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ABSTRACT

Self-supervised learning, in which a system learns by minimizing its own predic-
tion errors, is immensely powerful. Modern LLMs are often used as an example of
just how much structure it is possible to learn from self-supervision alone. How-
ever, just as human cognitive development relies on structured feedback that is par-
enting and education, it is worth asking how supervised learning augments what
LLMs can do. After all, no consumer-facing LLMs are purely self-supervised.
We systematically compare purely self-supervised base LLMs to models further
refined with supervised training and find that although self-supervision is suffi-
cient for learning the basic knowledge needed to answer our queries, base models
fail to use the knowledge in appropriate ways. Further examination of the inter-
nal states of the LLMs reveals that models exposed to supervised learning learn to
align their semantic representations with the prompt in a way that enables coherent
responses.

1 INTRODUCTION

Many things we know we have learned in the absence of direct supervision. No one has to explicitly
teach us to speak, laugh at jokes, or climb stairs. Although there are continued debates about the
extent to which such learning depends on domain-specific innate knowledge (Elman, |1996; |Pinker,
& Longuet-Higgins| |1994; |[Fodor, |1983)), the astonishing recent advances in Al have come largely
from harnessing the power of self-supervised learning (Sutton, 2019; |Sejnowski)). A self-supervised
system learns by adjusting its internal states to minimize the error between its prediction of what
will happen and what actually happens (Hinton et al., | 1986; Hebb\ 2005} |Clark, 2013)).

Learning language through such self-supervision allows neural networks to begin learning word
meanings and syntactic structure even at very small scales (Elmanl [1990). Larger self-supervised
models—trained on more data but still simply learning to predict what words occur in what contexts—
learn word embeddings that encode an impressive breadth and depth of semantic knowledge. Sim-
ilarity of word embeddings is tightly correlated with human semantic judgments (Perifidn-Pascual,
2022; De Deyne et al.| [2016) and a variety of semantic norms (Lewis & Lupyan, 2020; [Liu et al.;
Grand et al., |2022; |Caliskan et al.), and measures of prediction error in language models are closely
correlated with various measures of online language processing (Michaelov et al., [2023). For all
the impressive information that word embedding models capture from the statistics of language,
their abilities are very circumscribed. One cannot ask Word2Vec a direct question, much less have a
conversation with it.

Larger and more powerful transformer-based models like GPT-3 which are trained on much larger
text corpora learn increasingly sophisticated representations of both language (Hu et al.) and world
knowledge (Roberts et al.,2020). But perhaps surprisingly (from the vantage point of someone used
to the capabilities of the latest LLMs), their ability to actually use language is quite limited. As an
example, Table 1 shows a comparison of a conversation with a purely self-supervised LLM and a
model that has been further fine-tuned with a supervised training set.
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Self-supervised (gemma-2-9b) Supervised (gemma-2-9b-it)
User: Who invented backpropagation? User: Who invented backpropagation?
Model: I did. Model: The invention of backpropagation is not

credited to a single person.

User: How is that possible if you were trained User: Name a few contributors.
using backpropagation?
Model: I was trained using backpropagation, but Model: Seppo Linnainmaa; Paul Werbos; David
Iinvented it. Rumelhart; Geoffrey Hinton.

Table 1: Comparison of conversations with a base version of gemma—2-9b trained entirely through
self-supervision, and a fine-tuned version trained with additional supervised learning.

While relations such as king — queen = man — woman can be recovered from word embeddings
(Mikolov et al.l 2013)), self-supervised (or base) LLMs often struggle to use these kinds of relations
when prompted (Brown et al.| 2020). For these kinds of associations to be uncovered at all requires
significant effort on the part of the researcher to localize the relevant knowledge. Finding that a word
embedding model has learned that, e.g., “nurse” is more strongly associated with women than men
(Caliskan et al.) is based on researchers explicitly comparing the semantic representation of “nurse”
to embeddings of feminine and masculine words. What the model has learned is accessible when
the model’s representations meet the ingenuity of the researchers’ probes.

This observation raises the question at the center of the present work: While self-supervised learning
may be sufficient to learn sophisticated semantic representations and even world models (Hazineh
et al., 2023)), is it enough to allow a model to use this knowledge appropriately? Our results show
that knowledge that is clearly learnable even by small word-embedding models cannot be effectively
used by (even much larger) LLMs without some supervised training. We conclude that supervised
training may be necessary for models to use their previously-learned semantic representations in
appropriate ways.

1.1 WHAT DO LLMS LEARN WHEN THEY ARE “FINE-TUNED”’?

All consumer facing LLMs combine self-supervised learning with several rounds of supervised
training [1_-] to fine-tune the model. (Zhang et al., 2026). During this supervised learning regimen,
models are exposed to input-output pairs consisting of example exchanges where knowledge must
be retrieved or deployed in context. These include question-answering ("Q: What is surfing? A:
Surfing is a surface water sport...”’), step-by-step reasoning ("Q:Yes or no, would a pear sink in
water? A: The density of a pear is about 5g/cm3, which is less than water. Thus, a pear would
float. So the answer is no.”) and instruction following (" Q:Write a short story about a cat named
Bistro. A: Bistro patiently Waited...”ﬂ and are often curated based on human intuitions about how
to best explain concepts and reason through problems (Zhou et al., [2022). Through this supervised
learning signal, models acquire normative representations of how they should respond and use the
knowledge they have learned in context.

Compared to the massive datasets and compute used by self-supervised “pretraining”, supervised
training is relatively minuscule. It uses many orders of magnitude less training data and compute
(Zhou et al 2023)), and typically accounts for less than 1% of all updates to the model weights
(Zhou et al.l [2023; |Ouyang et al., 2022)). Yet not only does it make the models usable (as anyone
who has attempted a conversation with a base model can attest), fine-tuned models are also far more
efficient (Varshney et al., 2023)).

Despite the efficacy of predictive self-supervised learning (see e.g., (Clark, |2013; |[Hohwy), much of
what people’s knowledge seems to require (at least in practice) is supervised learning. Parenting is
case in point, involving both explicit feedback and continued positive and negative reinforcement

'For the purposes of the present study, we consider supervised learning to be all learning methods where
there is a learning signal external to the model’s own predictions. This includes SFT (supervised fine-tuning),
DPO (direct preference optimization) and RLHF(Reinforcement learning from human feedback). For a full
discussion of various supervised methods, see Xu et al.| (2026).

2All examples seen here are provided by [Conover et al[(2023)
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signals. Schools can also be seen as a form of largely supervised learning. Teachers not only provide
explicit feedback, but they provide examples of tasks (compare and contrast; add these numbers;
prove this theorem) that students are expected to complete, and in so doing generate sources of error
that would not otherwise exist.

There is no simple way to know what function such supervised learning plays in human cogni-
tion because we cannot realistically separate the effects of supervised and self-supervised learning
episodes in people. We can, however, do this in LLMs. This allows us to examine the upper bound
of what can be learned through self-supervised learning alone—and alternatively, where a supervised
error signal is required—to directly compare the reasoning abilities of models which differ only in
whether they were exposed to an additional regimen of supervised learning. We therefore use eval-
uations that have been previously used as tests of simple forms of world knowledge in people, and
measure how well models with and without supervised training can generate human-like outputs. As
a more stringent test of the possibility that many simple kinds of world knowledge are learnable in
principle by self-supervised algorithms even if they are not expressed in practice, we compare LLM
performance to information that can be extracted from much smaller and simpler word embeddings
models (e.g., Word2vec). We next examine the internal states of base and fine-tuned language mod-
els to confirm that the difference in their performance is not due to supervision “teaching” models
new factual knowledge. This approach allows us to distinguish differences in performance from
differences in how that knowledge is used.

2 BEHAVIORAL EVALUATIONS

2.1 STIMULI

We probed knowledge of concrete and more abstract concepts using two tasks originally developed
for probing human semantic representations. These tasks evaluated both simple, objective object
properties (i.e, whether a watermelon is larger than a blueberry) and more subjective associations
that require evaluating various concepts on different dimensions, e.g., evaluating the dangerousness
of various sports. For these, previously collected human judgments served as the “ground truth”.

2.1.1 OBIJECT PROPERTIES.

We tested base and fine-tuned LLMs on their ability to reason about simple object properties using
the Round Things dataset (Giallanza et al.| 2024)). The dataset consists of 46 round items from the
THINGS concept database (Hebart et al., 2019) that vary along two dimensions: the size (diameter)
of each item, and the object kind (whether the object was a plant or an artifact).

2.1.2 SEMANTIC ASSOCIATIONS.

We evaluated models on their subjective associations involving 9 semantic domains (e.g, cities,
animals, professions) and 17 features associated with each concepts in these domains (e.g, size,
danger, gender). For example: “how dangerous is a tiger from 0-100?”. We compared the answers
provided by (or extracted from) the LLMs to human judgments collected by |Grand et al.| (2022).

2.2 MODELS

We evaluated base and fine-tuned versions of the Gemma family of open-source models that varied
in size from 2-27 billion parameters: gemma-2-2b, gemma-2-9b and gemma-2-27b (Team
et al., 2024). Varying parameter size along with the self-supervised/supervised contrast allowed us
to see whether the effects of supervision differ for models of varying sizes.

2.3 PROBING WHAT LLMS KNOW

For both the object properties and semantic associations datasets, we obtained LLM judgments for
all combinations of stimuli and their corresponding properties. In addition to probing knowledge
of simple objective properties and more subjective associations, we were also interested in testing
whether supervised training affected how sensitive the models were to the manner in which their



To appear at the ICLR 2026 Workshop on Representational Alignment (Re-Align)

knowledge was probed. To this end, we created three question templates: semantic differential
ratings , triplet judgments, and multiple alternative-forced choice.

1. Semantic differentials. For a given item, we ask for a rating 0-100 along a dimension
(i.e safe to dangerous). This semantic differential format is similar to that used to solicit
human judgments in|Grand et al.| (2022). Critically, we do not name the dimension. Instead
the dimension is anchored by three negative and three positive words. For example, the
size dimension is anchored by small, little, tiny and large, big, huge). We measure LLM
performance in semantic differentials as the correlation between human and LLM scores.
An example semantic differential prompt is given below:

Rate the item on the following scale:
0 (small, little, tiny) to 100 (large, big, huge)

Item: elephant

Answer with a single number between 0 and 100.
Answer:

2. Triplet judgments. This classic task requires choosing which of three items is different
from the other two. Because we are interested in probing the models’ ability to weigh a
particular dimension, our prompt includes the dimension name, e.g., ”"Which item is more
similar to a in terms of size, b or ¢?”. Because the choice can differ depending on what
dimension is mentioned in the prompt, correct answers require flexibly emphasizing the
mentioned dimension, not merely relying on overall similarity. We evaluate the triplet
task on the object properties dataset, which consists of orthogonal dimensions kind and
size. Following from tests of cognitive control in |Giallanza et al.| (2024), We define a
match condition—where the correct kind judgment is also a correct size judgment—as well
as conflict size and kind conditions to test model ability to respond using one dimension
when there is conflicting information from another.

3. n-alternative forced choice. We include additional n-alternative forced-choice evalua-
tions, where n ranges from 2 to 5. Similar to scoring criteria in the triplet judgment format,
LLM response correctness is determined on whether the choice matches the mean human
response (or object property). An example of a 2AFC trial prompt is which item is larger,
a blueberry or a watermelon”?

2.4  ASSESSING WHAT IS KNOWN TO WORD EMBEDDINGS MODELS

To determine what is—in principle-learnable by small-scale self-supervised models, we probed
whether word embeddings models (which learn static vector representations of words by predicting
co-occurrences) are sensitive to the same semantic properties that are evident in much larger LLMs.
Following |Grand et al.| (2022) (see also |Caliskan et al.) we project these static embeddings vectors
onto specific dimensions (i.e a size dimension obtained by subtracting the embedding for “small”
from the embedding for “’large”). For example, the embedding for “elephant” should project more
in the "large” direction than the embedding for “mouse”. While the word embeddings model is not
directly answering the question, a high correlation of its projection to human judgments shows that
the model’s knowledge that, e.g., an elephant is larger than a mouse can be recovered given the right
probe.

3 BEHAVIORAL RESULTS

The overarching aim of this study was to understand whether supervision helps LLMs use knowl-
edge that they already have (from self-supervised training). Our behavioral results answer this
question at the level of performance: what questions can supervised models reason about that self-
supervised models cannot?

3.1 BASE LLMS SYSTEMATICALLY FAIL TO USE THEIR KNOWLEDGE APPROPRIATELY.

Figure la shows accuracy and alignment scores for all base and fine-tuned models. Even large
base models (27 billion parameters) fail to reliably choose the correct answer and yield only small
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tween objective size/kind information and LLM outputs; For semantic associations, the correlations
are between human judgments and model outputs. Striped bars indicate fine-tuned models. Error
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correlations with human semantic differential judgments (7semanic = 0.20; best accuracy = 0.51
on FC2 task). In contrast, fine-tuned models show much higher alignment with subjective human
ratings (Tsemanic = 0.57) and respond with high accuracy across various question formats (best
accuracy = 0.70 on FC2 task). Critically, this effect emerges with scale: the smaller (2-billion)
parameter model shows consistently poor performance in both the base and fine-tuned conditions
(accuracysp.pase = 0.27 vs. accuracy,p r = 0.26, respectively), compared to the 27-billion pa-
rameter fine-tuned model (accuracyy7gyr = 0.59). A mixed-effects regression predicting model
accuracy and alignment (with fixed effects for model size, fine-tuning, and task type, and random
intercepts and slopes for task nested within question ID) confirms that fine-tuned models demon-
strate a significant advantage in performance relative to base models (Buning = 0.062, SE = 0.004,
t(1676) = 14.43, p < .001), with this benefit increasing as model size scales (Bsize xtuning = 0.065,
SE = 0.004, t(1675) = 15.08, p < .001).

The triplet task evaluation for the object properties dataset reveals additional divergences in behavior
between base and instruction-tuned LLMs consistent with the semantic associations task: namely,
that performance benefits from fine-tuning, especially with scale (8;7 = 0.131, p < 0.001 for
instruction tuning; fe7p = 0.226, p < 0.001 for 27B vs. 2B models). Interestingly, we find
that both base and fine-tuned LLLMs favor kind judgments over size judgments (Bging = 0.129,
p < 0.001), commensurate with previous findings from Studdiford et al.| (2025) demonstrating that
base and instruction-tuned models are predisposed to favor certain semantic dimensions over others.

3.2 WORD EMBEDDINGS OUTPERFORM LARGER BASE MODELS.

Finding that LLMs with billions of parameters perform so poorly is surprising because the knowl-
edge required to answer our questions is well-represented in simple word embedding models (mean
accuracy = 0.42). This replicates findings from |Grand et al.| (2022)) indicating robust (but graded)
representations of human semantic judgments in word embeddings. The previous mixed effects
model reveals that word embeddings models indeed perform significantly better than base models
(Bwordavee = 0.124, p < .001), but worse than fine-tuned LLMS (Sne-tunea = 0.176, p < .001). Fig-
ure 1b compares alignment between word2vec and base and fine-tuned versions of gemma—-2-9b.

4 MECHANISTIC ANALYSES

4.1 PROBING LLM INTERNAL REPRESENTATIONS

Drawing on mechanistic interpretability techniques (Rai et al., 2024}, we probe the hidden states of
base and instruction-tuned models in responding to our evaluation questions, allowing us to gauge
whether an error in a model’s response stems from the model lacking the requisite knowledge or
failing to use it appropriately. For all interpretability analyses, we use gemma—2-9b activations
from the semantic associations evaluation in the semantic differentials format. Thus for all analyses
the “ground truth” comparison is a vector of continuous human judgments ranging from 0 to 100.

4.1.1 TRAINING LINEAR PROBES TO DETERMINE WHETHER KNOWLEDGE EXISTS.

We first ask whether simple linear probes can recover human semantic judgments even in cases
where this knowledge is not expressed. To this end, we trained linear regressions at each layer of
base and fine-tuned models, given as y; = WZTI'M + by, where y; € [0,100] denotes the human
judgment score for concept—feature item 4, r; o € R? is the hidden state (residual stream) represen-
tation of item i at layer ¢, and w, € R? and b, € R are learned model parameters. Intuitively, a
high model R? indicates that a subspace of the LLM activations at a given layer accurately captures
human judgments. We also train within-category probes in order to assess the semantic richness of
model representations: that is, can we decode other (non-relevant to the given question) features in
the forward pass of model activations?

4.1.2 ACTIVATION PATCHING TO COMPARE DIFFERENCES IN MODEL COMPUTATIONS.

At what point do the representations of base and fine-tuned models diverge? We conduct a series of
patching experiments to determine the layer at which base and fine-tuned models show demonstrably
different performance. Specifically, for a given layer ¢ in the base model My,s. and the fine-tuned
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Figure 2: a. Linear probe R? for all layers of base and fine-tuned gemma—-2-9b. b. Effect of
activation-patching between base and fine-tuned models at all layers 0...n. Dashed lines indicate the
baseline correlations of base and fine-tuned LLMs prior to patching. The blue and red lines indicate
patching from fine tuned to base and base to fine-tuned models, respectively. ¢. Projections of model
hidden states onto the output space at each layer for three sample conditions.

model My and a given prompt p, we obtain the forward-pass activations h}za;"‘ and hff p from the

residual stream. We then patch the activations h‘t?f‘;f into model Mjy, and h?,p into model My, and
run a modified forward pass for My, and My. We measure the difference in the human correlation
of model My, and My outputs in order to determine where base and fine-tuned models diverge in
their ability to express accurate world knowledge.

4.1.3 DETERMINING HOW KNOWLEDGE IS USED.

To the extent that accurate world knowledge is decodable in both base and fine-tuned LLMs, can we
explain why this knowledge is expressed in some cases and not others? Since models must ultimately
express their world knowledge using the 0-10 scalar output in the semantic differential condition, we
ask whether there are differences in how models express their representations in this output space.
Using the logit-lens technique (nostalgebraist, [2020) we obtain the difference in the output token
embeddings U (0) and U (9) El This vector represents the direction between a low output score and
high output score by the model. We then measure the projection of the model hidden state (residual
stream) onto this difference vector at each layer. Intuitively, a lack of differentiation in LLM hidden
states with respect to this axis indicates that the model is not projecting onto (or “using”) the relevant
output.

3We use 0-9 here as opposed to 0-100 because single digit integers are represented as individual tokens in
gemma-—2.
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5 MECHANISTIC RESULTS

5.1 BASE AND FINE-TUNED MODELS HAVE HIGHLY ACCURATE WORLD KNOWLEDGE
REPRESENTATIONS.

Perhaps surprisingly given the low performance of base models, we find that both base and fine-
tuned LLMs represent human-aligned world knowledge with high accuracy: that is, we are able to
fit linear models that predict held-out human responses 0 — 100 using the hidden-state activations
of base and fine-tuned gemma—2-9b with an impressive degree of fidelity. Figure 2a. shows linear
probe R? for base and fine-tuned versions of gemma—2-9b. While linear model R? is higher in the
intermediate layers of the fine-tuned model relative to the base LLM (max R = 0.80 at layer 37 vs.
max RZ,, = 0.73 at layer 26), we report held-out test accuracy as high as 73% in the intermediate
representations of base models (aggregate RZ,.. = 0.65 across layers). The accuracy of these linear
probes is more interesting when recalling that the probes are fit across all stimuli, indicating that
there is a single subspace of activations in base and fine-tuned LLMs that predicts a diverse range of
human semantic judgments.

5.2 DIVERGENCE IN QUESTION ANSWERING MECHANISMS

If base models “know” that elephants are larger than mice, why isn’t this knowledge expressed in
model outputs? We answer this question using two interpretability techniques: activation patching
and logit-lens (see Methods section). We begin by patching activations between the base and fine-
tuned LLM in all layers 0...n to determine the point at which there is a meaningful divergence in
model computations with respect to human alignment. We find that for the first /2 model layers,
patching between models has no effect: the computations performed are identical. In late (k > n/2)
layers, patching base model activations systematically reduces fine-tuned model performance to that
of the base model and vice versa. This indicates that there is a computation in the second half
of model layers which explains the difference in fine-tuned model performance. What might this
critical computation be? We next look to see if base and fine-tuned models are able to project their
(evidently rich) internal semantic representations onto the output space. That is, whether models
can translate their semantic representations into an accurate number 0-100. Figure 2c. shows the
projection of base and fine-tuned hidden statesﬂ onto the output activation space 0-9. We find that
these projections are highly aligned with ground-truth human ratings in the fine tuned models, but
not the base models. Notably, fine-tuned models begin differentiating their representations along
this axis at roughly the same layer where computations diverge in the patching experiment.

5.3 FINE-TUNED LLMS LEARN SEMANTICALLY RICH REPRESENTATIONS

Can the differences between base and fine-tuned LLMs be explained entirely as a failure to use ex-
isting representations? While there are marked differences in how representations are deployed in
base and fine-tuned LLMs, we also find that fine-tuning instills significantly richer semantic rep-
resentations relative to base models. We fit linear probes similar to the previous analysis but only
trained on the activations of a single category feature pair (i.e rating animals on size). We then asked
whether the predictions of these probes generalize to other feature axes not seen in training (i.e does
the animal-size probe predict animal-danger? We find that human-aligned semantic representations
in fine-tuned LLMs are highly generalizable to other feature judgments. That is, these representa-
tions contain rich latent semantic information about other features such that we can predict human
judgments about those features with high accuracy (aggregate RZ. = 0.33, ranging from 0.01 to
0.92 across feature pairs). Notably, the activations of the fine-tuned LLM are significantly more
predictive than those of the base model (aggregate RZ . = 0.21), and in some cases are predic-
tive above and beyond cross-feature correlations in human scores (see Figure 3). In sum, base and
fine-tuned models diverge both in how representations are deployed and the semantic content of the
representations themselves.

*we use "hidden state” in reference to the residual stream activations at some layer.
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6 DISCUSSION

Are there limits on what a predictive model can learn through self-supervision? Given enough
training data, an arbitrarily large neural network model is a universal function approximator, capable
of learning any distribution [1989). And yet, our empirical results suggest that there are
constraints on what a neural network—even one scaled to tens of billions of parameters—can learn
from self-supervision alone. It is not necessary to evaluate models on esoteric benchmarks
2019) or arbitrary reasoning problems to find these limitations: rather, they are evident in the failures
of base models—even those with tens of billions of parameters—to reason about exceedingly simple
forms of world knowledge, such as the size of elephants relative to mice, or that tornadoes are
perceived as more dangerous than rainstorms.

This is not to say that self-supervised algorithms are incapable of learning this kind of world knowl-
edge, or that language itself does not encode this information. Indeed, word embeddings models—
several orders of magnitude smaller in scale—encode these associations implicitly
[Liu et al.). In self-supervised LLMs, we find that these same semantic associations are encoded with
even greater detail, such that fine-grained human judgments can be predicted with high accuracy.
However, even as these representations grow more robust in larger parameter models, these models
remain largely unable to use this knowledge in their outputs.

We demonstrate that it is only after language models have been exposed to some form of super-
vised learning that they are capable of expressing the high-fidelity information found in their hidden
states with any degree of accuracy: once fine-tuned on instruction-following and question-answering
datasets, these models are able to produce outputs that closely mirror human semantic judgments
and ground-truth object properties. How is it possible that a small amount of supervised input could
have this disproportionate effect on model performance? By examining the internal mechanisms
implemented by base and fine-tuned models for reaching (or not reaching) the correct answer, we
find that fine-tuned models learn to align their semantic representations with an output space (i.e
a number rating 1-9), a behavior which base models systematically fail to implement. We also
discover that the internal representations of fine-tuned models are themselves more robust: these
semantic representations reflect not just the world knowledge being tested but also encode other
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useful human-aligned judgments. That is, supervised learning instills representations that are more
aligned to the given context and in general. Taken together, these findings suggest a privileged role
for supervised learning in what models can do with what they have learned.

7 LIMITATIONS

We acknowledge several limitations in our findings. Although we find differences in the ability of
fine-tuned LLMs to deploy human-aligned world knowledge relative to base models, the contents
of this fine-tuning are opaque. That is, we do not know the specific regimen of supervised learning
used in gemma—2 that led to the improvement in fine-tuned model alignment. As a result, we are
not able to dissociate the role RLHF (reinforcement learning from human feedback) from supervised
fine-tuning, as both were used in the post-training step (Team et al.,|2024)). We plan to fine-tune base
models ourselves in a future version of this work in order to understand how the use of certain kinds
of stimuli in supervised learning affects the alignment of model representations.
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