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Abstract

Deploying LLMs in real-world applications re-
quires controllable output that satisfies multi-
ple desiderata at the same time. While existing
work extensively addresses LLM steering for a
single behavior, compositional steering—i.e.,
steering LLMs simultaneously towards multi-
ple behaviors—remains an underexplored prob-
lem. In this work, we propose compositional
steering tokens for multi-behavior steering. We
first embed individual behaviors, expressed as
natural language instructions, into dedicated
tokens via self-distillation. Contrary to most
prior work, which operates in the activation
space, our behavior steers live in the space of
input tokens, enabling more effective zero-shot
composition. We then train a dedicated com-
position token on pairs of behaviors and show
that it successfully captures the notion of com-
position: it generalizes well to unseen compo-
sitions, including those with unseen behaviors
as well as those with an unseen number of be-
haviors. Our experiments across different LLM
architectures show that steering tokens lead to
superior multi-behavior control compared to
competing approaches (instructions, activation
steering, and LoRA merging). Moreover, we
show that steering tokens complement natural
language instructions, with their combination
resulting in further gains.

1 Introduction

The ubiquitous use of Large Language Models
(LLMs) necessitates that their behavior can be con-
trolled in an ad-hoc manner (Khamassi et al., 2024).
In most real-world domains, due to intrinsic task
complexities, the need for compositional steering,
that is, controlling the LL.Ms for multiple behaviors
simultaneously (as opposed to just a single behav-
jor!), arises naturally (Sorensen et al., 2024). While
fine-tuning LLMs for desired behaviors (Tian et al.,

'We define behavior as any controllable output aspect (e.g.,
length, language, reasoning style) of the LLM.

2024; Tan et al., 2024) is the most straightforward
solution to achieve such control, it comes with ma-
jor limitations. Entailing updates to the LLM’s pa-
rameters, it is (i) computationally intensive and (ii)
jeopardizes the general-purpose utility of the LLM
(i.e., there is a risk of negative interference and for-
getting of pretrained knowledge); though both can
be (somewhat) mitigated via parameter-efficient
fine-tuning (Hu et al., 2022). The need to update
the model renders fine-tuning impractical for ad-
hoc steering, especially for compositional behavior:
N behaviors that can be arbitrarily composed imply
2V (independent) fine-tuning procedures.

The goal of general-purpose large-scale
instruction-tuning with diverse task instructions
(Ouyang et al., 2022; Zhang et al., 2025), in
contrast, is exactly to enable flexible and gen-
eralizable control via natural language prompts.
Behavior steering via prompting, however, is very
brittle (Ngweta et al., 2025; Errica et al., 2025): it
yields inconsistent LLM behavior for semantically
equivalent prompts.

Various recent prompt compression approaches
(Li et al., 2025) have been proposed as a middle
ground between the inflexibility (and cost) of fine-
tuning and the brittleness of prompting, including
activation steering (Stolfo et al., 2025; Cao et al.,
2024), gist tokens (Mu et al., 2023; Dong et al.,
2025), and persona vectors (Lim et al., 2025; Pai
et al., 2025). While these methods efficiently com-
press prompts and improve LLMs’ conformance
for individual behaviors, they largely fail to demon-
strate effectiveness and generalization in compo-
sitional steering. Put differently, while good so-
lutions for compressing individual behaviors into
embeddings are abundant, we still lack an effective
representation for the concept of composition that
would generalize over arbitrary behavior combina-
tions (and number of composed behaviors).

In this work, we address this gap by introducing
compositional steering tokens for multi-behavior



steering (Figure 1). We first compress individual
behaviors, formulated as natural language instruc-
tions, into specialized tokens (vectors) via self-
distillation: unlike in most related work, where
behavior representations interact with model in-
ternals, our steering tokens reside in the model’s
input space, which leads to better zero-shot compo-
sition. As a central novelty of our work, we then
train a dedicated composition token to capture the
general concept of behavior composition. Trained
on a fixed set of behavior pairs, we show that our
composition token truly encapsulates the notion
of composition, exhibiting strong generalization
to: (i) unseen compositions of seen behaviors, (ii)
compositions with unseen behaviors, and (iii) com-
positions of unseen number of behaviors.

We carry out an extensive evaluation on verifi-
able behavioral constraints (response length, lan-
guage, formatting, etc.), enabling strict automatic
assessment of compositional generalization at scale.
Specifically, we find that: (1) Steering tokens
achieve superior compositional generalization com-
pared to existing methods, particularly on zero-shot
compositions of behaviour combinations (§5.1);
(2) Compositional gains generalize across diverse
model architectures with hybrid methods providing
universal benefits (§5.2); 3) Both compositional ac-
curacy and robustness scale with model size (up to
the 14B models) (§5.3); @ A learned <and> com-
position operator is essential for compositional gen-
eralization, and orthogonality regularization proves
critical for zero-shot fusion (§5.4); (5 Steering to-
kens and text instructions exhibit complementary
strengths, with hybrid methods consistently achiev-
ing superior accuracy-robustness tradeoffs across
all behaviours (§5.5).

2 Related Work

Behavior steering of LLMs is an active and prolific
area of NLP research (Li et al., 2025; Xie et al.,
2025). We focus on the lines of work we deem most
relevant: activation steering, gist tokens, and the
few preliminary attempts at compositional steering.

Activation Steering. These methods embed the be-
havior into vectors that are combined with models’
activations (i.e., token representations) via simple
arithmetic operations. Most activation steering is
contrastive: steering vectors are obtained by com-
paring activations under exhibited behavior with
some type of baseline activations, either in the orig-
inal activation space (Rimsky et al., 2024; Stolfo

et al., 2025; Im and Li, 2025; Sterz et al., 2025) or
a derived one (e.g., PCA or sparse decomposition)
(Siddique et al., 2025; Bayat et al., 2025). The
most relevant for our work is that of Stolfo et al.
(2025), who obtain the activation steers by contrast-
ing LLM’s activations for two different prompts:
with vs. without the behavior instruction. We adopt
the same two-prompt approach, but distill the in-
struction into the steering token (appended to the
prompt without the behavior instruction) by con-
trasting the distributions of the two outputs (see
§3 and Figure 1). Critically, while the steering
vectors of Stolfo et al. (2025) improve instruction
following on top of prompt steering (i.e., behavior
instruction in the prompt), alone they are dramat-
ically worse than prompt-based steering. In stark
contrast, our steering tokens for individual behav-
iors are, alone, as effective as instruction steering
(see Table 7 in the Appendix).

Gist Tokens. Concerned with test-time compute
efficiency, this line of work compresses complex
behaviors (i.e., behaviors described with long in-
structions) into few input tokens, via various objec-
tives (Mu et al., 2023; Han et al., 2024; Petrov et al.,
2025). Mu et al. (2023), for example, train them by
modifying the self-attention patterns (gist tokens
attend over the behavior description, and answer
tokens over gist tokens), whereas the concurrent
work of Dong et al. (2025) adopts a self-distillation
approach, which is conceptually similar to ours, al-
beit more complex (see §3). Gist tokens have been
used in various use-cases, including for better se-
lection of in-context examples (Gupta et al., 2024),
conditioned decoding (Li et al., 2024), hierarchical
compression for longer contexts (by gisting the gist
tokens) (Petrov et al., 2025; Tarasov et al., 2025),
and in task-specific gisting (Phang, 2024; Jiang
et al., 2024). Gist approaches, however, tackle only
single-instruction steering, whereas we are primar-
ily interested in behavior compositions.

Compositional Steering. While compositional
steering remains much less studied than steering
for individual behaviors, a few efforts in multi-
behavior steering do exist. Most attempts merely
interpolate between individual steering vectors to
obtain compositional behavior (Han et al., 2024;
Scalena et al., 2024; Cao et al., 2024). Directly
composing independently trained modules on top
of the same LLM parameters or activations, how-
ever, is known to be destructive; this favors sparse
changes to the underlying LLM (Ansell et al., 2024;



van der Weijj et al., 2024). Stolfo et al. (2025) insert
different steers in different LLM layers. Nguyen
et al. (2025) sparsify individual steering vectors
and force their orthogonality, thereby mitigating the
negative interference in interpolation-based com-
position. The orthogonality constraint, however,
demands that all behaviors are known in advance;
addition of a new behavior requires recomputation
of all steering vectors. In contrast, our approach
yields compositional generalization: we train a ded-
icated composition token that learns the very func-
tion of composing behaviors and can thus be ap-
plied to behaviors unseen in its training.
Critically, these efforts lack rigorous evaluation
of multi-behavior steering. Most focus on single-
behavior steering and address composition merely
as a side experiment, providing only anecdotal
evidence that some behavior compositions work
(Stolfo et al., 2025; Cao et al., 2024; Han et al.,
2024). Scalena et al. (2024) provide a quantitative
evaluation but no baseline performance, whereas
Nguyen et al. (2025) compare only against in-
context learning and fine-tuning approaches (SFT
and DPO); both fail to include the simplest, yet
very competitive baseline (cf. §5): compositional
steering in the prompt (i.e., via instruction). In
contrast, we perform a rigorous and extensive em-
pirical evaluation of multi-behavior steering with
automatically verifiable behaviors (§4).

3 Compositional Steering with Tokens

We tackle multi-behavior steering, where LLMs
need to generate output that simultaneously con-
forms to multiple constraints. Formally, given
a set of behaviours B = {b1,bs,..., b} (e.g.,
b; =“Answer in one sentence.”; b; =“Answer in
French.”) and an input prompt z (e.g., x = “Why
penguins can’t fly?”), expect the LLM to produce a
high-quality answer y for the prompt x, while satis-
fying all constraints from B. Standard instruction-
based steering would simply concatenate behavior
descriptions (e.g., “Answer in French. Use one
sentence.”), but is known to be brittle (Jaroslawicz
etal., 2025). We propose compositional steering to-
kens: input embeddings for compositional steering
that do not change models’ internals.

Steering Tokens: Input-Level Control. Our steer-
ing tokens operate in the input embedding space;
we keep the base LM frozen. For each behaviour
b € B, we introduce a trainable steering token
<b>, that is, an embedding e, € R?, with d as

the model’s hidden size. Additionally, we add a
trainable composition token <and>, i.e., a vector
€<and> € R? in which we embed the notion of com-
position itself. For a prompt x constrained with two
behaviors {b;, b, }, we feed the following concate-
nation of tokens to the LLM: [E,, e, €cand>» eb],],
where E, denotes the sequence of (frozen) embed-
dings of z’s tokens. This design (i) prevents model
collapse, as keeps all LLMs’ parameters frozen, (ii)
facilitates composition, as we combine behaviors
through learned interactions in the input space; and
(iii) is computationally efficient: we only need to
learn |B| + 1 d-dimensional vectors: one for each
behavior and one for the composition token.

Compositional Self-Distillation. A key challenge
in multi-behaviour control is enabling composi-
tional generalization: the ability to combine be-
haviors at inference time without training on all
possible behavior combinations. To this end, our
proposal is the compositional operator (i.e., token)
<and>, meant to mediate interactions between be-
havior embeddings. We thus train in two stages:
(D we independently train individual behavior to-
kens <b>, keeping the LLM frozen (left side of
Figure 1), and then (2) train the composition token
<and> (right side of Figure 1) on different two-
behavior combinations b; and b; (unless specified
otherwise), keeping both the LLLM and the behav-
ior embeddings <b;> and <b;> frozen. Keeping the
behavior tokens frozen in the second step is key
for compositional generalization as it ensures that
<and> learns the behavior-independent concept of
composition, instead of just modifying individual
behavior representations.

We train both the individual behavior tokens
<b> and the composition token <and> via self-
distillation. For individual behaviors b, the input
to the teacher is the prompt x with a behavior’s
natural language instruction [, whereas the stu-
dent receives = appended with a steering token <b>.
The teacher and student are the very same frozen
LLM, and they both need to output the same an-
swer y. Our distillation objective minimizes the
KL-divergence between the teacher’s and student’s
output distributions over answer tokens:

List = KL(Pteacher(y | xz, Ib) HPstudent(y ’ &€, <b>))

where both distributions are temperature-scaled
with T: P(y) = softmax (logits(y)/T"). We scale
the final loss by 7 to account for temperature
normalization (Radevski et al., 2023). In our ex-
periments, we use high temperature (I' = 10.0)
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Figure 1: Illustration of our compositional self-distillation. Left: (1) Training individual behavior steering tokens;
Right: ) Training the composition token <and>. The LLM remains fully frozen (including its subword embed-
dings). We self-distil from the instruction-prompted LLM to train the respective steering token: single behavior

tokens in (1), and the <and> token in (2).

to encourage the student to match the full proba-
bility distribution rather than just the mode. To
prevent overfitting of behavior tokens to instruction
formulations, we define 10 different instruction
paraphrases for each behavior (e.g., “{Answer, Re-
spond, Reply} in Spanish”) and randomly sample
one per training example.

When training the composition token <and>,
the teacher receives x concatenated with instruc-
tions of two behaviours, x @ I, @ ij (e.g.,
“Why can’t penguins fly? Answer in Spanish.
Use 10 to 50 words.”) and the student receives
x @ <bj><and><b;> (e.g., “Why can’t penguins
fly? <ES><and><words_10_50>".

Initialization and Orthogonality. We initialize
embeddings of behavior tokens “semantically”: as
the mean of the LLM’s (frozen) embeddings of
tokens in the behavior’s instruction. We use zero
initialization for the embedding of the composition
token (we ablate this choice in §5.4): ecyng> = 0,
to avoid biasing it toward any one behavior and
allowing it to learn “to compose” purely from the
training data.

To prevent the <and> token from collapsing into
representations similar to existing behavior tokens,
we introduce orthogonality regularization in com-
position training (we ablate its impact in §5.4): it
forces the trainable <and> embedding to remain
orthogonal to all frozen behavior embeddings:

Lom= 3 (ccunss - en/ (el sl
bEBiseen

where Bieen 18 the set of all (frozen) behavior tokens
seen in composition training. The final loss for the
<and> token training is then: £ = Lgist + A - Lorth-
We initially set A = 0.5 and found it to work well.

4 Experimental Setup

Unlike work on steering for subjective behaviors
such as sycophancy or myopic reward (Nguyen
et al., 2025; Bayat et al., 2025; Scalena et al., 2024;
Pai et al., 2025), we follow (Stolfo et al., 2025) and
focus on verifiable constraints where satisfaction
can be automatically assessed, allowing for a large-
scale compositional evaluation while avoiding both
human evaluation and costly and error-prone use
of LLMs as judges (Marioriyad et al., 2025).

Models. We experiment with seven instruction-
tuned LLMs from four model families: Qwen3-4B,
Qwen3-8B, Qwen3-14B, Llama-3.2-3B, Llama-
3.2-8B, SmolLM3-3B, and OLMo-7B. We use
Qwen-8B as the primary model for comparing
steering tokens with baselines (§5.1) and the Qwen
family models for the scaling analysis (§5.3). For
efficiency, we use Qwen-4B in ablations (§5.4).

Behaviors. We experiment with 15 behaviors from
four categories: languages: Spanish, French, Ital-
ian, Portuguese, and German; length: 10-50, 50-70,
70-90, 90-120 words; formatting: lowercase, up-
percase, title case; and structure: 1-5 sentences.
To test compositional generalization, we partition
properties into seen (11 used during <and> token
training) and unseen (4 held out: German, title case,
70-90 words, 3 sentences). This design ensures that
each category has held-out properties to validate
zero-shot composition. We provide instructions for
all behaviors in the Appendix E.

Compositions. We evaluate two types of behavior
combinations: (i) Seen compositions: both behav-
iors are from the seen set, i.e., their combination
was part of the <and> token training (e.g., <ES>



<and> <words_10_50>); here we test if the com-
position operator successfully learned to compose
seen behaviors; (ii) Unseen compositions: one or
both behaviors are from the unseen behavior set
(e.g., <DE> <and> <words_10_50>, <ES> <and>
<title_case> or <DE> <and> <title_case>:
this setup tests the generalization ability of our com-
position token operator. In both cases, we test on
2-behavior and 3-behavior compositions. Crucially,
3-behaviour compositions are all unseen, since
we train the <and> only on 2-behaviour combina-
tions, providing a different test of generalization—
to compositions with different number of behaviors.
For the Qwen family, we contrast our default train-
ing of the composition token <and> exclusively on
2-behavior compositions (2-token-only), against
training on both 2-behavior and 3-behavior compo-
sitions (2+3-token): this way we evaluate whether
explicit training on 3-behavior compositions im-
proves generalization or causes overfitting.

Data. We source prompts from the Smoltalk
dataset> (Allal et al., 2025) which contains
instruction-labeled dialogs. We use Qwen3-30B-
A3B-Instruct to separate the core question for each
prompt from constraints (e.g., “respond in 5 sen-
tences,”). For each of our 15 behaviors, we ran-
domly sample 50k prompts and generate answers
with Qwen3-30B-A3B-Instruct (for each exam-
ple, we randomly sample from 10 behavior para-
phrases). For the <and> token training, we gen-
erate responses for all cross-category 2-behavior
combinations (e.g., language + length, language
+ format). We exclude all unseen behaviors (Ger-
man, title case, 70-90 words, 3 sentences) from the
training data creation and save them for evaluation
of unseen compositions (see App. A for further de-
tails). For testing, we use 1,000 held-out prompts
for each 2- and 3-behavior combination, resulting
in >1M evaluations per model across all composi-
tions and orderings of behavior tokens.

Metrics. We measure the following: (1) Mean ac-
curacy, as the percentage of LLM generations that
satisfy all k£ € 2, 3 behaviors, averaged across all
k! token orders: this way, we remove any poten-
tial model bias w.r.t. the order of behavior tokens;
(2) Order variance is the largest absolute differ-
ence in accuracy across any two token orders of
a composition, averaged across all compositions.
Lower values indicate more robust, order-invariant
behavior; and (3) Response quality: for accurate

The dataset is released under Apache 2.0 License.

responses (i.e., satisfying all behavior) constraints,
we evaluate semantic correctness and coherence of
the answers on a Likert (1-5) scale, using an LLM
judge (Qwen3-30B-A3B-Instruct). We measure
whether steering accuracy comes at the expense of
degraded content (see details in the Appendix. C).

Baselines and Variants. We compare our steer-
ing tokens against three baselines that instantiate
three different types of steering. (1) In practice, in-
struction steering is the default paradigm for multi-
behavior steering of LLMs; despite that, existing
work on compositional steering (Cao et al., 2024;
Han et al., 2024; Nguyen et al., 2025), with the
exception of (Stolfo et al., 2025), fails to evaluate
this competitive baseline. We simply append the
behavior instructions I to the prompt (e.g., “An-
swer in German. Use 70-90 words. Apply title
case.”). To ensure fair comparison, we randomly
sample from 10 behavior paraphrases. We note that
we omit standard activation steering (Rimsky et al.,
2024) as a baseline, because Stolfo et al. (2025)
shows that it, on its own, clearly and substantially
trails instruction-based steering for verifiable be-
haviors. (2) Fine-tuning for behavior alignment is
an expensive, but effective steering approach. We
first train behavior-specific low-rank adapters with
the same self-distillation objective, then merge in-
dividual adapters using an interference-reducing
approach of Yu et al. (2024) ((LoRA DARE)); this
is a meaningful parameter-space alternative to our
input-space steering. (3) LM-Steer (Han et al.,
2024) is an established approach with steering vec-
tors obtained as linear projections of LLMs’ word
embeddings: as such, it is essentially a type of
token-based steering; moreover, the authors claim
(but do not quantify) LM-Steer’s compositional
steering abilities.

We also evaluate a simple concatenation of be-
havior tokens (i.e., no composition token <and>),
shedding light on the necessity of explicit compo-
sition learning, i.e., whether the behavior tokens
can interact implicitly through the LLM’s atten-
tion. Finally, we combine our token steering with
instructions (Hybrid), testing the complementarity
of learned vectors and natural language guidance.

5 Results and Analyses
5.1 Steering tokens are superior
compositional generalizers

Table 1 compares our compositional steering
against the baselines—instructions, merging LoORA



2-Behavior Results

3-Behavior Results

Method Seent Unseen{ Order Var. | Response Qual. 1 SeenT Unseen{ Order Var. | Response Qual.
Baselines

LoRA DARE (Yu et al., 2024) 81.54+0.1 44.8 +0.2 - 4.7 58.4 +0.1 17.6 +0.1 - 4.6
LM-Steer (Han et al., 2024) 18.1 +0.1  13.4 +0.3 - 1.3 2.2 +0.1 2.1 +02 - 1.2
Instruction Steering (Stolfo et al., 2025) 90.7 +0.1  71.8 +0.2 7.8 49 83.7 £0.1 54.0 0.1 18.1 49
Steering Tokens

Concatenation 81.3+0.1 62.1 +0.2 253 4.8 59.6 £0.1  33.2 +0.1 55.8 4.8
Composition (<and>) 90.9 £0.1  76.9 0.2 53 4.9 83.1+£0.1 59.5+0.1 255 4.9
Hybrid: Composition (<and>) + Instr. 92.2 £0.1 76.3 £0.2 44 49 87.9 +0.1  62.9 0.1 15.2 49

Table 1: Results for compositional steering with Qwen-8B for seen and unseen 2- and 3-behavior combinations. Our
full compositional steering, with the learned <and> composition operator, outperforms text instructions on unseen
compositions; Combining our token steering with instructions (Hybrid) yields the best performance; Concatenation
without explicit composition learning fails on complex compositions; LoRA DARE shows poor compositional
generalization, whereas LM-Steer fails to compose altogether.

Model Method Unseen (213) 1 Order Var. (213) |
Instruction 68.9155.6 53115.1
Qwen-4B  Steering 69.1160.7 6.2122.7
Hybrid 69.2 (+0.3)158.0 (+2.4) 5.3 (+0.0) | 18.6 (+3.5)
Instruction 71.8154.0 5.1115.1
Qwen-8B  Steering 76.9159.5 4.1121.2
Hybrid 76.3 (+4.5)162.9 (+8.9) 4.4 (—0.7)112.4 (—2.7)
Instruction 66.7133.8 3.118.7
Llama-3B  Steering 69.3133.9 391187
Hybrid 74.9 (+8.2)143.4 (+9.6) 2.8 (—0.3)110.6 (+1.9)
Instruction 67.8140.2 3.6113.6
Llama-8B  Steering 67.0139.5 59119.2
Hybrid 76.3 (+8.5) 1529 (+12.7) 3.2 (-0.4) | 11.0 (-2.6)
Instruction 5321325 5.1114.5
Smol-3B  Steering 53.2135.5 11.81359
Hybrid 53.5(+0.3)137.2 (+4.7) 73 (+2.2)117.1 (+2.6)
Instruction 56.8130.9 29173
Olmo-7B  Steering 56.9128.4 361123
Hybrid 60.9 (+4.1)137.5 (+6.6) 3.7 (+0.8) | 6.4 (—0.9)

Table 2: Cross-architecture generalization of steering
tokens, text instructions, and hybrid methods across
seven models spanning four architectural families. Hy-
brid methods consistently achieve the best perfor-
mance across all architectures, with strong benefits on
weaker compositional models (Llama, OLMo). The
compositional advantage holds universally but shows
architecture-dependent magnitudes. Numbers in brack-
ets represent improvement on top “Instruction” baseline.
See App.B for performance on seen categories.

adapters (Da Silva et al., 2025) and output steering
(Han et al., 2024)—for 2- and 3-behaviour com-
positions, with Qwen-8B as the LLM. We report
performance for seen (during <and> training) and
unseen behavior compositions, with the latter indi-
cating compositional generalization.

We find that training an explicit composition
operator (<and> token) is crucial: simple concate-
nation of behavior tokens collapses on unseen 3-
behaviour composition (33.2% vs. 59.6%) and ex-
hibits larger order variance. Our full compositional
steering outperforms text instructions on unseen

compositions (+5.1% for 2-behavior compositions,
+5.5% for 3-behavior compositions), while per-
forming comparably on seen compositions. This
implies that our learned composition operator gen-
eralizes better than natural language composition.
Text instructions are slightly more order-robust,
exhibiting lower order variance, despite lower ac-
curacy. Importantly, Hybrid steering (tokens + in-
structions) achieves the best overall results (62.9%
accuracy, 15.2% variance for the most difficult gen-
eralization case: unseen 3-behaviour compositions.
This encouraging result suggests complementarity
between our compositional token steering and natu-
ral language guidance. LoORA DARE fails to gener-
alize compositionally, performing much worse on
unseen compositions, while LM-Steer completely
collapses, showcasing the challenges of composi-
tional steering based on model internals. Response
quality remains solid and is largely comparable
across steering methods (except LM-Steer).

5.2 Robustness across model families

Table 2 summarizes the compositional steering per-
formance for steering tokens, instructions, and their
Hybrid across six models (Qwen-4B/8B, Llama-
3B/8B, SmolLM-3B, OLMo-7B) and four model
families. The results render our findings from §5.1
to be robust across different LLM architectures: (1)
our steering tokens largely outperform instruction-
steering (and when not, they offer on par perfor-
mance); (2) the Hybrid combination of tokens and
instructions offers further gains. There is, how-
ever, some family-based variance: Qwen models
are more steerable, and favor compositional steer-
ing tokens over instruction steering (76.9% for un-
seen 2-behavior on Qwen-8B); Llama models, in
contrast, are much less steerable, regardless of the



2-Behaviour Results

3-Behaviour Results

Model Method Seen 1 Unseen T Ord. Var. | Resp. Qual. 1 Seen 1 UnseenT Ord. Var. | Resp. Qual. 1
Instruction 93.3 68.9 5.3 (+0.0) 4.8 88.2 55.6 15.1 (+0.0) 4.8
Qwen-4B  Steering (2-only) 93.7 69.1 6.2 4.8 89.3 60.7 (+5.1) 22.7 4.8
Hybrid 93.7 (+0.4)  69.2 (+0.3) 5.3 (+0.0) 4.8 90.7 (+2.5) 58.0 18.6 4.8
Instruction 91.0 71.6 5.1 4.9 82.9 52.1 15.1 4.9
Qwen-SB Steering (2-only) 90.9 769 (+5.3) 4.1 (-1.0 4.9 83.1 59.5 21.2 4.9
Steering (2+3) 91.2 77.0 4.2 4.9 85.9 59.7 15.5 4.9
Hybrid 92.2 (+1.2) 76.3 4.4 49 87.9 (+5.00 62.9 (+10.8) 12.4 (-2.7) 49
Instruction 92.1 72.2 5.2 4.9 88.2 61.4 11.2 4.9
Qwen-14B Steeqng (2-only) 92.9 75.2 4.6 49 90.4 68.0 13.9 49
Steering (2+3) 93.0 73.8 5.3 4.9 89.7 63.9 17.3 4.9
Hybrid 93.9 (+1.8) 783 (+6.1) 2.7 (-2.5) 4.9 91.7 (+3.5)  69.2 (+7.8) 6.2 (—5.0) 4.9

Table 3: Scaling analysis comparing steering tokens, text instructions, and their hybrid combination. Both steering
and instruction methods benefit from scale, while training on 2-behaviour combinations proves sufficient: explicit
3-behaviour supervision (2+3) helps variance at 8B but degrades performance at 14B, suggesting larger models
learn compositional patterns from simpler examples. Hybrid methods achieve the best accuracy-variance tradeoff at
all scales. Numbers in brackets—improvement on top “Instruction” baseline. See App. B for extended analysis.

<and> init. Lorth Seen 1 Unseen T  Ord. Var. |
No <and> token - 73.6 49.7 27.0
Zero vector X 94.5 66.9 11.2
Zero vector v 93.7 (—0.8) 69.1 (+2.2) 5.3(-5.9)
“and” embedding X 94.2 552 9.4
“and” embedding v 942 +0.0) 708 (+15.6) 7.1 (-2.3)
Avg. steering tokens X 94.3 58.4 8.6
Avg. steering tokens v 93.5(-0.8) 64.4 (+6.0) 6.2 (—2.4)

Table 4: Ablation study of <and> token initialization and
orthogonality regularization on Qwen-4B. All initializa-
tion strategies achieve similar seen performance, but
differ on unseen combinations, isolating compositional
generalization as the key differentiator. Orthogonal-
ity loss proves critical, while without the <and> token,
performance collapses. Zero initialization with orthogo-
nality provides the best accuracy-variance tradeoff.

steering approach (Llama-8B: 39.5% token steer-
ing, 40.2% instructions). Importantly, the Hybrid
combination of token-based compositional steet-
ing and natural language instructions rescues weak
models: we observe a +12.7% gain for Llama-8B
for 3-behavior compositions. This again points to
strong complementarity between our compositional
token steering and natural language instructions.

5.3 Robustness across model sizes

We next investigate whether compositional accu-
racy and robustness of our compositional steering
tokens scale with model size, as well as whether
training on both 2- and 3-behavior compositions
improves generalization (compared to our default
training on 2-behavior compositions only). Ta-
ble 3 summarizes the results. We observe that
both compositional token steering and instruction-
based steering benefit from scale. Performance on

3-behavior compositions for compositional steer-
ing tokens (training on 2-behavior compositions
only) jumps from 59.5% at 8B to 68.0% at 14B
(+8.5%), while instructions improve from 52.1% to
61.4% (+9.3%). The Hybrid approach also scales
effectively, achieving 69.2% at 14B and becomes
much more robust to behavior ordering, exhibit-
ing only 6.2% order variance (compared to 18.6%
at 4B). Somewhat surprisingly, explicitly training
our composition token also for 3-behavior compo-
sitions degrades performance at 14B: (2-behavior
+3-behavior training yields only 63.9% accuracy,
compared to 68.0% we get when training only on 2-
behavior compositions; and it also exhibits higher
order variance (17.3% vs. 13.9%). This again
suggests that we successfully learn a general com-
position operator (i.e., already from the 2-behavior
compositions). At 8B, 2- + 3-behavior training
provides marginal variance reduction (compared
to 4B; from 21.2% to 15.5%) with comparable ac-
curacy, indicating that training data efficiency is
likely scale-dependent.

5.4 Ablation: <and> token initialization and
orthogonality constraint

In Table 4, we ablate initialization strategies and
orthogonality regularization, to isolate what mech-
anisms enable compositional learning in the <and>
token. We report results using Qwen 4B.

We first observe that <and> is essential: without
it, seen performance degrades to 73.6% (vs.93-
95% with <and>), and unseen to 49.7% (vs. 64-
71%), and order variance increases to 27.0% (vs.
5-11%). All <and> initialization strategies achieve
comparable seen performance (93-95%), suggest-
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Figure 2: Average relative performance gains (%) for Qwen14B (top row) and Llama (bottom row). Top 20
behaviour combinations (2- and 3-behaviour) yielding the largest differences between methods. Green bars indicate
improvements over the text baseline; red bars indicate degradations.

ing that behavior learning does not depend on ini-
tialization. However, unseen performance varies
widely (55-71%), isolating compositional gener-
alization as the key differentiator. Orthogonality
regularization is critical here, especially for se-
mantic behavior initialization: “and” embedding
without orthogonality achieves only 55.2% unseen,
but with the orthogonality constraint it improves
by 15.6%. For zero initialization, orthogonality
primarily reduces variance from 11.2% to 5.3%
while only modestly improving accuracy. Token-
average initialization benefits least from orthogo-
nality, suggesting that averaging of behavior em-
beddings provides a poor starting point for com-
position. These results stress the importance of (i)
an explicit learned operator (the <and> token), and
(i) enforcing the orthogonality of its embedding to
behavior token representations.

5.5 Per-behavior breakdown

Figure 2 presents a granular per-composition anal-
ysis for Qwen-14B and Llama-8B, revealing which
behaviors benefit most from compositional to-
ken steering vs. text instructions. We find that
unseen behavior combinations, and in particular
title_case paired with language or length con-
straints, drive the gains of token steering. This indi-
cates that unseen cross-category compositions ben-
efit the most from learned <and> operators. How-
ever, LLM-dependent failure modes emerge: while
Qwen-14B shows better performance with token
steering for most unseen combinations, Llama-8B
exhibits stark category-specific divergence, with
token steering excelling on compositions with for-
matting behaviors but failing on compositions with
the unseen length behavior (words_70_90), where

the instruction steering seems superior. Critically,
the hybrid combination seems to eliminate these
failure modes, reaffirming that complementarity
between steering with learned embeddings and text
instructions is key for robust compositional control,
especially for weaker LLMs.

6 Conclusion

In this work, we presented steering tokens, an effec-
tive approach for compositional control of LLMs,
that does not require modification of models’ in-
ternals. By means of self-distillation, in the first
step we train input tokens (i.e., embeddings) for
individual (automatically verifiable) behaviors; in
the second step, we freeze the behavior tokens and
train only the explicit composition token <and>.
Our extensive experimentation renders composi-
tional steering tokens (1) superior to instruction-
based steering as well as to other steering methods,
while maintaining comparable response quality; we
further show that it is (2) complementary to instruc-
tions, obtaining further gains from combination
with natural language-based guidance. Crucially,
(3) we demonstrate that steering tokens success-
fully generalize to behaviors and compositions un-
seen during the training of our composition opera-
tor (i.e., the <and> token).

Finally, we show that our compositional steering
tokens generalize well across different model fam-
ilies and sizes, provide even larger steering gains
for larger models. Importantly, training exclusively
on 2-behavior compositions proves sufficient for
larger models. This work introduces steering to-
kens as a solid mechanism for compositional con-
trol in LLMs, offering an efficient alternative to
instruction-based steering while complementing it.



Limitations

While steering tokens demonstrate strong compo-
sitional capabilities, several limitations warrant at-
tention in future work:

Constraint verifiability. Our evaluation focuses
exclusively on verifiable behavioral properties (re-
sponse length, formatting conventions, etc.) where
ground-truth satisfaction is automatically assessed.
Steering tokens represent a general control mecha-
nism that applies to broader semantic constraints
(tone, style, etc.), but evaluating such properties re-
quires human annotation or LLM-based judges. Fu-
ture work should extend compositional evaluation
to subjective and nuanced behavioral dimensions.

Compositional complexity. We evaluate com-
positions of up to three properties, demonstrating
zero-shot generalization from 2-property training
to 3-property inference. Real-world applications
may require simultaneous control over many more
constraints (e.g., language, length, tone, domain,
etc.). Therefore, scaling steering tokens to higher-
order compositions remains an open question, par-
ticularly regarding whether compositional accuracy
degrades gracefully or rapidly as the property count
increases.

Model scale. Our experiments span 3B to 14B
parameter models, observing compositional im-
provements with scale. However, frontier mod-
els now exceed those sizes, and it remains unclear
whether steering tokens continue to benefit from
scale or encounter diminishing returns. Extension
to larger models would clarify whether composi-
tional reasoning improves further and whether hy-
brid methods remain necessary at scale.
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Supplementary Matrial

We organize the supplementary material as follows:

* In §A we report all implementation details in
order to ensure reproducibility of our work.

* In §B we report additional experiments that
we did not include in the main paper.

* In C we report the LLM-as-judge prompts
we use to measure the response quality of the
outputs.

* In D we report additional details about the
evaluation metrics.

* In E we report all of the instructions for each
steering behaviour.

* In F we provide model outputs for different
steering combinations.

A Implementation details

We train all steering tokens using AdamW with
learning rate o« = 1 x 1074, weight decay A\ =
1 x 1073, batch size as large as we can fit on a

GPU, and 2 epochs over 50,000 training examples.

Learning rate follows linear warmup (10% of steps)
then linear decay to 0. Gradients are clipped to a
maximum norm 1.0. We set the temperature to
10.0. We use bfloatl6 mixed precision training.
Training data is preprocessed to remove the top
0.1% longest examples. For <and> token training,
we set orthogonality regularization Aqy = 0.5.

B Additional results

C LLM as a judge for response quality
evaluation

System Prompt

You are an expert evaluator of Al-generated
responses. Your task is to assess the quality of
a model’s answer to a question, taking into ac-
count the instruction that was provided when
generating the answer.

Do not evaluate whether the instruction was
followed—assume it was. Instead, use the
instruction to set realistic expectations for the
scope, depth, style, and language of the an-
SWer.

Examples

12

* If the instruction says to answer in 10-50
words, do not penalize brevity.

* If the instruction says to answer in a dif-
ferent language (e.g., Spanish), do not
evaluate the answer based on English flu-
ency.

Rating Scale

* 1 = Very poor

* 2 =Poor

* 3 = Acceptable

* 4 = Good

¢ 5 = Excellent

Output only the number. Do not include any
explanation.

Evaluation Template
Instruction: {instruction}
Question: {question}
Model’s Answer: {answer?}

Evaluation:

D Metrics

Mean and best accuracy: For a k-property com-
bination, accuracy measures the percentage of re-
sponses satisfying all k& constraints simultaneously
(evaluated on n = 1000 samples). Since token
orderings can affect performance, we evaluate all
k! possible orderings and report the mean accuracy
across orderings as our primary metric. We also
report best accuracy (maximum across orderings)
to characterize the upper bound achievable with
optimal ordering.

Order variance: For each token combination
tested with multiple orderings, we compute the
maximum pairwise absolute difference in accuracy:
Amax = max; j |a; — a;|, where a; and a; are ac-
curacies for different orderings of the same token
set. We report two statistics: (1) the mean of Apax
across all token combinations with multiple order-
ings (Avg), and (2) the maximum A, observed
across all combinations (Max). Lower variance
indicates more robust, order-invariant composi-



2-Tok Seen 2-Tok Unseen  2-Tok Var 3-Tok Seen 3-Tok Unseen  3-Tok Var

Model Method Mean /Best () Mean/Best () Both(}) Mean/Best () Mean/Best (f) Both (})

Instruction 93.3/94.7 68.9/73.2 53 88.2/91.7 55.6/64.8 15.1
Qwen-4B  Steering token 93.7/94.7 69.1/75.0 6.2 89.3/93.7 60.7/75.5 227
Steering token + Instruction 93.7/94.9 69.2/73.9 5.3 90.7 / 93.5 58.0/71.2 18.6
Instruction 90.7/92.2 71.8/75.7 5.1 83.7/88.7 54.0/63.9 15.1
Qwen-8B  Steering token 90.9/92.5 76.9/79.6 4.1 83.1/89.8 59.5/70.7 21.2
Hybrid 92.2/93.7 76.3/79.6 44 87.9/91.8 62.9/70.3 124
Instruction 86.6/87.7 66.7/68.9 3.1 68.5/72.0 33.8/38.7 8.7
Llama-3B  Steering token 87.7/89.1 69.3/72.0 39 69.8/74.5 33.9/45.8 18.7
Hybrid 91.7/92.4 74.9/171.3 2.8 76.9/79.9 43.4/50.4 10.6
Instruction 88.1/89.3 67.8/70.3 3.6 79.4/83.8 40.2/48.2 13.6
Llama-8B  Steering token 88.1/89.3 67.0/72.4 5.9 80.7/84.2 39.5/54.1 19.2
Hybrid 92.3/93.2 76.3/78.8 3.2 86.9/89.0 52.9/61.3 11.0
Instruction 74.2176.9 53.2/55.6 5.1 62.3/68.1 3257404 14.5
Smol-3B  Steering token 68.0/73.0 53.2/60.4 11.8 50.3/65.9 35.5/53.0 359
Hybrid 75.7179.1 53.5/57.5 7.3 66.2/73.9 37.2/46.5 17.1
Instruction 78.0/79.0 56.8/58.7 29 55.5/58.6 30.9/34.8 7.3
Olmo-7B  Steering token 77.5/78.5 56.9/59.7 3.6 53.9/56.8 28.4/36.6 12.3
Hybrid 78.3/80.2 60.9/62.7 3.7 57.8/60.8 37.5/40.6 6.4

Table 5: Extension using best accuracy of Table 2.

2-Tok Seen 2-Tok Unseen  2-Tok Var 3-Tok Seen 3-Tok Unseen  3-Tok Var  Response

Model Method Mean / Best (1) Mean/Best (1) Both (/) Mean/Best(f) Mean/Best({) Both(]) Quality (1)
Instruction 93.3/94.7 68.9/73.2 53 88.2/91.7 55.6/64.8 15.1 4.8
Qwen-4B  Steering token (2-only) 93.7/94.7 69.1/75.0 6.2 89.3/93.7 60.7/75.5 22.7 4.8
Steering token + Instruction 93.7/94.9 69.2/73.9 53 90.7/93.5 58.0/71.2 18.6 4.8
Instruction 91.0/92.5 71.6/75.2 5.1 82.9/88.2 52.1/61.5 15.1 49
Qwen-8B Steering token (2-only) 90.9/92.5 76.9/79.6 4.1 83.1/89.8 59.5/70.7 21.2 49
Steering token (2+3) 91.2/92.5 77.0/ 80.1 4.2 85.9/90.2 59.7168.7 15.5 49
Steering token + Instruction 92.2/93.7 76.3/79.6 4.4 87.9/91.8 62.9/70.3 124 4.9
Steering token (2-only) 92.9/94.5 75.2178.4 4.6 90.4/94.3 68.0/76.0 13.9 4.9
Qwen-14B Steering token (2+3) 93.0/94.6 73.8/77.9 5.3 89.7/93.1 63.9/73.7 17.3 4.9
Instruction 92.1/93.7 72.2/76.2 52 88.2/91.6 61.4/67.6 11.2 49
Steering token + Instruction 93.9/94.8 78.3/80.2 2.7 91.7/93.6 69.2/72.9 6.2 49
Table 6: Extension using best accuracy of Table 3.
Model Method Seen Tokens T Unseen Tokens T  All Tokens 1 able token arrangement could substantially degrade
Text 93.6 +0.2% 86.7 + 0.5% 92.0 +0.2% f F t 1 d . .
Llama3B  Steering token  94.5+02%  89.6+£04%  93.4+0.2% performance. IFor a truly order-mvariant compo-
Hybrid 963+£02% 926+04% 955+0.1% sition mechanism, Ap,x should approach zero re-
Text 93.0 +0.2% 81.2+0.5% 90.4 +0.2% dl f k
Llama-8B Steering token ~ 93.4+0.2%  83.2+05%  91.1+0.2% gardless ot token arrangement.
Hybrid 95.7+02%  88.7+05%  94.1+0.2%
Text 96.6 + 0.2% 82.14+0.5% 93.2+0.2%
Qwen-4B  Steering token ~ 96.1 + 0.2% 80.6 £ 0.5% 92.7+0.2%
Hybrid 96.6 £ 0.1% 84.3+0.5% 93.8 +0.2%
Text 94.8 +0.2% 81.6 + 0.5% 91.7 + 0.2%
Qwen-8B  Steering token ~ 94.7 + 0.2% 83.2+0.5% 92.0 +0.2%
Hybrid 94.1 +0.2% 82.6 £ 0.5% 91.5+0.2%

Table 7: Single-behaviour performance on seen, unseen,
and all tokens across models.

tional behavior. This metric is critical for prac-
tical deployment scenarios, where users cannot
manually optimize token ordering for each task.
Unlike standard deviation, which measures spread
around the mean, the maximum pairwise differ-
ence captures the worst-case sensitivity to order-
ing—directly quantifying the risk that an unfavor-

13



E Instruction Template Variants

Answer in {language}.

Respond in {language}.

Provide your answer in {language}.
Reply in {language}.

Give your response in {language}.
Write your answer in {language}.
Use {language} for your response.
Provide a {language} response.
Respond using {language}.

Answer using the {language} language.

Answer in {min} to {max} words.
Respond in {min} to {max} words.

Keep your response between {min} and {max}
words.

Use {min}-{max} words in your answer.
Provide an answer of {min} to {max} words.

Your response should contain {min} to {max}
words.

Limit your answer to {min}-{max} words.

Give a response that is {min} to {max} words
long.

Answer using between {min} and {max} words.

Provide a {min} to {max} word response.

* Provide a response in {num} sentences.

¢ Answer in {num} sentences.

¢ Give a {num}-sentence response.

* Respond using exactly {num} sentences.

* Your answer should be exactly {num} sentences.
* Limit your response to {num} sentences.

* Provide an answer consisting of {num} sentences.
* Reply with {num} sentences.

¢ Use {num} sentences for your answer.

¢ Answer in {num} sentences only.

¢ Each word in the answer should be in {case_type}.
* Write your answer with each word in {case_type}.
* Use {case_type} for every word in your response.
* Use only {case_type} letters in your answer.

* Format your answer in {case_type}.

» All words should be in {case_type}.

* Apply {case_type} formatting to your answer.

* Your response should use {case_type} for all
words.

* Make all letters {case_type}.

» Use {case_type} throughout your answer.

F Model Generations

Table 8 presents 19 representative examples of com-
positional control using steering tokens across
three model sizes (Qwen-4B, Qwen-8B, Qwen-
14B). All examples shown are success cases where
all specified constraints are satisfied simultane-
ously.



Model

Steering Tokens

Prompt

Generation

Qwen-8B

Qwen-8B

Qwen-8B

Qwen-8B

Qwen-8B

Qwen-8B

Qwen-8B

Qwen-8B

spanish words_10_50

french words_10_50

lower_case words_10_50

upper_case french

words_10_50 portuguese

upper_case words_10_50

lower_case spanish sentences_4

sentences_5 lower_case spanish

What are the most effective ways to reduce energy con-
sumption in a small office setting as part of an environ-
mental...

In what ways does the Mediterranean diet compare to
the American diet in terms of reducing the risk of heart
attacks?

How should I structure a follow-up email after accepting
a job offer to confirm the details?

What are the advantages of using cloud-based [applica-

tion] over on-premise solutions for [company]?

What does the theme of love versus infatuation reveal
about Romeo and Juliet’s relationship in the play?

In what ways does wind power contribute to lowering
greenhouse gas emissions compared to traditional fossil
fuel-based...

What are the key steps to ensure a successful nonprofit
organization launch focused on environmental conserva-
tion?

Can you provide historical examples where perseverance
was key to achieving major breakthroughs?

Para reducir el consumo energético en una oficina pequeiia, utiliza luces
LED, apaga dispositivos no en uso, usa computadoras en modo de sus-
pensién, y realiza mantenimiento regular...

La diete méditerranéenne réduit davantage le risque d’infarctus en priv-
ilégiant les fruits, légumes, oléagineux et poissons, tandis que la dicte
américaine, riche en graisses...

thank you for the offer. i confirm my acceptance and appreciate the
opportunity. please confirm the start date, role, and any additional details.
looking forward to joining the...

LES AVANTAGES DE L'UTILISATION DE SOLUTIONS EN CLOUD
POUR [COMPANY] PAR RAPPORT AUX SOLUTIONS HEBERGEES
EN INTERNE SONT LES SUIVANTS : PLUS GRANDE FLEXIBILITE,
COUTS...

O tema do amor versus a infatuag@o revela que o relacionamento de
Romeo e Julieta é baseado em paixdo intensa, mas imatura, que se trans-
forma em tragédia devido a falta de...

WIND POWER GENERATES CLEAN ENERGY WITHOUT BURN-
ING FUELS, REDUCING COAL, OIL, AND GAS USE. IT CUTS
CARBON DIOXIDE AND OTHER GREENHOUSE GASES, HELP-
ING MITIGATE CLIMATE CHANGE. NO...

primero, define un propdsito claro y una misién especifica relacionada
con la conservacién ambiental. segundo, desarrolla un plan de accion
detallado que incluya estrategias de...

en la historia, la perseverancia ha sido clave para lograr avances impor-
tantes. maria curie, a pesar de las dificultades y la falta de apoyo, logré
descubrir el radio y el...

Qwen-4B

portuguese words_10_50

‘What are the main advantages of using a project manage-
ment tool for team collaboration?

Ferramentas de gerenciamento de projetos facilitam a comunicagdo, cen-
tralizam tarefas, melhoram a transparéncia e aumentam a produtividade,
permitindo que equipes trabalhem de...

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

Qwen-14B

german words_10_50

italian words_10_50

spanish lower_case

words_10_50 italian

french words_10_50 lower_case

words_10_50 lower_case spanish

sentences_1 lower_case italian

sentences_1 lower_case french

lower_case italian words_10_50

lower_case sentences_1 italian

Should a first-aid kit be considered one of the top 5 essen-
tial items for a beach vacation, and what should it include?

How can I effectively practice behavioral interview ques-
tions for a role in the engineering industry?

How do bullet points contribute to the accessibility of
written content for individuals with reading difficulties?

How should I structure a follow-up email after accepting
a job offer to confirm the details?

What strategies can a manager use to enhance workplace
efficiency, boost employee productivity, and foster better...

In what ways can a project management tool help a school
administrator organize and track the progress of various...

I’'m planning a trip to Bangkok. What are the best places to
experience local culture, and what should I be cautious...

Are there specific types of exercise that are most effective
for improving mental health in teenagers?

‘What role does Mr. Darcy play in the development of the
main plot in *Pride and Prejudice*?

What is the capital of France, and what is the name of the
famous department store that is both a shopping destina-
tion...

Ja, ein Erste-Hilf-Kasten gehort zu den Top 5 fiir einen Badeurlaub. Er
sollte Verbinde, Desinfektionsmittel, Schmerztabletten, Pflaster und eine
Pinzette enthalten, um...

Per prepararti efficacemente alle domande comportamentali per un ruolo
ingegneristico, ripassa esperienze passate, utilizza il metodo STAR (Situ-
azione, Compito, Azione, Risultato)...

los puntos de vifieta ayudan a hacer més accesible el contenido escrito
para personas con dificultades de lectura al dividir la informacién en
partes mds pequefias y manejables....

Gentile [Nome], confermo 1’accettazione dell’offerta di lavoro. Posso
confermare i dettagli dell’incarico, della retribuzione e della data di inizio?
Resto a disposizione per...

utiliser des outils de gestion du temps, encourager la communication
ouverte, organiser des formations régulieres, promouvoir I’autonomie et
reconnaitre les performances pour...

una herramienta de gestién de proyectos puede ayudar a un administrador
escolar a organizar tareas, asignar responsables, establecer plazos y moni-
torear el progreso de proyectos...

i migliori posti per esperire la cultura locale a bangkok sono il mercato
fluttuante di damnoen saduak, il tempio di wat pho e il quartiere di
chinatown, mentre si deve essere...

les exercices aérobiques réguliers, comme la course a pied, la natation ou
le vélo, sont particulierement efficaces pour améliorer la santé mentale
des adolescents.

mr. darcy ¢ centrale nel plot principale di "orgoglio e pregiudizio". il
suo rapporto con elizabeth evoluisce da ostilita a amore, influenzando gli
eventi chiave, come il...

la capitale della francia & parigi e il famoso centro commerciale che &
anche un attrazione turistica si chiama le bon marché.

Table 8: Example generations demonstrating compositional control with steering tokens.
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