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ABSTRACT

We study whether Large Language Models (LLMs) inherently capture domain-
specific nuances in natural language. Our experiments probe the domain sensi-
tivity of LLMs by examining their ability to distinguish queries from different
domains using hidden states generated during the prefill phase. We reveal latent
domain-related trajectories that indicate the model’s internal recognition of query
domains. We also study the robustness of these domain representations to varia-
tions in prompt styles and sources. Our approach leverages these representations
for model selection, mapping the LLM that best matches the domain trace of the
input query (i.e., the model with the highest performance on similar traces). Our
findings show that LLMs can differentiate queries for related domains, and that
the fine-tuned model is not always the most accurate. Unlike previous work, our
interpretations apply to both closed and open-ended generative tasks.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities across various tasks,
yet the internal mechanisms driving these capabilities remain poorly understood. Different domains
require distinct knowledge and reasoning patterns, necessitating LLMs to adjust decision-making
based on-the-fly for input queries. This is crucial for applications demanding high reliability, such
as legal and medical fields, where errors can lead to significant consequences.

The research question of how LLMs adapt their decision-making and reasoning patterns across
different domains is distinct from a growing body of work on locating factual associations from
language models behavior (Meng et al., 2024} [Hernandez et al. [2024aib; Mitchell et al., 2022}
Meng et al.| 2023} Dai et al., 2022} [Belrose et al., [2023). While these studies aim to identify the
modules and computations that recall specific facts, primarily monitoring and controlling language
generation, they often fall short in addressing the complexities of generative tasks.

Understanding how LLMs adapt their reasoning across generative tasks is important for enhancing
transparency in their decision-making processes. This insight not only deepens our understanding of
generalization capabilities but also promotes interdisciplinary collaboration and improves the design
of evaluation metrics that consider domain-specific nuances. Our research focuses on the patterns
models reveal as they tackle domain-specific challenges, rather than merely retrieving factual infor-
mation.

Recently, |Guo et al.| (2024) evaluated GPT-4’s ability to infer domain knowledge using a ReAct-
based LLM chain. The experiment involved generating reasoning paths and actions from unlabeled
coding exemplars without explicit domain descriptions. Their findings show that GPT-4, when
given domain-relevant exemplars, significantly outperforms its generic counterpart, suggesting that
the model can discern domain essence from the exemplars. However, it remains unclear whether
the model truly “understands” the content or merely imitates the exemplars based on its outputs.
Similarly, other efforts focus on creating probing representations for individual context-dependent
situations [Li et al.| (2021)); Pimentel et al.|(2020), where performance varies significantly based on
task-specific metrics.

Our research, motivated by studies on neural network activation |Abdelnabi et al|(2024); He et al.
(2024); Mallen & Belrose|(2024), aims to interpret how hidden states represent context for domain-
related queries before the generation phase. We aim to determine if models inherently encode gen-
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eral natural language for speci ¢ domains. Our work builds on previous research Mallen & Belrose
(2024){Burns et al| (2024); He etlal. (2024), which focused on probing mechanisms for closed-ended
tasks. In contrast, we explore hidden states in open-ended scenarios, offering a clearer understanding
of domain nuances across different LLMs.

Overview of results and main contributions. Our results show the power of hidden state activa-
tions as domain representations. We analyze hidden state traces across multiple LLM architectures
— Gemma|(Mesnard et @l., 2024), Phi (Abdin et/al., 2024), Mistral (Jiang &t al., |2023a), and Llama
(Touvron et al.| 2023) — and found consistent patterns in domain-speci ¢ activations, even with
variations in prompt styles and instructions. This consistency suggests hidden states capture funda-
mental domain characteristics rather than super cial textual features. Our comparative study with
traditional methods, such as semantic routjng (Manias et al., 2024D;[Labs, 2024) and token-based
classi cation [He et al, 2021), demonstrates the potential advantages of using internal model repre-
sentations for domain interpretation. Our main contributions are as follows:

» Latent domain representations: We demonstrate that hidden states in LLMs cap-
ture domain-speci ¢ information, which remains robust across multiple architectures and
prompt variations. These hidden states activations show consistent separation across do-
mains, providing a powerful signal for identifying the underlying domain of a query. We
name these signalatent domain-related trajectories

* Robustness across tasks and modeldAe show thatatent domain-related trajectories
are consistent across various LLM architectures and remain stable even after ne-tuning.
This opens up new possibilities for ef cient model selection, especially in tasks requiring
cross-domain generalization, such as legal, medical and mathematical reasoning.

* Improved model selection: Our experiments show that leveraging tlagent domain-
related trajectoriesfor model selection, leads to signi cant performance improvements
compared to traditional semantic and token-based methods. Speci cally, the LLM Hidden
States Classi er achieves a 12.3% accuracy improvement over domain ne-tuned mod-
els, showing particular strength on open-ended tasks like GSM8K Cobbg|et al. (2021) and
MATH Hendrycks et al.[(2021b).

2 RELATED WORK

Understanding Transformers-based ModelsTransformers (Vaswani et gl., 2017) play a key role

in Natural Language Processing tasks. As a result, understanding their internal working mechanisms
is critical. Research on interpreting Transformer states is based on forwarding data into the model
to analyze attention heads (Clark etlal., 2019; Abnar & Zuidéma,|2020) and embedding spaces (Dar
et al., 2023; Geva et al., 2022; 2021) that connect “interpretability” with different data distributions
and equivalent predictions. However, these techniques are task-speci ¢ and not related to gradient-
based measures of feature importance (Jain & Wallace, 2019).

LLMs Hidden States as Internal Representations:Hidden states have been studied to investigate
factual knowledge (He et al., 2024; Chen et al., 2024; Burns et al., 2023), hallucination (Zhao et al.,
2024; Dombrowski & Corlouer, 2024), locating and modifying factual data (Meng et al., 2022; Her-
nandez et al., 2024a) and task drifts (Abdelnabi et al., 2024; Zverev et al., 2024). Most research
is limited to closed-ended scenarios that involve probing a white-box model to uncover contrast-
ing behaviors (often impractical for generative tasks). Bricken et al. (2023) decompose activations
into more interpretable monosemantic features using a sparse autoencoder. Feature decomposition
can determine the contribution of the layers' activations on a speci ¢ example, making it easier to
monitor the network activation for speci c features. In contrast, we aim to reuse the hidden states
generated by the LLM from the context, without using an external autoencoder.

Domain Representations for Routing MechanismsSemantic Layer approaches (Sun et al., 2024;
Manias et al., 2024a) have emerged as a particularly lightweight and effective solution: by com-
paring the embeddings of semantic representations (e.g. cosine, Manhattan distances), these layers
perform a preselection of language models or tools that need to be retrieved for speci c domain
tasks. These methods can be restricted when data is scarce, or we do not have a prede ned in-
struction structure. Within the recommendation systems literature, there are works that leverage
deep neural networks discriminatively to learn better representations of users/items based on con-
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textual information that can be used for downstream tasks (Liang et al.; Li et al., 2023). Yet, to
our knowledge, none of these have delved into how to generalize to more complex generative tasks.
Alternative routing strategies for model selection (Ding et al., 2024; Ong et al., Sakéta et al.,

2024; Jiang et al., 2023b) aim to estimate query complexity and redirect “easy” requests to smaller
LLMs, balancing model performance and inference costs. Within this area, some routers based on
domain clustering have emerged (Pichimeier et al., 2024; Ostapenko et al., 2024), demonstrating the
ability to ef ciently distribute incoming requests by directing them to the nearest cluster of instruc-
tions. A limitation of these approaches is their dependency on access to a subset of the expert/cluster
training data, which must be adequately representative for comparison purposes, a requirement that
may be infeasible for models trained on proprietary data.

In contrast with previous work, our research aims to investigate whethds can inherently dis-
tinguish between queries from various domains, despite differences in prompt style andaswlirce
show which value these representations provide, compared with other semantic and token-level rep-
resentations.

3 PRELIMINARIES

Operational de nitions: To assess the ability of LLMs to capture domain-speci ¢ representations,
we rely on hidden states generated duringgteell phase— the stage in which the model processes
input tokens to generate intermediate states before producing the rst new token. Below are the key
operational terms used throughout our experiments:

» Hidden statesare the intermediate activations produced by the model at each layer when
processing input tokens, building the model's contextual understanding. For each query, the
model generates a set of hidden states in the stimteh_size; dimension; num _layers),
wherebatchsizerefers to the number of samples processed at aigerefers to the size
of the hidden representation (i.e., the number of features in each stateluandyers
indicates the total number of layers in the model, each producing its own hidden states.

* Mean activation: To simplify analysis, we compute the mean activation across both the
batch and dimension axes. The mean for each laigegiven by:

1 baxhsize)(im

= batchsize dim
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This results in a single vector of activations, capturing the average behavior of each layer
during the pre Il phase.

» Variance of activations We also compute the variance for each layer to measure the
spread of the hidden states across samples and dimensions. The variance for eadch layer
computed as:

baighsize gim

(Apas 1) (2)
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The variance provides insight into how sensitive different layers are to variations in the

input. In some sections, we replace the variance computation with standard deviation by

only computing its square root.

 Latent Domain-Related Trajectories These refer to the patterns observed in the hidden
states that align with speci ¢ domains (e.g., Biomedical, Law, Maths). By analyzing the
mean and variance of activations across layers, we can trace the model's internal represen-
tation of domain-related information.

2 _ 1
'™ batchsize dim

Through these operational de nitions, we quantify the informativeness of hidden state activations,
enabling us to investigate whether these states encode meaningful domain-speci ¢ knowledge before
the generation phase.

Motivation and Main hypothesis: Figure 1 illustrates the key observation that motivated our re-
search: queries belonging to similar domains tend to cluster closely when viewed through the lens of
hidden state activations. This clustering occurs for both the mean and variance of activations across
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Figure 1: Activation summary produced by Phi-3-mini-3.8B on the MMLU benchmark. The left
side shows the mean activation per domain subset (a) and per sample (b), while the right side presents
the variance across domains (c) and samples (d).

layers, suggesting that the model exhibits similar “con dence” in processing queries from the same
domain?.

Building on these observations, we propose the following main hypothekds' hidden states
encode generalizable representations for speci ¢ domains, revealing domain-related traces from
the context understanding phaseesting this hypothesis requires:

» Generalizability: We aim to determine whether this ability is consistent across different
LLM architectures, training recipes, and model parameters. We also investigate whether
these representations are retained after ne-tuning and assess how robust they are when
prompts are perturbed.

« Evaluation: We develop a method that leverages these hidden state representations to
benchmark model performance against traditional approaches. Speci cally, we quantify
the value of these representations compared to token-based and semantic representations.

The experiments and analyses developed in the next sections provide evidence for this hypothesis
and evaluate the robustness of hidden states across various models, prompts, and domains.

4 EXPERIMENTAL SETUP

We test our hypothesis through controlled experiments analyzing generation and evaluating the per-
formance capabilities of the model across three elds where the accuracy and rationale behind the
decision are critical: Healthcare, Finance, and Law. Since our ndings are primarily experiment-
based, it makes sense to begin by describing the setup and the scenarios we have considered.

Model Architectures: We use the DeBERTa (He et al., 2021) encoder model and four different
pretrained LLM architectures with public checkpoints available at HuggingFace. Gemma-2B (Mes-
nard et al., 2024) is an 18-layer LLM with 2B parameters. Phi-3-mini-3.8B (Abdin et al., 2024) is a
32-layer LLM with 3.8B parameters. Llama2-7B (Touvron et al., 2023) and Mistral-7B (Jiang et al.,
2023a) are 32-layer LLMs with 7B parameters. We selected these models due to their demonstrated
ef cacy across a range of tasks and their varying dimensions and training recipes, allowing us to
explore the generalization in our ndings. We run all experiments on 4 NVIDIA RTX A6000 GPUs
with 44 GB of Memory.

Datasets: We leverage the multi-domain query nature of the MMLU dataset (Hendrycks et al.,
2021a). Atotal of 30 subtasks were randomly selected from the 57 present in the dataset. Since these
subcategories included overlapping domains (e.g. college mathematics, high school mathematics,
elementary mathematics can all be categorized within the maths domais)pbecategoriekabels
provided by the dataset authors were used to reduce the original 30 subcategories into 4, related
to the domain of the question: mathematics, biomedical, law and humé&hitiss was done to
prevent any ambiguity and ensure the results were more comprehensible. For simplicity, in the next
sections, we calBase Pool(7358 samples) the queries coming from these distributions. We also

While this behavior hints at the model's ability to internally distinguish domains, the relationship between
the domains is not entirely clear. For example, initial observations show that mathematical and biomedical
domains are closely related. While this proximity could raise concerns about the model's ability to fully differ-
entiate between domains, it should be noted that this is a preliminary observation intended to motivate further
investigation. Further Analysis on the overlapping of these domains is provided in Appendix A.5

2The original subcategories utilized per domain are itemized in Appendix A.1



Under review as a conference paper at ICLR 2025

have included &pecialized Poolvith a set of domain-speci ¢ datasets containing banks of open
and closed questions with different types of instructions, covering overlapping domains as MMLU
partitions. The GSM8K (Cobbe et al., 2021) dataset probes the informal mathematical reasoning
ability. The MEDMCQA Pal et al. (2022) dataset tests the model understanding across a wide
range of 21 medical subjects. The CaseHOLD (Zheng et al., 2021) dataset requires identi cation of
legal holdings on cited cases. The Plato dataset contains articles from the Stanford Encyclopedia of
Philosophy; the task is to identify different philosophic terms through the passages.

Baselines and Implementations\We compare our approach of using LLM hidden states as domain
representations with two baselines: a Semantic Layer and a DeBERTa classi elSehtantic

Layer (Labs, 2024) performs the model selection based on similarity scores on provided few-shot
utterances. We con gured this layer with four main routes, each belonging to a domain in the
dataset. We speci ed 1,000 utterances for each route, with queries sampled randomly from MMLU
domains, totaling 4,00 We used the default con guration of the HuggingFaceEncoder class for
the encoder, which uses the sentence-transformers/all-MiniLM-L6-v2 model with a score threshold
of 0.5. We ne-tuned eDeBERTa (He et al., 2021) encoder on a sequence classi cation task. The
model was ne-tuned on a classi cation task with four output labels, each corresponding to a domain
(maths, biomedical, law, and humanities). We trained the model on 4,000 samples from the MMLU
domains, using a training batch size of 1, a learning rate of 2e-5, and a weight decay of 1e-2 for three
epochs. The best model was retained at the end of training. We used a maximum sequence length
of 512 tokens and truncated the input sequences to this length. DeBERTa has been chosen as the
discriminator due to its remarkable accuracy and performance across several NLP tasks, particularly
encoder models. This is supported by its exceptional performance across various model selection
frameworks (Ding et al., 2024; Ong et al., 20&4kota et al., 2024; Jiang et al., 2023b).

5 LATENT DOMAIN-RELATED TRAJECTORIES

5.1 ANALYZING THE POWER OF THELLM HIDDEN STATES

Based on our initial observations on the behavior of the Phi-3-mini-3.8B model, we aim to in-
vestigate whether the ability to encode domain-speci c information in hidden states is an emergent
property of LLMs in general, rather than a model-speci ¢ phenomenon. To this end, we conducted a
comparative analysis between different generative LLMs (Gemma-2B, Phi-3-mini-3.8B, Llama2-7B
and Mistral-7B) and a pretrained encoder model (DeBERTa) to explore the contextual representa-
tions captured during the pre Il phase. We structured our investigation around the following key
guestions:
a) Comparison with encoder models How do the hidden states of generative language mod-
els compare with those of an encoder model designed to capture more ne-grained semantic
and positional information?

b) Impact of netuning : After ne-tuning on specic tasks, do LLMs retain the same
domain-speci ¢ hidden state traces, or do these traces shift signi cantly?

To answer these questions, we randomly selected 5,000 samples fr@asdoql a collection

of domain-speci ¢ queries, and fed them into the various models. We extracted the hidden state
activations from each layer, focusing on the last token in the input query. This process was repeated
for all layers of the models, ensuring a comprehensive analysis of the hidden state behavior. As
a safety check, we introduced 5,000 samples from3pecialized Poolwhich contained queries

from a different distribution with no overlap with the MMLU dataset. This helped us ensure that
the observed patterns were not merely the result of similar instructions or query semantics. Table 1
provides examples of the prompt variations across these datasets.

Figure 2 summarizes these traces' behavior for various LLM architectures, sorted by model size.
The traces are color-coded by domains (Maths, Biomedical, Law, Humanities). We replaced the
variance with standard deviation computation to use the same units as the original data, making it
easier to relate the measure of dispersion back to the activation*s8almi-transparent lines\|

3The queries were randomly selected, but we ltered out those with fewer than 10 tokens to remove queries
that did not provide suf cient context (e.g. “Copyright © 2016 by”).

“We omitted the mean activations because they were less stable than the standard deviation across different
LLMs during experimentation.
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