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Abstract

Production LLM systems often rely on sepa-
rate models for safety and other classification-
heavy steps, increasing latency, VRAM foot-
print, and operational complexity. We instead
reuse computation already paid for by the serv-
ing LLM: we train lightweight probes on its
hidden states and predict labels in the same for-
ward pass used for generation. We frame classi-
fication as representation selection over the full
token xlayer hidden-state tensor, rather than
committing to a fixed token or fixed layer (e.g.,
first-token logits or final-layer pooling). To im-
plement this, we introduce a two-stage aggrega-
tor that (i) summarizes tokens within each layer
and (ii) aggregates across layer summaries
to form a single representation for classifica-
tion. We instantiate this template with direct
pooling, a 100K-parameter scoring-attention
gate, and a downcast multi-head self-attention
(MHA) probe with up to 35M trainable pa-
rameters. Across safety and sentiment bench-
marks our probes improve over logit-only reuse
(e.g., MULI) and are competitive with substan-
tially larger task-specific baselines, while pre-
serving near-serving latency and avoiding the
VRAM and latency costs of a separate guard-
model pipeline. Multi-backbone experiments
on dense and mixture-of-experts architectures
(Llama-3.2-3B, GPT-OSS-20B, Qwen3-30B-
A3B) confirm that these findings generalize
beyond a single model family.

1 Introduction

Modern LLM deployments are rarely a single
model in isolation. In production, a serving LLM
is surrounded by auxiliary components for safety
moderation, jailbreak detection, policy compliance,
and retrieval filtering (Inan et al., 2023; Han et al.,
2024; Ghosh et al., 2024). While effective, this
orchestration pattern is expensive: each additional
classifier adds its training and evaluation pipeline,
deployment surface, and inference compute, often
requiring an extra model invocation per request.
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A natural question is whether these side tasks
can reuse computation we already pay for. Re-
cent work has shown that strong moderation sig-
nals can be extracted without deploying a sepa-
rate guard LLM, either by inspecting the serving
model’s output distribution (Hu et al., 2024) or by
using training-free decision rules in latent space
(Chrabaszcz et al., 2025). Work on lightweight
safety heads has demonstrated that a small classi-
fier attached to a model can provide efficient safe-
guards (Xuan et al., 2025). These directions share
an important thesis: the serving LLLM already con-
tains information useful for moderation, and the
core opportunity is to exploit it with minimal addi-
tional parameters and latency.

These approaches reduce orchestration cost by
reusing the serving LLM for moderation, either by
reading signals from its output distribution (e.g.,
logit-based readouts) or by applying lightweight
decision rules to a fixed latent representation. How-
ever, a transformer does not produce a single rep-
resentation: it computes a depth-indexed sequence
of hidden states that are transformed across lay-
ers. Classical "BERTology” work argues that trans-
former layers behave like a pipeline, with differ-
ent depths encoding different abstractions (Tenney
et al., 2019; Jawahar et al., 2019; de Vries et al.,
2020; Rogers et al., 2020). This suggests that there
may exist an intermediate depth where multiple
tasks share a useful common ancestor” representa-
tion, and that effective reuse should discover where
the signal is most separable rather than commit to
a fixed layer or token a priori.

This shifts the question from whether we can
reuse the serving model’s computation to where in
the computation we should read out: which tokens
and which layers provide the most discriminative
features for a given classification objective? Moti-
vated by this view, we treat moderation and NLU
classification as representation-selection problems
over the full L xI"x d hidden-state tensor, and learn
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lightweight aggregators that select and combine
information across both tokens and layers while
keeping the serving LLLM frozen.

We operationalize this idea with layer-selective
probes trained on the hidden states produced dur-
ing the serving LLM’s forward pass. We train a
lightweight classifier that aggregates information
across all tokens and all layers. Concretely, we
propose a two-stage aggregation architecture: (i)
token-level aggregation within each layer to pro-
duce a layer summary vector, followed by (ii) layer-
level aggregation to produce a single representation
that is fed to a linear classification head. We in-
stantiate this template with three expressive mecha-
nisms: direct pooling, a scoring attention gate that
learns importance weights with very few parame-
ters, and a multi-head self-attention variant with
aggressive dimension downcasting to control cost.

We evaluate our probes on safety moderation
and sentiment classification using Llama-3.2-3B-
Instruct as the primary serving backbone, and vali-
date generalization on two additional architectures
(GPT-OSS-20B and Qwen3-30B-A3B), spanning
dense and mixture-of-experts designs. Across Toxi-
cChat and WildGuardMix, our probes match or sur-
pass strong guard baselines while requiring orders
of magnitude fewer trainable parameters, and they
remain competitive on IMDB, SST-2 and Emotion.
The method ranking (pooling < scoring attention <
MHA) is consistent across all three backbones. Be-
yond accuracy, we show that reusing hidden states
yields a simple deployment path: classification can
be performed alongside generation with a single
model call, avoiding the latency and overhead of a
separate guard model.

2 Related Work

Orchestration and Guard Models. Production
LLM systems typically complement the serving
model with auxiliary classifiers for content mod-
eration, policy compliance, and safety (Inan et al.,
2023; Han et al., 2024; Ghosh et al., 2024). These
guard models improve safety but add latency, mem-
ory, and deployment complexity. An alternative
is safety aligning the main model, but overdoing
it risks degrading the model’s overall capabilities,
an effect sometimes referred to as the alignment
tax (Huang et al., 2025). Our approach provides
additional safety without training big models or de-
ploying complex pipelines, requiring only 35M ad-
ditional trainable parameters versus several billion

for a separate guard model, while reusing the for-
ward pass already performed by the serving LLM.

Reusing Computation for Classification. Recent
work extracts classification signals from the LLM.
MULI (Hu et al., 2024) trains a sparse classifier on
first-token logits; LPM (Chrabaszcz et al., 2025)
applies distance-based rules to a fixed latent repre-
sentation. For safety probing, ShieldHead (Xuan
et al., 2025) attaches a head to final-layer hidden
states, OmniGuard (Verma et al., 2025) probes a
single layer, and Zhou et al. (2024) analyze how
safety signals emerge across depth. These meth-
ods reduce orchestration cost but commit to a fixed
layer or token, underutilizing signals distributed
across the model. In contrast, we introduce an ap-
proach to search for signals across layer and token
hidden states.

Layer Selection and Multi-Layer Aggregation.
Interpretability work shows that transformer layers
encode different abstractions: lower layers cap-
ture syntactic patterns while higher layers encode
semantics (Tenney et al., 2019; Jawahar et al.,
2019). Subsequent analyses suggest that task-
relevant information is distributed across depth and
that combining layers outperforms single-layer se-
lection (de Vries et al., 2020; Rogers et al., 2020).
This premise has also been validated outside of clas-
sification: in speculative decoding, EAGLE-3 (Li
et al., 2025) shows that fusing features from mul-
tiple transformer depths substantially outperforms
top-layer-only representations for draft-token pre-
diction. These findings motivate our design choice:
rather than commit to a fixed readout position, we
learn aggregators that discover which layers and
tokens are most informative for a given task. We
propose a principled, data-driven way to select and
combine representations for a classifier by learn-
ing lightweight aggregators over tokens and layers,
rather than committing to a fixed depth or pooling
strategy.

In practice, we depart from prior probing work
by learning a joint tokenxlayer readout over the
full hidden-state tensor, rather than fixing either a
single layer (e.g., final/selected) or a single posi-
tion (e.g., first token). This yields probes that can
be attached to a frozen serving LLM and run in
the same forward pass, achieving strong accuracy
with orders of magnitude fewer trainable and in-
ference parameters than standalone classifiers or
guard-model pipelines.

42227



Layer 0

000
000
0000

00

Can you tell me
how to make a
bomb?

00

)

©)

o] J
00000

®
o
|| @
o
©

00000

=l

|
!

Aggregation

Aggregation

; Aggregation ;/

Linear Projection

200

00000
00000
00000

[olelolel ]
00000

i

@0

HARMFUL
CONTENT

[evess]
00800

5
=
7
a
=
=
5
3
IS
5

............

Figure 1: Overview of the two-stage probing architecture, illustrated with the scoring attention gate. Stage 1
summarizes tokens within each layer; Stage 2 aggregates across layers to produce a single classification vector.

3 Probe Architecture

Formally, given a frozen decoder-only LLM with
L layers and an input prompt x tokenized into T'
tokens, the model produces hidden states h() ¢
RT*4 at each layer [ € {0, ..., L}, where d is the
hidden dimension (with /=0 denoting the embed-
ding output). Our goal is to learn a lightweight clas-
sifier Cp that predicts a label y (e.g., safe/unsafe,
positive/negative) from these representations, i.e.,
y = Cy({h(®}f ). The LLM remains frozen and
we train only 6, enabling retrofitting to deployed
models while reusing the serving forward pass. The
main challenge is to aggregate information across
both tokens (7") and layers (L) to extract discrimi-
native features for classification.

3.1 Two-Stage Aggregation Architecture

Our architecture addresses this dimensionality chal-
lenge with a two-stage aggregation scheme. The
LLM produces a three-dimensional hidden-state
tensor of shape L x T x d (layers x tokens X
hidden dimension). To avoid feeding this tensor
directly to a lightweight classifier, we first aggre-
gate across tokens within each layer to obtain L + 1
fixed-size layer summaries, then aggregate across
layers to produce a single d-dimensional vector that
is consumed by a standard classification head.

Overview. Figure 1 summarizes our pipeline.
Given hidden states {h(}% | we (Stage 1) ag-
gregate tokens within each layer to obtain layer
summaries v(!) € R?, (Stage 2) aggregate across
layers to produce a single vector v € R¢, and then
apply a linear head to obtain class logits. We use

the same aggregation mechanism for both stages
(Section 3.2).

Stage 1: Token-level aggregation. For each

layer [, we reduce h() ¢ RT*? to a layer sum-
o .

mary using A .

v — A(l)

token

(h(l))’ vlD e Rd,

yielding {v(0}L .

Stage 2: Layer-level aggregation. We then ag-
gregate across depth with Ajayer:
v = Ayer({vIV}Ey),  veR?

This module learns task-specific layer weighting
from data, avoiding manual layer selection.

Classification head. Finally, logits are produced
by a linear head,

logits = Wy v + by, Wou € RCXd7

trained with cross-entropy. At inference time, the
probe emits a label from the same forward pass
that initiates generation. If the input is classified as
unsafe, the orchestration layer can halt generation
before any tokens are streamed and either return a
templated refusal or re-prompt the serving LLM to
produce a contextual rejection, with no additional
model invocation.

3.2 Aggregation Mechanisms

The core design choice is the aggregation opera-
tor that compresses representations across tokens
(Stage 1) and across layers (Stage 2). This oper-
ator must balance expressiveness with overhead:
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it should extract task-relevant signal while adding
minimal parameters and inference cost.

We study three mechanisms spanning a simple—
to—expressive spectrum, from fixed pooling to
learned attention. Here, we use the same mech-
anism for Stage 1 and Stage 2 to keep the architec-
ture uniform and to enable controlled comparisons.

Let X € RYV*4 denote the input to an aggre-
gation block, where N € {71, L + 1} depends on
the stage. The block outputs a fixed-size vector
v € R? summarizing the most informative content
in X.

Direct pooling. The simplest aggregation strat-
egy. It applies a fixed pooling operator over valid
(non-padding) positions. Max pooling selects the
largest activation per dimension,
0 X[i. i
v[j] = max X[, jl,

while mean pooling averages activations,

) 1 .
Vil = > X[i, 4,

%
where ) denotes valid positions.

Scoring attention gate. To add learnable weight-
ing with minimal parameters, this approach learns
to assign scalar importance scores to each input
(token or layer) using a single linear projection,

s; = tanh(w ' X[i,:]), ie{l,...,N},

mask padding by setting s; = —o0, and normalize
with softmax:

N
a = softmax(s), v = Z a; X[i, :].
i=1

For token-level aggregation, we use one gate per
layer (L + 1 total); for layer-level aggregation,
we use a single shared gate. Parameter count:
(L+2)d trainable parameters.

Multi-head self-attention. We use multi-head
self-attention (Vaswani et al., 2017) as a more
expressive alternative. We implement attention
with PyTorch scaled_dot_product_attention,
which can leverage FlashAttention when avail-
able (Dao, 2023). To control cost, we downcast
QKYV projections from d to diper < d (e.g., d/16
or d/32), split into H heads with dheag = dinner/ H.
For each head h, we compute

Attng, (Qp, Kp, Vi) = softmax (QhK;> V5,
’ ’ Y dhead 7

concatenate heads, project back to d dimensions,
which we then pool (mean or max) over the se-
quence dimension to obtain v € R?.

As with the scoring gate, we use L+2 MHA
modules (one per layer for Stage 1, one for Stage 2),
for a total of (L+2) - 4d dipner parameters.

4 Experiments and Results

4.1 Experimental Setup

Model.  Our primary serving backbone is
Llama-3.2-3B-Instruct (Grattafioriet al., 2024),
used across all benchmarks.! To validate gener-
alization beyond a single model family, we ad-
ditionally evaluate on two mixture-of-experts ar-
chitectures on ToxicChat: GPT-0SS-20B (20B
total / 3.6B active) (OpenAl et al., 2025)
and Qwen3-30B-A3B (30B total / 3B active)
(Yang et al., 2025). Together, these three backbones
span dense and sparse-routing designs across a 10 x
total parameter range. Notably, even the compact
Llama-3 3B dense backbone already exposes hid-
den representations that support strong modera-
tion and NLU probes. Since our probes read out
from the serving model’s internal representations
without modifying the backbone, stronger back-
bones offer a natural path to improved probe accu-
racy at essentially unchanged relative probe over-
head; established scaling laws support this expec-
tation (Kaplan et al., 2020; Hoffmann et al., 2022).
Our multi-backbone results (Table 1) confirm that
the approach generalizes across architectures: the
method ranking and competitive performance hold
across all three models despite fundamentally dif-
ferent routing mechanisms.

Datasets. We evaluate on five public benchmarks
spanning two settings: safety moderation and senti-
ment classification.

ToxicChat. ToxicChat (Lin et al., 2023) contains
10,166 human—LLM prompts (Zheng et al., 2023)
labeled for toxicity, including explicit toxic content
and jailbreak-style prompts. We use the authors’
train/test split and restrict the test set to human-
annotated samples.

WildGuardMix. WildGuardMix (Han et al., 2024)
is a large safety benchmark (~ 89K examples) mix-
ing multiple sources and synthetic data across di-
verse harm categories (e.g., violence, hate, self-
harm, sexual content, privacy), with both direct

!Code available at https://github.com/gmeyoyan/
LLM-Probing-Classifiers
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Method F1(%) AUPRC Added Params (M) Extra LM call
Standalone classifiers (extra model call)
ToxicChat-T5-large’ 82.2 0.885 780 v
Reuse baselines (same serving pass)
MULI (logits)' 77.8 0.829 0.13 -
Ours (same serving pass)
Llama-3.2-3B backbone
Direct pooling 73.53 +£0.68 0.812 4+ 0.005 0.003 -
Scoring attention 80.49 £ 1.17 0.854 + 0.008 0.10 -
Multi-head self-attn ~ 84.51 +0.43  0.898 + 0.005 35 -
GPT-OSS-20B backbone
Direct pooling 77.36 £ 0.87  0.833 £ 0.008 0.003 -
Scoring attention 79.23 £ 0.58  0.854 £ 0.005 0.08 -
Multi-head self-attn ~ 86.17 + 0.51  0.915 + 0.004 27 -
QOwen3-30B-A3B backbone
Direct pooling 73.24 £0.52  0.827 4+ 0.005 0.002 -
Scoring attention 80.94 £0.62 0.883 £ 0.006 0.10 -
Multi-head self-attn ~ 83.76 0.9  0.905 + 0.005 26 -

Table 1: ToxicChat (in-distribution). All Reuse methods (MULI and ours) attach a probe to a frozen LLM
backbone and reuse the same forward pass; we therefore report added parameters beyond the backbone.
Standalone baselines require an additional model invocation. {From (Lin et al., 2023).

requests and adversarial jailbreaks. We use the
standard train/test split.

IMDB / SST-2 / Emotion. IMDB (Maas et al.,
2011) is binary sentiment over movie reviews; fol-
lowing Palma et al. (2025), we use their 12,500-
example subset (6,250/6,250). SST-2 (Socher et al.,
2013) is binary sentiment over short snippets; fol-
lowing Palma et al. (2025), we use their 7,000-
example subset. Emotion (Saravia et al., 2018)
is a multi-class emotion classification benchmark;
following Palma et al. (2025), we use their 8,000-
example subset.

Metrics. We report F1 for ToxicChat and Wild-
GuardMix, and accuracy for IMDB, SST-2, and
Emotion; for ToxicChat we additionally report
AUPRC when available.

4.2 Hyperparameter Search

A practical benefit of our probes is their small train-
able footprint, which makes extensive hyperparam-
eter exploration feasible. We explored approxi-
mately 100 configurations per dataset on the vali-
dation set, a scale of experimentation that would be
prohibitive when fine-tuning multi-billion parame-
ter guard models. This allows us to select optimal
configurations and analyze how sensitive results
are to different hyperparameter values. We present
such analysis in Appendix A.

To reduce peak GPU memory during training,
we optionally precompute and cache hidden states
from the frozen LLM before training the probe.

This decouples backbone inference from classifier
training, allowing larger batch sizes under VRAM
constraints. At inference time, the pipeline is un-
changed: a single forward pass of the serving LLM
with the probe attached.

For each dataset and aggregation mechanism, we
search standard training hyperparameters (learn-
ing rate, batch size, weight decay) as well as
mechanism-specific choices. For MHA, we vary
the number of heads and the downcasting factor;
for pooling and MHA, we also vary the pooling
operator (mean vs. max). Full ranges and selected
settings are reported in Appendix A.

4.3 Safety Classification Results

We evaluate whether safety signals in a frozen serv-
ing LLM can be read out with lightweight probes
that run in the same forward pass as generation. To
make the deployment trade-off explicit, we group
baselines by whether they require an extra LM call
at inference (standalone guard models / APIs) ver-
sus reuse methods that attach a small head to the
serving model (MULI and ours). For all reuse
methods, we report added parameters beyond those
from the frozen backbone.

ToxicChat: in-distribution (Table 1). When
trained on the ToxicChat training set and evalu-
ated on the held-out test set (restricted to human-
annotated samples), learned token—layer aggrega-
tion improves over fixed readouts. Direct pooling
reaches 73.53 F1, while the scoring-attention gate
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Method F1(%) AUPRC Added Params (M) Extra LM call
Standalone guard models / APIs (extra model call)

OpenAl Moderation' 61.4 0.631 — v
Llama Guard®?$ 61.6 0.626 7,000 v
Llama-Guard2* 47.1 — 8,000 v
Aegis-Guard-D* 70.0 — 8,000 v
GPT-4* 68.3 — 1,700,000 v
WildGuard? 70.8 — 7,000 v
Reuse baselines (same serving pass)

ShieldHead (Llama3.1-8B)!l 64.3 — 91 -
ShieldHead (Gemma2-27B)! 677 — 306 -
Qurs (same serving pass; trained on WildGuardMix)

Direct pooling 53.33 0.565 0.003 -
Scoring attention 64.81 0.706 0.10 -
Multi-head self-attn 72.88 0.798 35 -

Table 2: ToxicChat (out-of-distribution). Guard models / APIs require an additional model invocation. Our
probes attach to a frozen Llama-3.2-3B serving model and reuse the same forward pass; we therefore report added

parameters beyond the 3B backbone. {From (Lin et al.,
et al., 2023). ||From (Xuan et al., 2025).

2023). tFrom (Han et al., 2024). §AUPRC from (Inan

Method F1(%) Added Params (M) Extra LM call
Standalone guard models / APIs (extra model call)

OpenAl Mod API 12.1 — v
Llama-Guard2 704 8,000 v
Llama3.1-AegisGuard 82.1 8,000 N
WildGuard 88.9 7,000 v
Reuse baselines (same serving pass)

MULI (logits, Llama-3.2-3B) 83.79 0.13 -
Ours (same serving pass)

Direct pooling 82.84 £ 0.06 0.003 -
Scoring attention 85.98 £ 0.61 0.10 -
Multi-head self-attn 88.55 + 0.30 35 -

Table 3: WildGuardMix. Reuse methods attach a probe to a serving Llama-3.2-3B model and reuse the forward
pass; we report added parameters beyond the backbone. Standalone baselines require an additional model

invocation.

improves to 80.49 F1 with 0.10M added parame-
ters. The multi-head self-attention (MHA) probe
achieves 84.51 F1 and 0.898 AUPRC, improving
over the logit-reuse baseline MULI (77.8 F1/0.829
AUPRC) and the standalone ToxicChat-T5 classi-
fier (82.2 F1 / 0.885 AUPRC), while avoiding an
extra model invocation. These gains are obtained
with aggressive attention downcasting, suggesting
that the improvement is driven primarily by where
we read out (across tokens and layers) rather than
by large additional capacity.

Cross-backbone consistency (Table 1). To test
whether these findings depend on a specific model
family, we repeat the ToxicChat evaluation on two
mixture-of-experts backbones: GPT-OSS-20B and
Qwen3-30B-A3B. The method ranking (pooling
< scoring-attention < MHA) is preserved across
all three architectures. All MHA probes match

or exceed the standalone ToxicChat-T5-large base-
line (82.2 F1) without an extra model call, with
GPT-OSS-20B achieving the highest F1 (86.17)
and AUPRC (0.915). These results suggest that
the layer-distributed safety signal is neither an ar-
tifact of the Llama architecture nor of dense trans-
former structure, as MoE models (which route
tokens through sparse expert subsets) exhibit the
same pattern.

ToxicChat: cross-dataset generalization (Ta-
ble 2). To test robustness under distribution shift,
we train on WildGuardMix and evaluate on Toxi-
cChat. Pooling drops to 53.33 F1, indicating that
learned selection is important for transfer. The
scoring-attention gate reaches 64.81 F1 / 0.706
AUPRC with 0.10M parameters, and MHA reaches
72.88 F1/0.798 AUPRC. In this setting, our probes
outperform several guard-model and API baselines
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Method IMDB SST-2 Emotion Added Params (M) Extra LM call
Standalone classifiers / truncation baselines (extra model call)

DeBERTa V3 Large 95.34 90.38 87.65 418 v
RoBERTa Large 94.30 95.99 84.16 355 v
SentriLlama 3.2 (3B) Instruct 95.79 95.94 82.20 0.003-1.2 v
Reuse baselines (same serving pass)

MULI (logits, Llama-3.2-3B) 86.50 93.19 64.05 0.13-0.77 -
Prompting (extra model call)

Llama 3.2 (3B) Zero-shot 77.59 83.97 44.55 0 v
Llama 3.2 (3B) Few-shot 76.06 85.28 33.40 0 v
Llama 3.2 (3B) Chain-of-Thought 91.54 93.06 56.05 0 v
Qurs (same serving pass)

Direct pooling 94.07 £0.04 9229+ 0.18 69.18 = 0.64 0.003-0.018 -
Scoring attention 95.05£0.11 9442 +0.64 84.58 £0.67 0.10-0.11 -
Multi-head self-attn 95.15+£0.06 9539+032 87.68 &+ 1.09 35-35.5 -

Table 4: Sentiment and emotion classification on IMDB, SST-2, and Emotion. For Reuse methods (MULI and ours),
we report added parameters beyond a frozen Llama-3.2-3B serving model and no extra model call at inference.
Baseline and prompting results from Palma et al. (2025). {Sentril.lama truncates the backbone at a selected layer
and trains a classifier head; the reported trainable range varies by classifier and number of classes.

reported in Table 2 while requiring no additional
model call at inference. Because these baselines
vary in architecture and training data, we treat
such cross-dataset comparisons as indicative of the
compute—accuracy trade-off rather than controlled
head-to-head matches. The key result is that probes
trained on a broad safety mixture transfer to Toxic-
Chat without deploying a separate guard LLM.
WildGuardMix (Table 3). On the larger and more
heterogeneous WildGuardMix benchmark, simple
reuse is strong: direct pooling achieves 82.84 F1,
and learned aggregation provides consistent gains.
The scoring-attention gate reaches 85.98 F1 with
0.10M added parameters, and MHA achieves 88.55
F1, approaching the strongest standalone guard
baseline in the table (WildGuard at 88.9 F1) while
training only 35M parameters and still running
in the same serving pass. Compared to MULI
(83.79 F1), which reads out from first-token logits,
both learned aggregation variants perform better,
supporting the hypothesis that safety cues are dis-
tributed across layers and token positions and are
better captured by joint token—layer selection.
Takeaway. Across both safety datasets, method
ranking is consistent (pooling < scoring-attention
< MHA), and multi-backbone experiments on Tox-
icChat confirm this ordering generalizes across
dense and MoE architectures. Overall, the ben-
efit is not only reuse of the serving computation,
but learning where in the L x T'x d tensor the safety
signal is most separable, reducing the latency and
VRAM overhead associated with a second LLM in
the orchestration pipeline.

4.4 Sentiment Analysis Results

Table 4 reports accuracy on IMDB, SST-2,
and Emotion. Overall, we find that a frozen
Llama-3.2-3B-Instruct already encodes strong
sentiment/emotion cues in its hidden-state tensor,
and that a lightweight readout trained on these rep-
resentations substantially outperforms prompting
while avoiding an extra model invocation.

Reuse vs. prompting. Prompting the same back-
bone is markedly weaker: zero-shot and few-shot
prompting perform poorly on all three datasets, and
even chain-of-thought remains far below trained
probes. In contrast, our reuse probes deliver high
accuracy with a single serving pass, showing that
supervised readouts can reliably extract sentiment
information from the internal representations with-
out changing the backbone.

Effect of learned token-layer aggregation.
Within our probe family, learned aggregation con-
sistently wins over pooling. Direct pooling is al-
ready strong on IMDB and SST-2 but underper-
forms significantly on Emotion (69.18), suggest-
ing that simple summaries may miss task-relevant
structure. The scoring-attention gate provides a
large jump with minimal additional capacity, us-
ing only 0.10-0.11M added parameters, indicat-
ing that learning where to read across tokens and
layers captures much of the signal. The more ex-
pressive MHA probe yields the best overall reuse
performance, and is particularly beneficial for the
multi-class Emotion task.

Comparison to standalone classifiers and logit

42232



Toxic Toxic Non-Toxic Non-Toxic
Correct Incorrect Correct Incorrect
(n=284) (n=78) (n=2445) (n=46)

=

_90415

=

o 0.10

S

8

=]

go.os

<

0.00
0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28

Layer Layer Layer Layer

Figure 2: Attention weights from the scoring-attention probe on ToxicChat, stratified by label and correctness. The
dashed line marks uniform 1/(L + 1) (= 0.034). Toxic prompts attend to later layers (L17-L28), while non-toxic
prompts concentrate on layers LO and L27-1.28. Misclassifications resemble the predicted-class profile.

reuse. Against standalone classifiers (DeBERTa,
RoBERTa), our MHA probe is competitive on
IMDB and SST-2 and achieves the best result on
Emotion. Compared to the logit-reuse baseline
MULLI, which reads out from first-token logits, our
probes are stronger, especially on Emotion (87.68
vs. 64.05), suggesting that hidden states and token—
layer aggregation provide a richer signal than logits
alone.

Relation to SentrilLlama. Sentrillama reports
strong results by truncating the backbone at a se-
lected layer and training a classifier head. In con-
trast, our probes operate on an intact frozen serving
model and can run alongside generation, which is
the common requirement in orchestration settings.
Despite this constraint, our scoring-attention and
MHA probes remain competitive across datasets
while keeping inference to a single serving pass.
Takeaway. For recurring sentiment and emo-
tion classification inside an LLM orchestration,
reuse probes offer a favorable trade-off: large
gains over prompting, improvements over logit-
only reuse, and accuracy competitive with task-
specific classifiers while preserving a single-pass
serving pipeline.

5 Layer Attention Analysis

A central motivation of our approach is that task-
relevant information is distributed across depth, and
that committing to a fixed readout position may
underutilize available signal. To probe this, we vi-
sualize the layer-aggregation weights produced by
the scoring-attention gate on ToxicChat, stratified
by label and prediction correctness (Figure 2).

No single layer dominates across all groups.
For classified toxic prompts, attention is spread
over later layers (L.17-L28), with layers receiving

weight above the uniform baseline. This pattern
is consistent with features emerging progressively
through depth, suggesting that restricting the read-
out to a single layer can discard evidence from
nearby layers. In contrast, correctly classified non-
toxic prompts place most mass on the final layers
(L27-L28), with a smaller contribution from the
embedding layer (LO).

These class-conditional patterns can be inter-
preted as the probe emphasizing different depths
where representations are most separable for each
content type. Toxic prompts tend to elicit infor-
mative intermediate-to-late representations starting
around L17, whereas non-toxic prompts rely more
heavily on the final layers.

Regarding misclassifications, toxic prompts pre-
dicted as non-toxic concentrate attention on L28,
resembling the correctly classified non-toxic pro-
file; conversely, misclassified non-toxic prompts
exhibit the more distributed pattern typical of toxic
predictions. Thus, errors are associated with layer-
weight profiles that align more with the predicted
class than with the ground-truth label, which may
reflect atypical representations, label noise, or gen-
uinely ambiguous cases.

These findings align with classical BERTology
work showing that transformer layers encode dif-
ferent abstractions (de Vries et al., 2020; Jawahar
et al., 2019), and extend it to decoder-only LL.Ms:
safety-relevant features are not localized to a sin-
gle depth but distributed across the network, mo-
tivating learned aggregation over fixed readouts.
Similar layer-wise attention patterns emerge for
sentiment classification (Figure 4 in Appendix C).
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Approach Throughput Avg. Latency Peak GPU

(samples/s)  (ms/sample) (MB)
Base (3B) 37.84 26.43 6497.63
+ Pooling probe 33.72 29.66 6497.63
+ Scoring probe 32.36 30.90 6749.00
+ MHA probe 24.83 40.27 6968.92
+ ToxicChat-T5 (780M) 11.32 88.33 7992
+ WildGuard (7B) 9.97 100.32 21084
+ Llama Guard 3 (8B) 8.12 123.21 22769

Table 5: Latency benchmark on ToxicChat test

prompts using Llama-3.2-3B-Instruct as the serving
model (2000 samples, max length 512, batch size 1,
max_new_tokens=1). Probe rows reuse the serving for-
ward pass. Guard-model rows (ToxicChat-T5, Wild-
Guard, Llama Guard 3) run a separate model followed
by the serving LLM, covering the architectural families
behind the majority of open-source guard models pre-
sented in our previous safety benchmarks.

6 Inference Efficiency Analysis

We quantify the systems overhead of our probes
relative to a standard production pattern that runs a
separate guard model before invoking the serving
LLM. We report end-to-end latency, throughput,
and peak GPU memory, since these directly deter-
mine serving cost and tail-latency budgets.
Deployment scenarios. Our baseline is a
guard-then-serve pipeline in which a separate
guard model screens prompts before the serv-
ing Llama-3.2-3B-Instruct is invoked. We
benchmark three representative guard models:
ToxicChat-T5 (780M), WildGuard (7B, Mistral
fine-tune), and Llama Guard 3 (8B) (Grattafiori
et al., 2024). In contrast, our probes are attached
to the serving model and compute the label from
hidden states produced during the same forward
pass, eliminating an extra model invocation.
Results. Table 5 shows a clear separation between
single-pass reuse and guard-then-serve pipelines.
Even against the smallest standalone baseline
(ToxicChat-T5, 780M), the MHA probe is over
2x faster and uses 1 GB less peak memory. Rel-
ative to the serving-only baseline, pooling adds
minimal overhead and the scoring-attention gate
remains close. The MHA probe is slower, reflect-
ing the additional attention computation, but still
substantially faster than any guard-then-serve con-
figuration. Throughput follows the same trend.
Peak memory is dominated by whether a second
model is loaded. All probe variants remain near
the serving footprint (6.5-7.0 GB), whereas guard-
then-serve pipelines range from 8.0 GB (ToxicChat-
T5) to 22.8 GB (Llama Guard 3) depending on
guard model size. Overall, these measurements

show that (i) reuse-based classification preserves
a single-model serving profile, and (ii) within our
probe family, pooling and scoring-attention offer
the best latency—accuracy trade-off, while MHA
provides higher accuracy at a moderate but still
single-pass overhead.

7 Conclusions and Future Work

We showed that lightweight probes trained on a
frozen serving LLM’s hidden states can support
moderation and sentiment/emotion classification
without deploying a separate classifier model. By
casting classification as representation selection
over the full L x T" x d hidden-state tensor and
using a two-stage token—layer aggregation, our ap-
proach avoids committing to a single layer or token
while remaining parameter-efficient. Across Toxic-
Chat and WildGuardMix, our probes approach or
match strong guard-model baselines with far fewer
trainable parameters, and they are competitive on
IMDB, SST-2, and Emotion. Multi-backbone ex-
periments on dense and mixture-of-experts archi-
tectures confirm that the method ranking and com-
petitive performance are not specific to a single
model family. System-wise, reuse enables a single-
pass pipeline that reduces latency, VRAM, and or-
chestration complexity relative to guard-then-serve
deployments. Key next steps include extending
multi-backbone evaluation to additional tasks, test-
ing with larger active parameter counts, and explor-
ing fine-grained safety taxonomies.

Limitations

Generalization Across Models and Architec-
tures. We validated cross-architecture robust-
ness on ToxicChat using three backbone families
(Llama-3.2-3B, GPT-OSS-20B, Qwen3-30B-A3B),
but sentiment and emotion benchmarks were eval-
uated only on Llama-3.2-3B-Instruct. Moreover,
all three backbones share approximately 3B active
parameters, so the effect of substantially larger ac-
tive capacity on probe accuracy remains untested.
Different architectures may encode task-relevant
information differently across layers, potentially
requiring architecture-specific tuning of our aggre-
gation mechanisms.

Sequence Length Constraints. Our experimen-
tal setup was limited by VRAM constraints when
processing longer sequences with larger batch
sizes. Longer input sequences (e.g., full documents,
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multi-turn conversations) may present memory
challenges that require optimization techniques.

Training Data Requirements. Our smallest
dataset (SST-2) contained 7,000 examples. The
minimum dataset size required to effectively train
these probes remains unclear, particularly for the
more parameter-intensive multi-head attention vari-
ants. Tasks with limited labeled data may require
investigation of few-shot or transfer learning ap-
proaches.

Response Generation Limitation. Unlike safety
fine-tuning or guard models that can generate ex-
planatory rejections (e.g., “I cannot help with that
request because...”), our classification approach can
only detect harmful content and interrupt genera-
tion. However, because our probes complement
rather than replace the serving LLM, the orchestra-
tion layer can trigger a refusal response from the
same model once unsafe content is detected; the
serving model’s generation capability is available
by design. We did not evaluate such conditional re-
prompting strategies, and integrating probe-based
detection with contextual refusal generation is a
natural direction for future work.

Robustness and Failure Scenarios. Our OOD
results (Table 2) show that distribution shift de-
grades probe performance. Because probes are
lightweight classifiers over learned feature patterns,
they may fail silently on novel harm categories,
evolving jailbreak strategies, or input distributions
not represented in training data. Unlike full guard
LLMs, which can reason over text and generalize
more broadly, probes cannot adapt without retrain-
ing. In safety-critical deployments with rapidly
evolving threat landscapes, or in domains requiring
coverage of harm categories beyond the training
distribution, a dedicated guard model may remain
necessary despite its higher computational cost.

Ethical Considerations

Misuse potential. Understanding where safety
signals are encoded in LLM hidden states could
inform adversarial attacks designed to evade de-
tection. However, similar information is available
in prior interpretability work, and we believe the
benefits of efficient moderation outweigh this risk.

Bias and disparate impact. Because probes read
out from a frozen backbone, they inherit biases and
representation gaps from the underlying LLM and

training data. This can lead to disparate error rates
across demographic groups.

Privacy and data handling. Our experiments
optionally cache hidden states to reduce training-
time GPU memory. Hidden representations may
encode sensitive information present in prompts.
Cached activations should therefore be treated as
sensitive data, with appropriate access controls and
limited retention.
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Hyperparameter Search Range

Learning rate [107°,1079)

Batch size {8,16,32,64}

Max epochs 10 (with early stopping)
Optimizer AdamW (31=0.9, 82=0.999)
Weight decay [0, 0.05]

LR scheduler Cosine annealing

{mean, max}
{4,8,16}1
{4,8,16,32, 64}

Pooling method
Attention heads
Downcast factor

Table 6: Hyperparameter search ranges for the pri-
mary backbone (Llama-3.2-3B, d=3072). tAdjusted
per backbone for divisibility: {1,3,9,15} for GPT-
0OSS-20B (d=2880), {1, 2,4, 8} for Qwen3-30B-A3B
(d=2048). {Fixed to 32 for GPT-OSS-20B and Qwen3-
30B-A3B.

A Hyperparameter Configuration and
Sensitivity

We conducted hyperparameter search for each
dataset and aggregation mechanism. A key ad-
vantage of our lightweight probes is that this scale
of experimentation (approximately 100 configura-
tions per dataset) would be prohibitive when fine-
tuning multi-billion parameter guard models. Be-
yond finding optimal configurations, this enables
systematic sensitivity analysis: characterizing how
performance varies across the design space.

All  search was performed wusing a
train/validation split, with the test set held
out for final evaluation. We employed early
stopping based on validation F1 score for safety
datasets and validation accuracy for sentiment

datasets.

A.1 Search Ranges

Table 6 summarizes the hyperparameter ranges ex-
plored across all experiments.

A.2 Experimental Setup

All probe training was conducted on a single
NVIDIA RTX 3090 GPU (24GB VRAM) with
96GB system RAM. For the additional backbones
(GPT-OSS-20B and Qwen3-30B-A3B), hidden
states were pre-extracted on an NVIDIA A100
80GB GPU and transferred for local probe training.
To reduce peak GPU memory during training, we
pre-extracted and cached hidden states from the
frozen LLLM before training probe classifiers, al-
lowing larger batch sizes under VRAM constraints.

A.3 Sensitivity Analysis

Figure 3 shows PR-AUC sensitivity to hyperparam-
eter choices on ToxicChat, revealing that learning
rate is the dominant factor for Pooling and Scoring
Attention, while Self-Attention is comparatively
robust across settings.
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Figure 3: Sensitivity of PR-AUC to hyperparameter choices on ToxicChat across ~100 configurations. Each row
corresponds to an aggregation method; horizontal lines denote medians. Self-Attention sustains high PR-AUC
(~0.75-0.90) with low variance across settings. Pooling and Scoring Attention are highly sensitive to learning rate,

spanning ~0.2-0.9.

Dataset Downcast Accuracy (%) F1 (%) ROC AUC PR AUC Params (M)
4 96.06 + 0.33 84.13+0.86 0.983 +0.002 0.906 + 0.008 283
8 95.89 £ 0.09 8293 +1.40 0.981+£0.002 0.902+0.012 142

ToxicChat 16 95.57 £0.20 83.02+0.39 0.981+£0.001 0.889 +0.004 71
32 96.13 +0.19 84.51+£0.43 0981 £0.001 0.898 +0.006 35
64 9591 £0.12 82.80 £ 1.36  0.981 £0.001 0.904 + 0.002 18
4 89.88 +5.74 90.95+4.57 0.990+£0.001 0.988 £ 0.003 283
8 95.44 +0.22 95.52+0.20 0.992 +0.001 0.992 +0.001 142

SST-2 16 91.95 +1.47 92.51+£1.24  0.992 +0.000 0.992 + 0.000 71
32 95.39 £ 0.32 95.31+£0.33  0.992 +0.001 0.992 +0.001 35
64 93.70 £2.39 94.01 £2.04 0.991 £0.000 0.991 £ 0.000 18

Table 7: Effect of attention downcasting on ToxicChat and SST-2 performance. Results show mean =+ std across 3
runs. Lower downcasting factors (larger dinner) increase parameter count. Downcast 32 is optimal for ToxicChat,
while downcast 8 achieves best results on SST-2.

B Ablation Study on Attention
Downcasting

All experiments use the same hyperparameters
configuration from our main results, with only the

. ) ) downcast parameter being altered.
We evaluate the effect of dimension downcasting

on the multi-head self-attention aggregation mech-
anism using the ToxicChat and SST?2 datasets. The
results are shown in Table 7. The downcasting
factor determines the inner dimension dipper =
d /factor for the QKV projections, where d is the
hidden dimension (d = 3,072 for Llama-3.2-3B).
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Figure 4: Layer-wise post-softmax attention weights on SST-2, stratified by ground-truth label (Positive vs. Negative)
and prediction correctness. Similar to toxicity detection (Figure 2), correctly classified samples exhibit distinct
class-conditional attention patterns: positive sentiment concentrates on later intermediate layers (L.17-L28), while
negative sentiment shows concentrated attention weights on the embedding and final layers (L0, L28).

C Layer Attention on SST-2

Figure 4 shows layer-wise attention patterns for
sentiment classification on SST-2, paralleling our
toxicity analysis. The task-specific attention distri-
butions further validate that different features re-
lated to sentiment classification emerge at different
layer depths, supporting our learned aggregation
approach over single layer selection.
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