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Abstract

Language models (LMs) are adept at using in-context learning to associate objects
with their features – for example, given an input such as ‘the table is small and
orange and the phone is green and big, so the color of the phone is’, they can
correctly infer that the next word should be ‘green’. How? One possibility is
that they rely on integrated representations of objects that jointly encode feature
information within specific token positions. Another is that they access disparate
sets of feature-specific representations distributed across positions as needed. By
applying causal mediation analysis on an LM performing a multi-object multi-
feature association task, we find a small set of upper-layer attention heads that
search for and copy feature-specific representations based on the demands of a
specific query. These heads are sufficient and necessary for our task, suggesting
that LMs do not rely on integrated object representations to complete it.

How do intelligent systems represent objects and their features? For humans, a dominant hypothesis
is that perceiving an object (e.g. ‘a phone’) and its features (e.g. ‘big’, ‘green’) involves the rapid
formation of a single integrated object representation (i.e. ‘a big green phone’) [27, 8]. This is thought
to occur during both visual perception [28] and language processing [11], and is so deeply embedded
into human cognition that people sometimes struggle to separate objects from their features [24].

For language models (LMs), the formation of integrated representations is also an appealing character-
ization of object representation. Behaviorally, LMs now accomplish many challenging tasks that are
thought to involve integrated representations in humans [3, 2, 14]. Mechanistically, transformers large
and small have been shown to consolidate in-context information from multiple token positions within
the representations of a single position [4, 16, 5, 22] or attention head [23, 25]. It is therefore tempting
to think that this might be indicative of a general tendency of LMs to form integrated representations
of objects that jointly encode feature information specified in multiple token positions.

In this work, however, we consider an alternate hypothesis: that LMs represent objects not as
integrated wholes, but as disparate sets of feature-specific representations distributed across token
positions. While past works on entity tracking [9, 7, 20] and circuit tracing [21, 13] in LMs hint at
this idea, they have tended to focus on tasks that involve associating individual objects with individual
features, and are therefore inadequate for fully distinguishing between these two hypotheses – it
remains possible, for example, that integrated representations emerge only at a certain level of
complexity that single-feature tasks do not attain. Thus, here we analyze the attention heads that
allow an LM to associate one of two objects (e.g. ‘table’, ‘phone’) with one of four features (the
color and size of each object) in-context. We ask: what type of object representations do these heads
form and utilize to accomplish this multi-feature task?

We uncover two groups of attention heads that determine model behavior via a copying mechanism,
and we demonstrate their sufficiency and necessity for our association task. We then show that this
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Figure 1: A) Copy heads and q-form heads enable LMs to associate objects with their features. At
the final token position of our prompt, copy heads attend to the token that is to be predicted, while
q-form heads attend to tokens that determine what to copy and shape downstream copy head query
projections. B) Copy heads are located in upper model layers and q-form heads in middle layers.

mechanism uses semantically empty object ids that link object tokens with feature tokens, similar
to [9]. These results suggest that our model does not form integrated representations of objects to
make next-token predictions, but instead utilizes disparate sets of individually contextualized feature
representations in parallel across token positions and in sequence across model layers.

1 Which attention heads enable LMs to associate objects with their features?

We study the attention heads that drive model responses to the following prompt:

The [OBJ-1] is [COLOR-1] and [SIZE-1] and the [OBJ-2] is [COLOR-2]
and [SIZE-2]. So the color of the [OBJ-1] is

(1)

We construct 800 instances of this prompt by randomly sampling single-token color, size, and object
words counterbalanced with respect to feature order in the first sentence and query target in the second
sentence (see Appendix A.1 for task details and A.2 for prompt details). We focus on the attention
heads that enable task performance for a single LM, Llama 2 7B Chat [26], which achieves high
accuracy on our task – 77% when defined as the proportion of prompts where the likeliest next-token
is the target (e.g. ‘[COLOR-1]’ in (1)), and 98% when defined as the proportion of prompts where
the target is the likeliest of the four features present. We focus on attention heads because they
play a central role in contextualizing and transporting information across token positions [18, 34].
Expanding our work to consider a wider variety of models, prompts, and model components are
important future directions.

To identify attention heads that perform a hypothesized function, we use causal mediation analysis
(CMA) [19, 17, 30, 13, 25]. Specifics are available in Appendix A.3, but in short we implement
the following. First, for a hypothesized function, we instantiate a ‘modified prompt’ P ′ that differs
slightly from an ‘original prompt’ P . Then, we consider the effect that patching in a single attention
head’s activations for P ′ has on model outputs or other downstream heads. We measure and rank
these effects using a ‘causal mediation score’ (SCM ; [30, 33]) that tracks the extent to which model
predictions shift away from its logits from processing P and towards its logits from processing P ′.

With these methods in mind, we now consider two groups of attention heads – copy heads and q-form
heads – which we argue are the primary drivers of model behavior in this setting.

Copy heads. We first investigate whether there are attention heads that determine next-token
predictions by copying feature information from a target position (‘[COLOR-1]’ in (1)) to the
final position (the final ‘is’ token in (1)), as has been found in other tasks [30, 33, 20, 31].
We do so by running a value projection-based CMA where P ′ differs from P only at the target
position – for example, in (1) we would replace ‘[COLOR-1]’ with a new color token to contruct
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Figure 2: A) Patching copy heads (solid lines) leads to a rapid decline in output probabilities for the
original target and a rapid increase for the patched target. Patching random heads (dashed lines) has a
more gradual effect. All lines indicate average values across 800 patched prompts, while ribbons
represent SEM. B) The same effect holds for q-form heads. C) Ablating copy heads or q-form heads
collapses target output probabilities. This occurs faster than in a random condition (black) and a
control condition (dashed), where heads are sampled from the same layers but in reverse SCM order.

P ′. This uncovers a graded set of around 40 attention heads in the upper layers of the model that can
independently shift output predictions by up to two logits, as measured by SCM (Figure 1B).

At the final token position, we find that these heads allocate more attention to target positions than
any other non-attention sink token (see [32]; Figure 1A). When we patch the value projections of
progressively more attention heads (as ranked by SCM ) with their value projections for P ′, we find
that model outputs shift to those of P ′ over P extremely quickly, with only the top 10 out of 1024
heads needed for the shift to occur (Figure 2A). When we ablate the value projections of these heads
by replacing them with their mean values from other prompts or by zeroing (Appendix B.1), we find
that model accuracy on our task collapses (Figure 2C). This motivates us to label these heads as ‘copy
heads’, and to suggest that they are both sufficient and necessary for determining model outputs.

Q-form heads. How do copy heads know which token position to copy from? We next uncover
‘q-form’ (or ‘question formation’) heads, which we identify via a CMA where instances of P ′ contain
identical objects and features as in P , but the queried-for feature is altered (e.g. one or both of
‘color’ and ‘[OBJ-1]’ in sentence two of (1) are swapped to ‘size’ and ‘[OBJ-2]’). Doing so
reveals a separate graded set of around 20 mid-layer attention heads (Figure 1B) that also shift output
predictions by up to two logits each, except this time via their effect on the query projections of copy
heads rather than their direct effect on the LM head at the final token position (see Appendix A.5).

We find that at the final token position, these heads primarily attend to two tokens in the second
sentence (‘color’ and ‘[OBJ-1]’ in (1)) (Figure 1A). We label them as ‘q-form’ heads because
we observe that their role is to process tokens that specify the question being asked in each prompt
and to then shape query projections made by downstream copy heads via their V-compositions. They
are sufficient and necessary for this task: when we patch their value projections with ones obtained
from a modified prompt P ′ we observe a rapid shift towards the target output for P ′ (Figure 2B), and
when we ablate their value projections we observe a collapse in model capability (Figure 2C).

2 What do copy heads represent?

Our analysis so far suggests that model behavior is determined by a copying mechanism that transports
information about specific features to the final token position of our prompt. Like past work [20, 30],
this hints that LMs may be processing in-context information using feature representations distributed
across token positions rather than integrated object representations localized to specific positions.
However, our results so far remain consistent with three hypotheses for what copy heads might
represent within their key and query projections at the final and feature token positions: 1) precise
positional information about where to copy from (e.g. [20]), 2) semantic information about what
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Figure 3: Distributions of differences between logits for the targets of P and P’ across 800 prompts.
When the model processes P without patching, these differences are large (light green), i.e. the target
for P is generally more likely. A) When copy head keys (top) or queries (bottom) are patched using P’
that reverses object order, these differences shrink (dark green), i.e. the target for P’ often becomes
more likely. B) When P’ reverses feature order, differences are unchanged (hatched green).

to copy (e.g. keys and queries that represent ‘the color of the phone’), or 3) some hybrid
between the two (e.g. keys and queries that represent ‘the color of the first object’, where
‘the first object’ is an abstract object identifier, as in [21, 7]).

To mediate between these hypotheses, we design two additional experiments. In the first, we consider
P ′ and P that differ only in the order in which the two objects and their features are presented in the
first sentence. For 32 copy heads, we then patch either the query projection at the final token position
or the key projections at the feature positions. If these projections represent semantic information
(hypothesis 2) then this patch should have no effect, because P ′ is semantically identical to P . If
they are instead positional in nature then we should expect model outputs to shift away from their
original prediction and towards the feature token at the swapped position.

Figure 3A demonstrates that the latter is true: that when keys or queries of copy heads are manipulated
in this way, model predictions shift away from the original next-token prediction that remains correct
even after the manipulation and towards the token that is newly located at the original position. This
suggests that copy heads primarily represent positional rather than semantic information.

Our second experiment involves a setup where P ′ swaps the order that the features for each object
appear. This allows us to differentiate between hypotheses 1 and 3: if copy heads represent purely
positional information, then model outputs should also shift to the wrong object feature. However, if
they represent some degree of semantic information that can at least differentiate between feature
types, then they should remain unaffected.

Figure 3B demonstrates that the latter is true – that is, that this second manipulation has virtually no
effect on model outputs. This implies that our copy heads form key and query representations that are
neither purely positional nor purely semantic; rather, they represent both feature type (‘color’ or
‘size’) and a semantically empty but object-specific index, similar to what [9] call a ‘binding ID’
and what [21, 7] call an ‘ordering ID’.

3 Discussion

The ability to associate objects with their features is a fundamental prerequisite to learning and
reasoning about the world. What representations do LMs use to achieve this ability? Our work
here suggests that LMs search for and utilize disparate sets of individually contextualized feature
representations rather than integrated representations of objects in the way that people might, and that
this remains true even when multiple features must be bound to a single object. Although it remains
possible that LMs also form integrated representations in parallel to distributed representations, the
sufficiency and necessity of copy and q-form heads for our task suggests that the former is dominant.
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The fact that LMs do not form integrated representations of in-context information may have important
implications for their current shortcomings. Why is it that LMs require many orders of magnitude
more training data than people do to learn about the world [10]? Why do LMs fail to make simple
generalizations about information learned in-weights [1, 6], but then succeed in-context [15]? One
possibility is that disparate feature representations do not support in-weights generalization quite
as readily as integrated representations do [29], and that they require far more exposure to different
formulations of the same underlying information for robust learning to occur. Building new neural
architectures that actively form integrated representations of the world in the way that people do [12]
may therefore prove a useful step towards building human-like intelligent systems.
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A Detailed approach

A.1 Task

Our analysis is conducted with 800 prompts that follow template (1) in the main text. To construct
these prompts, we first randomly sample 50 sets of two objects from a list of 54 single-token object
words (e.g. ‘table’, ‘phone’), two colors from a list of 11 single-token color words (e.g. ‘blue’,
‘green’), and two sizes from a list of four single-token size words (‘big’, ‘small’, ‘tiny’, ‘huge’). For
each of the 50 sets of object, color and size pairs, 16 prompts are then generated that account for all
possible feature order combinations for the first sentence (whether ‘[COLOR-k]’ appears before or
after ‘[SIZE-k]’ in (1) for k ∈ {1, 2}; 2× 2 combinations) and target position combinations for
the second sentence (whether we query for the ‘color’ or ‘size’ of ‘[OBJ-1]’ or ‘[OBJ-2]’;
2× 2 combinations), thus making 800 (50× 16) counterbalanced prompts in total.

A.2 Prompt

For each prompt, we place the first sentence within the bounds of Llama 2’s INST tokens and the
second sentence outside of those bounds. So, given a prompt such as:

The table is small and orange and the phone is blue and green. So
the color of the phone is

We tokenize as follows:

[‘<s>’, ‘[’, ‘INST’, ‘]’, ‘The’, ‘table’, ‘is’, ‘small’, ‘and’,
‘orange’, ‘and’, ‘the’, ‘phone’, ‘is’, ‘blue’, ‘and’, ‘green’, ‘.’,
‘[’, ‘/’, ‘INST’, ‘]’, ‘So’, ‘the’, ‘color’, ‘of’, ‘the’, ‘phone’,
‘is’]

A.3 Causal mediation analysis

Our general approach is to use causal mediation analysis (CMA) [19, 17, 30, 13, 25] to locate and
assign functionality to attention heads that are important for task performance. Given a prompt P ,
we first instantiate a modified prompt P ′ that differs from P by just one or two tokens. We select
these tokens based on the functionality that we are trying to uncover – for example, to examine the
effect that attention heads have on final output logits, we instantiate P ′ such that only the input token
that corresponds to the intended next token prediction is replaced by a newly sampled token (e.g.
‘[COLOR-1]’ in (1)).

With an original prompt P and a modified prompt P ′ in hand, we first run two forward passes
through our model f(·) for each of P and P ′ in order to obtain two sets of attention head activations
from f(P ) and f(P ′): namely, KP , QP , VP and KP ′ , QP ′ , VP ′ , which can each be thought of
as npositions×nlayers×dattn tensors of stacked key, query and value projections. Then, to test the
impact that a given attention head (l, h) has on a later network component, we take two approaches:

1) If the latter component is simply the model’s unembedding layer, we run a third forward
pass where keys, queries and values are fixed to KP , QP , V ∗

P . Here, V ∗
P = VP for all heads

except (l, h), where instead V ∗
P = VP ′ .

2) If the latter component is a separate group of downstream attention heads H =
{
(ℓ′, h′)

∣∣
l′ ∈ {l+1, . . . , nlayers}, h′ ∈ {1, . . . , nheads}

}
, we first run the third pass using V ∗

P before
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running a fourth pass using K̃P , Q̃P and ṼP , where all but one are identical to KP , QP ,
VP , with the exception now containing the updated activation values of H at a specific token
position during the third pass.

Intuitively, the first approach allows us to consider how any individual attention head impacts final
outputs while controlling for its effect on other intermediary attention heads, while the second
approach allows us to consider how any individual attention head impacts final outputs via its effect
on other intermediary attention heads.

Finally, to measure impact we rely on the notion of a ‘causal mediation score’ used by [30, 33]:

s = (f ′(P )[y′]− f(P )[y′]) + (f(P )[y]− f ′(P )[y]) (1)

Here, f ′(·) denotes the model running with K, Q, V modified according to one of the two approaches
highlighted above, while y′ and y denote the correct next-token predictions for P ′ and P . This score
allows us to track the extent to which our model moves away from predicting the original prompt’s
target and towards predicting the modified prompt’s target.

A.4 Locating copy heads

To locate copy heads, we conduct a CMA where modified prompts differ only at the target position.
For example, consider a specific instance of our prompt P :

The table is small and orange and the phone is green and big. So
the color of the phone is

A modified prompt P ′ might then take the following form:

The table is small and orange and the phone is blue and big. So the
color of the phone is

Note that the only difference between P and P ′ is the color of the phone. For P the target (i.e. the
correct next-token prediction) is green, but for P ′ the target is orange. In practice, P ′ can be any
prompt that differs from P by that specific token.

When conducting the CMA to locate copy heads, we patch value projections across all token positions
for any given attention head. Because all other attention heads are frozen, this influences only our
readout of the language modeling head at the final token position.

A.5 Locating q-form heads

To locate q-form heads, we conduct a CMA where the modified prompts differ by up to two token
positions: the queried-for feature in the second sentence, and the queried-for object in the second
sentence. For example, for the same prompt P that we consider in A.4, we can have the following
modified prompts P ′:

The table is small and orange and the phone is green and big. So
the size of the phone is

The table is small and orange and the phone is green and big. So
the size of the table is

The table is small and orange and the phone is green and big. So
the color of the table is

For each example above, the targets therefore change to big, small and orange respectively.

When performing CMA we counterbalance our P and P ′ pairings so that each of the above examples
are represented equally. We patch value projections across all token positions for any given attention
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Figure 4: Ablation results when attention heads are zeroed.

head during a first forward pass, and we cache the modified query-projections of 32 downstream
copy heads (ranked by SCM from the copy head locating step) at the final token position. During a
second forward pass we then patch the query-projections of these copy heads with their modified
query-projections to judge the effect that the upstream attention had on changing their queries.

B Additional results

B.1 Zeroed ablations

As we note in section I, ablating copy heads and/or q-form heads with either their mean activations
from other prompts or by zeroing leads to a collapse in model accuracy. Figure 2C shows results for
the former, while figure 4 shows results for the latter.
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