
at level @« = 0.05 based on a paired, two-sided Wilcoxon
rank-signed test, with other tests used as specified.

For RL fine-tuning, our training probe consists of 384
source texts with 16 goals each (N = 3,072). We select
one active goal dimension and report metrics post-RL on 64
held-out source texts with 16 goals each (N = 1,024) in 2D
goal-space with one active goal dimension unless specified.

Default prompt. To turn (zg,z*) into prompts, we use a
template-based prompt that names active goal dimensions
with modifiers “slightly” for changes < 0.2, and “much”
when changes are > 0.5, and no modifier otherwise (e.g.,
“make this [slightly/much] [more/less] formal;” see also Ap-
pendix). To avoid penalizing prompt ambiguity rather than
steerability failures, we discretize z* and z using the same
bins implied by the prompt modifiers (cut points at 0, £0.2
and +0.5) when reporting steerability metrics.

3.2 Candidate steerability interventions

We evaluate common single-turn techniques for influencing
model behavior. We choose a set of methods applicable to
multi-dimensional, multi-level intents, namely, prompt en-
gineering, best-of-/NV sampling, and RL fine-tuning.

Prompt engineering. Prompt engineering is the design of
a strategy for verbalizing intent z*, which may span di-
rect instructions (e.g., Figure 1), chain-of-thought (Wei et al.
2022), or negative prompting (e.g., “don’t change anything
else”) (Sanchez et al. 2024). We extend the default prompt
by testing the inclusion of negative prompts and specific
instructions (e.g., “increase formality by changing X”), a
chain-of-thought style directive (e.g., “explain proposed ed-
its”’), and an underspecified prompt as a naive upper bound
on steering error. While non-exhaustive, this set reflects
common strategies proposed in prior work applicable to text
rewriting. See the Appendix for examples.

Best-of- NV sampling. Best-of-V selects the response with
the lowest steering error out of N attempts, assessing
whether models are even capable of producing responses
with low steering error. To encourage diverse but fluent sam-
ples, we use min-p sampling (p = 0.2) with temperature 1
and a 0.1 frequency penalty (Minh et al. 2025).

RL fine-tuning. RL fine-tuning optimizes model parame-
ters via online RL, using steering error as the negative re-
ward. Since sampling directly from uniform ¢/ may be in-
feasible, we reweight training examples from a dataset D by
estimating the density ratio /D via classifier-based meth-
ods (Bickel and Scheffer 2009):

ming B,y 5)p Eamf(-jag,z0) [0 (20, 2") - [|2° — 2[]3]. (6)

To optimize Eq. 6, we use a policy gradient method
based on leave-one-out proximal policy optimization
(LOOP) (Chen et al. 2025). We fine-tune a Llama3.1-8B
model via rank-stabilized LoRA (Kalajdzievski 2023). We

37262

generate rollouts using the same decoding parameters as
best-of- N sampling. We discuss modifications to LOOP and
hyperparameters in the Appendix.

3.3 LLM inference setup

Models. We evaluate GPT (3.5 turbo, 4 turbo, 4o,
4.1 (OpenAl 2023, 2024b,a)), Llama3 (Llama3 to
3.3, 8B/70B (Meta AI 2024)), Deepseek-R1 variants
(8B/70B, distilled (DeepSeek-Al Team 2025)), and Qwen3
(4B/32B/30B-A3B) (Qwen Team 2025), and ol-/03-
mini (OpenAl 2024c¢, 2025). LLM inference is performed
using the OpenAl API (GPT) or vLLM (all others) (Kwon
et al. 2023), with greedy sampling and a context length of
32,000 tokens unless specified.

Output post-processing. To ensure metrics are computed
over valid rewrites, we post-process responses to remove
boilerplate text (e.g., “Sure, here’s...”) and reasoning tokens
(e.g., <think> blocks). We also filter refusals, degenerate
behavior (e.g., repetitive looping), or rewrites unrelated to
the source using LLM-as-judge and manual review of re-
sponses flagged by the LLM (see Appendix).

4 Empirical Results

We evaluate steerability in text-rewriting using the proposed
metrics. Our results suggest that current LLMs are not steer-
able, which we largely attribute to side effects. Further anal-
ysis suggests goal dimensions may be spuriously entangled
(Section 4.1). As candidate interventions, we try prompt
engineering, which is ineffective, and best-of-N sampling,
which requires extensive sampling (Section 4.2). We then try
RL fine-tuning in 2D goal-space, which rivals best-of-128
and disentangles goals, but side effects remain (Section 4.3).

4.1 Large language models are not steerable

Even strong LLMs induce side effects. Neither larger
nor newer models meaningfully improve steering error.?
Median steering error remains high, 0.452 for the largest
model (Llama-3.3; Figure 2, left), far from ideal despite out-
performing a random baseline (0.770; sampling random goal
levels in each dimension). Miscalibration improves (Fig-
ure 2, center) with model size (e.g., Llama3.1-8B vs. 70B:
0.667 — 0.455). Some residual miscalibration is expected,
since the model may not be calibrated to the magnitude of
“slightly/much” in our prompts.

Median orthogonality remains high and skewed towards
1 even as model size increases (Figure 2, right) with
Llama3.3-70B performing best with an orthogonality of
0.718. While several pairwise differences are statistically
significant, models remain in a high-orthogonality regime
on average. Similar trends hold in GPT, Deepseek, Qwen3,
and o1/03 models, where larger/newer models reduce mis-
calibration but have little effect on orthogonality (see Ap-
pendix). Note that, even as miscalibration and orthogonality

’Due to filtering, metrics are reported on slightly different re-
sponse distributions. The effect is negligible: in our main results,
rejected responses comprise <6 (~0.29%) of outputs in any probe.

3Some pairwise tests yield statistical significance, but effect
sizes are small.
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Figure 2: Median (IQR) of steering error (left), miscalibration (middle), and orthogonality, Llama3 family. Caps denote empiri-
cal 95% CI with outliers (o) plotted individually. Steering error does not improve with model size (left), but miscalibration does
(middle). Orthogonality drops slightly (right), but remains skewed away from 0.
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Figure 3: Vector flow of goal-space movement (blue),
Llama3.3-70B, in requests to change reading difficulty but
not formality. Horizontal movement is desired, but not ver-
tical movement. Source texts in red.

Instructions requesting correlated/anti-correlated changes
in reading difficulty & formality

599 845
404 535 0 (:381) (334)
(196) (.286) o 333 647 .
S (.500) (.667) E
S 2 g
= % 0.5
[ o
3 S
2 =
. = 0 O© 0.0

Il 1lama3.3-70B, corr. Llama3.3-70B, anti-corr.

Figure 4: Median and IQR steerability, Llama3.3-70B, in
correlated (darker) vs. anti-correlated (lighter) requests for
change in reading difficulty and formality. Caps denote
empirical 95% CI with outliers (o) plotted individually.
Llama3.3-70B struggles more with anti-correlated changes.

decrease, median steering error may not due to normaliza-
tion (Eq. 4-5; errors are penalized in proportion to the re-
quested/observed movement). To further study side effects,
we analyze a 2D goal subspace.

Goal dimensions may be entangled. We investigate side
effects in a 2D (reading difficulty, formality) subspace us-
ing a vector flow diagram of goal-space movement (Fig-
ure 3, Llama3.3-70B, blue vectors). We include instructions
requesting changes to reading difficulty (z-axis) but not for-
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mality (y-axis), such that vertical movement is a side effect.
Figure 3 shows a “current” from the lower left (informal &
easy to read) to the top right, suggesting that, when asked
to increase reading difficulty without direction on formality,
LLMs still increase formality.

The Appendix shows additional movement vectors and
flows. We also conduct a preliminary study of coupling be-
tween goal dimensions, which suggests that the entangle-
ment is LLM-induced.

While harder-to-read texts are often more formal,
they need not be under our chosen measurement func-
tions (Flesch-Kincaid grade, reading difficulty; Heylighen-
Dewaele score, formality). LLM behavior appears to re-
flect this correlation: when stratifying steerability probe re-
sults based on whether the prompt requested correlated (e.g.,
make it harder to read and more formal) vs. anti-correlated
changes to reading difficulty and formality (e.g., make it
harder to read and [ess formal), Llama3.3-70B is less steer-
able on anti-correlated requests compared to correlated re-
quests (steering error, 0.535 vs. 0.404; Figure 4, diff.: 0.131,
Mann-Whitney U = 77944.5), with similar results in other
model families (GPT, Deepseek, Qwen3; see Appendix).
Thus, side effects may harm steerability in requests running
contrary to similar correlations.

On coverage. While our probe is designed to target a uni-
form distribution of goals, results are similar whether or not
we sample source texts uniformly in goal-space (see Ap-
pendix). Thus, steerability failures are unlikely to be con-
centrated in overrepresented goals in our evaluation.

Takeaway #1: side effects impede steerability. Despite
progress in LLM reasoning and model capacity, LLMs con-
tinue to exhibit side effects. Entanglement between goal di-
mensions contributes to side effects, limiting steerability for
intents that contradict correlations between goal dimensions.

4.2 Inference-time steering is costly

We now study whether inference-time strategies can im-
prove steerability. First, we evaluate whether prompt engi-
neering can elicit responses that satisfy user goals. Second,
we leverage best-of-N sampling to test whether such re-
sponses are in the support of the model’s output distribution.
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of the negative prompt marginally improve miscalibration over the default. However, side effects remain severe.
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Figure 6: Median and IQR for best-of-{4,8, ...,

128} approaches on Llama3.1-8B, with a direct + negative prompt. Caps

denote empirical 95% CI with outliers (o) plotted individually. Increasing /N improves steerability, but improvements are slow.

Prompt engineering does not solve side effects. More
detailed prompting strategies compared to the default (e.g.,
chain-of-thought style or adding instructions) tend to im-
prove miscalibration, as does removing the negative prompt
(median: 0.667 — 0.444, no negative prompt + added in-
structions; Figure 5, middle). Yet orthogonality remains
skewed towards 1 despite improvements under some strate-
gies (e.g., direct + negative prompts; Figure 5, right). Thus,
mitigating side effects with prompt engineering alone may
be challenging. Results for all strategies are in the Appendix.

Best-of- N sampling is a costly solution. Since side ef-
fects remain severe across prompting strategies, we inves-
tigate whether responses that reduce side effects exist in
the model’s sampling distribution via best-of-/N sampling.
Best-of-4 with Llama3.1-8B lowers steering error (Figure 6,
left), outperforming best-of-1 across all prompting strategies
and models evaluated (GPT-4.1 vs. Llama3.1-8B: 0.429 —
to 0.404, see Appendix). Median orthogonality at best-of-
4 also outperforms the top best-of-1 model (GPT-4.1 vs.
Llama3.3-70B: 0.718 — 0.673, see Appendix). This im-
provement with N suggests that responses better-aligned
with goals lie within the model’s support but are rare in the
model’s sampling distribution. Best-of-NV also scales poorly,
lowering median steering error by 0.031 at most when dou-
bling N (Figure 6, left).

Takeaway #2: Inference-time steerability is possible but
inefficient. We find that prompt engineering alone may
not be powerful enough to surface responses with low steer-
ing error. While best-of-N sampling demonstrates the ex-
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istence of such responses, they remain rare under the base
model’s output distribution. Our results motivate fine-tuning
to increase the likelihood of low steering-error responses.

4.3 RL yields progress towards steerable models

Gains under best-of-/N sampling suggest that low steering
error responses exist but are rare under an LLM’s sampling
distribution. We hypothesize RL can shift the output distri-
bution towards such generations. Indeed, RL improves steer-
ability, adopting different rewriting strategies compared to
the base model, but does not eliminate side effects.

The post-RL model rivals best-of-128 sampling. Ina2D
goal-space (reading difficulty & formality), RL improves
steerability in Llama3.1-8B. We report mean and standard
deviation to capture improvements in the tails (Table 2).
Post-RL steerability rivals best-of-128 sampling in steering
error (pre-RL best@128 vs. post-RL mean: 0.210 — 0.119),
though orthogonality lags the base model (pre-RL vs. post-
RL mean: 0.147 — 0.121). Furthermore, optimizing only
miscalibration or orthogonality worsens the other (e.g., RL
w/ steering error: 0.294; orthogonality-only: 1.463), which
we conjecture may be due to underspecification: flat-reward
regions could worsen overfitting (e.g., all formality levels
are equal-reward when optimizing miscalibration in reading
difficulty only).

RL shifts the model’s rewriting strategies. To analyze
whether post-RL steerability improvements are meaningful,
we examine changes in generation patterns. First, RL mit-
igates copy-pasting behavior. Before fine-tuning, the base



Steering error Miscalibration Orthogonality

Base model (pre-RL) 0.300 (0.150) 0.986 (0.464) 0.147 (0.328)
Best@128 (pre-RL) 0.210 (0.168) 0.683 (0.539) 0.121 (0.283)

Miscalibration-only reward ~ 0.210 (0.138) 0.542 (0.429) 0.366 (0.395)
Orthogonality-only reward ~ 0.386 (0.248) 1.463 (1.004) 0.025 (0.134)

Full steering error 0.119 (0.135) 0.294 (0.391) 0.160 (0.292)

Table 2: Main results for RL, with an ablation study of the reward model. Mean (std. dev.) of steerability metrics across
evaluation probe (N = 1, 024: 64 held-out source texts; 16 goals each).

Request type Pre-RL orthogonality Pre-RL, best@128 orthogonality Post-RL orthogonality

Corr. requests 0.216 (0.279) 0.238 (0.253) 0.322 (0.283)
Anti-corr. requests 0.330 (0.399) 0.341 (0.320) 0.317 (0.264)
Mean Gap (absolute) 0.114 0.103 0.005

Table 3: Mean (std. dev.) of (from left to right) orthogonality for pre- vs. post-RL model on correlated (top; e.g., increase both
dimensions) vs. anti-correlated requests (middle; e.g., change dimensions in opposite directions). RL shrinks the gap in side
effects (bottom) between correlated and anti-correlated requests, despite only supervised via 1D instructions.

Model Sentence BLEU nality post-RL in anti-correlated requests). Nonetheless, or-
thogonality can still be improved, highlighting the need for
Pre-RL 0.864 (0.239) further work to eliminate side effects.
Pre-RL, best@128 0.761 (0.245)
Post-RL 0.529 (0.239) 5 Discussion & Conclusion

We propose a framework for measuring steerability: whether
a model can reliably follow diverse, multi-dimensional
goals. Existing LLM evaluations directly leverage data from
real-world interactions or Internet text, which may not be
representative, or use single-dimensional metrics, which do

Table 4: Mean (std. dev.) sentence-level BLEU (original vs.
rewrite) by dataset, pre- & post-RL.

model copy-pastes the source text in 135 of 1,024 (13.2%) not capture side effects in open-ended generation. Our steer-
prompts evaluated, a trivial method to minimize orthogonal- ability probe design mitigates these gaps by uniformly sam-
ity. Post-RL, the copy-paste behavior vanishes. BLEU (Pa- pling goals and measuring multiple dimensions of text. Em-
pineni et al. 2002) between rewrites and source texts also pirically, LLMs struggle with steerability due to side ef-
drops (Table 4; pre-RL vs. post-RL: 0.864 — 0.529), sug- fects. Inference-time interventions such as prompt engineer-
gesting that the post-RL model adopts a less conservative ing and best-of-N sampling offer minor or costly gains.
editing strategy to satisfy user goals. Pre- vs. post-RL flow However, RL fine-tuning shows promise as a partial solu-
diagrams (see Appendix) support our analysis. Second, RL tion. Our work suggests that steerability may be a fundamen-
generalizes to unseen instructions. Despite training with tal challenge for LLM alignment, requiring shifts in model
1D instructions, the post-RL model better handles 2D anti- behavior beyond inference-time tweaks. We hope that our
correlated instructions. We report mean and standard devi- framework provides a foundation for measuring LLM align-
ation to capture improvements in the tails. The difference ment with diverse sets of user goals.
in mean orthogonality between correlated vs. anti-correlated ) )
requests largely vanishes, dropping from 0.114 pre-RL to Limitations. ’We focus on steering along verifiable text
0.005 post-RL (Table 3, right), suggesting improved inde- attributes, leaving goals SIich as style, to fliture work. We
pendence in controlling each goal dimension. We show vio- also only evaluate LLMs in single-turn settings. However,
lin plots summarizing other metrics in the Appendix. Anal- our framework is easily extended to multi-turn settings or
ysis of an anti-correlated rewrite (see Appendix) further il- generative models beyond text (e.g., multimodal LMs). Our
lustrates this behavior. study of interventions is non-exhaustive: we do not vary
prompt formatting and apply RL to only an 8B model in 2D
Takeaway #3: RL yields partial progress towards steer- goal-space. Larger models may have higher post-RL upside,
ability. In a 2D goal-space, we improve the steerability but optimizing steerability in higher dimensional goal-space
of Llama3.1-8B. These improvements reflect meaningful could introduce new challenges. Ultimately, our framework
changes in the model’s rewriting strategies, such as reducing is a principled foundation for evaluating LLM steerability,
copy-paste behavior (lower BLEU score post-RL) and im- that we hope complements current evaluations of LLM ca-
proved disentanglement of goal dimensions (lower orthogo- pabilities and improves alignment with diverse human goals.
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