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- Background and Motivation
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Information Flow with Labels as Anchors
H1: In shallow layers, label words gather the
information of demonstrations to form seman-
tic representations for deeper layers.

Ho: In deep layers, the model extracts the
information from label words to form the final
prediction.
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Figure 1: Visualization of the information flow in a GPT
model performing ICL. The line depth reflects the sig-
nificance of the information flow from the right word to
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- Method Shallow Layers: Information Aggregation
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Figure 4: The impact of isolating label words versus
randomly isolating non-label words within the first or
last 5 layers. Isolating label words within the first 5 lay-
ers exerts the most substantial impact, highlighting the
importance of shallow-layer information aggregation
via label words.



- Method Deep Layers: Information Extraction 085 | ——- AucROG, AR |0
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- Method Applications of Our Anchor-Based Understanding

Anchor Re-weighting: 32 S ICLEY/EFR 4 This approximates a logistic regression model
where:
Prf{Y = I|X = .l'} - Prf{Y = ?|X = .]"} _ .?i —I—,Bjx (8}
~A(g,pi) © i =OE=y)
__ exp(aeky, /Vd)
¥ exp(a,K] / V) ﬂ y
’ T A(q, pi) = exp(8y) Alg. pi) 9
By setting q,/v/d = % and k,, — k. = 3,, we
deduce: To train the re-weighting vector 3 = {SE, }, we
Pre(Y = ilX = utilize an auxiliary training set (X ¢rqin, Y train)-
log rs(Y =il X = x) = ,EIITx (7) Here, we perform ICL with normal demonstrations

Pry (Y = C|X =2) and optimize 3 with respect to the classification

loss £ on (Xfr'ainr Yfrain):

ﬂ* = arg HII{].'-H "C(Xfrain-: Ytrain ) (1 0)

Method |SST—2 TREC AGNews EmoC | Average

Vanilla In-Context Learning ( 1-shot per class ) | 61.28  57.56 73.32 15.44 | 51.90
Vanilla In-Context Learning ( 5-shot per class ) | 64.75  60.40 52.52 9.80 46 .87
Anchor Re-weighting (1-shot per class) 90.07 60.92 81.94 41.64 | 68.64

Table 1: The effect after adding parameter 3. For AGNews, due to the length limit, we only use three demonstrations
per class. Our Anchor Re-weighting method achieves the best performance overall tasks.



- Method Applications of Our Anchor-Based Understanding
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pendent of subsequent words. This allows for the
calculation and caching of the label word hidden
states H = {{hj}{_;}Y, (hj is the I-th layer’s

: . ; Method Label Loyalty Word Loyal Acc.
hidden state of the i-th label word in the demon- | i Y
: . ICL (GPT2-XL 100. 100. 51.¢
stration). By concatenating h;, ..., hgc at the front : ) | i SO i
: oo T i Tex tanchor 51.05 36.65 38.77
in each layer du'rlng inference, mstedfi of using the Hidden . 15.96 = 50 30.96
full demonstration, we can speed up inference. Hidden andom-top 57.52 4.49 41.72
; Hiddengachor 79.47 62.17  45.04
Text nchor: This method concatenates the format- e
- - - - r
ting and label text with the input, as opposed to ICLGPEY) | 100400 i i
2 L : : s : TPt 53.45 43.85 40.83
co.ncatendtmg the Fudclen states at each layer. _ Hidden. . Higs ok o
Hidden,,,qom: This approach concatenates the hid- Hiddenandom-op 71.10 11.36 52.34
Hidden,uchor 89.06 75.04  55.59

den states of formatting and randomly selected non-
label words (equal in number to Hiddeng, por)-
Hidden,andom-top: To establish a stronger baseline,
we randomly select 20 sets of non-label words in
Hidden;andom and report the one with the highest
label loyalty.




- Method Anchor Distances for Error Diagnosis
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When Do Prompting and Prefix-Tuning Work?
A Theory of Capabilities and Limitations

@article{

title={When Do Prompting and Prefix-Tuning Work?
A Theory of Capabilities and Limitations},
Conference={ICLR 2024}

Cites={0}

6668



- Background and Motivation

fine-tuning, soft prompt and prefix-tuning
motivations, abilities and limitations

1. Soft prompting and prefix-tuning are motivated by the embedding space being larger than
the token space. However, can a transformer utilize the additional capacity? We show that
with a careful choice of transformer weights, controlling a single embedding can generate any

2. Since prefix-tuning is more expressive than prompting, is it as expressive as full fine-tuning?
Despite the expressiveness of continuous space, prefix-tuning has structural limitations. A prefix
cannot change the relative attention over the content tokens and can only bias the output of
the attention block in a constant direction. In contrast, full fine-tuning can learn new attention
patterns and arbitrarily modify attention block outputs, making it strictly more| powerful.

3. If context-based fine-tuning methods suffer from such structural limitations, how come they
have high empirical performance? We show that the prefix-induced bias can steer the model
towards a pretraining task. Prefix-tuning can also combine skills picked up during pretraining
to solve some new tasks similar to pretraining tasks. However, it cannot learn a completely new
task. This is not simply because of the small number of learnable parameters: fine-tuning the
same number of parameters can be sufficient to learn the novel task. Hence, context-based fine-
tuning can elicit or combine pretrained model skills but cannot learn completely new behaviors.
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3  SOFT PROMPTING HAS MORE CAPACITY THAN PROMPTING
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Theorem 1 (Exponential unconditional generation capacity of a single virtual token). For any
V. N >0, there exists a transformer with vocabulary size V', context size N, embedding size d =N,
one attention layer with two heads and a three-layer MLP such that it generates any token sequence
(Y1,..., Yn)E{1, ..., V}¥ when conditioned on the single virtual token s, =((x1=1)/v, ..., (¥n=1)/v).

from X, to Yy, but S; can take on only V values: |{fs, : S; € 1,..,V}| = V < VV. Hence,
tokens cannot be used to specify an arbitrary map from user input to model output. However, a
single virtual token can specify any of the V¥ maps, i.e., there exists a transformer f,, (X,) for

which there is a surjective map from {f,, : s; € R4} to {1,..., V} {1V},

EIE1T5 B 7 {F A B —virtual tokenfytransformeriR BV 73812 F BH 58 KAYA B EE /],
J%I]ﬁ&%#iﬁiﬂ’ﬂ%% S, XNBENMARIETERK, BEUSMLS HE A A
FHKER,

Theorem 2 (Conditional generation capacity for a single virtual token (nx=ny=1)). For any V>0,
there exists a transformer with vocabulary size V', context size N =2, embedding size d.=V, one at-
tention layer with two heads and a three-layer MLP that reproduces any map m:[1, ..., V]—[1, ..., V]
from a user input token to a model response token when conditioned on a single virtual token
s1=(mMW)/v,...,m(V)/v). That is, by selecting 8, we control the model response to any user input.

EIE2Y R Y EEINES . MUEXN TR Mg token, M EN T RN FYI, B

& Asoft prompt A< ERIEIN A A BARIKE,  soft prompt B R ERAIRIL S .




- Method 4 PREFIX-TUNING CAN ONLY BIAS THE OUTPUT OF AN ATTENTION HEAD

While full fine-tuning can alter the attention pattern of an attention head, prefix-tuning cannot.
Recall the attention A;; position ¢ gives to position j for a trained transformer (Equation (1)):

exp (T/vk x] Wy Wi;) _ exp(T/vE z! Hz,)

A= _ d
P exp (T/'JE meWJWK;ﬂr) le exp (Tfyf'k ;I:;FH:[:?,)

£

; (5)

r=1 a2z N

A SR IE AR T
where W, Wi=H. Full fine-tuning can enact arbitrary changes to W and Wi and hence, assum-  SEEGIF ©R

ing the input does not change (e.g., at the first attention layer), we get the following attention: BE FEAERVIN A 15
S A

exp (T//V/E ] He; + T/Vk :I:TAH:I:-) AR JIEZRN S|

Af.l. - i J i J : ]\ﬁ% ﬁz:b‘b

Y b_exp (T/vEe! He, + T/vie! AHz,) ’ RE

BIEHHNER N
where the changes to W, and Wi are folded into AH. It is clear that by varying AH full fine- ER HeEER
tuning can change the attention patterns arbitrarily. However, let us see how is attention affected by AP Hiast

AR ERAX
pt cxp(T/v’F_:n?Hsl) pt__ cxp(va’E :n:-rH:n_,-)

m_m{p(% EIH31)+-;é1 cxp(% :r::"H::n,) cxp(% :t:;"Hsl)—l-é:l cxp(% :n:"H:n,)

for 52=1.

The numerator of A is the same as in Equation (5), i.e., the prefix does not affect it. It only adds the
term exp(7/vk @, Hs;) to the denominator. Therefore, the attention position 7 gives to the content
positions 7>1 is simply scaled down by the attention it now gives to the prefix. If tomato attends the
most to salad in a particular context, no prefix can change that. This becomes evident by rewriting

Af;- as the attention of the pretrained model scaled by the attention “stolen™ by the prefix:



- Method 4 PREFIX-TUNING CAN ONLY BIAS THE OUTPUT OF AN ATTENTION HEAD
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Prefix-tuning only adds a bias to the attention block output. Let us see how this attention

Paxan \/\ Sz XX = 2\O _
scaling down affects the output of the attention block. Following Equation (2), the output at position 'E'%E'Lb s H\'J %XXE_E/_{E_XL
i for the pretrained (£;), the fully fine-tuned (t?) and the prefix-tuned (t?t) models are as follows:? /I\'fﬁj(ﬁl\]f'_ﬁ' [Eﬂ , %Bﬂi EF' B

5 i BHER J190 %0 F A UER
t, = Z A ;Wyz;, ty = Z AY(Wy + AWy)z;, FHARE, elllZEE
pa = () NREFE

p P
= AAWys1+ Y ALWyz, © A" W s+ Y A (1-Al) Wy z,=AR Wy s1+(1-AN)t.




- Method 5 THE BIAS CAN ELICIT SKILLS FROM THE PRETRAINED MODEL

Table 1: A transformer pretrained on sorting
. . . . . in ascending order cannot be prefix-tuned to
Prefix-tuning cannot learn a new task requiring a different attention pattern, sort in descending order. 10 random seeds.

prefix-tuning indeed cannot learn a new task if it requires new attention patterns.

Ascending Descending

Pretrain on asc. 91+5% 0+0%
= ; - : Full fine-tune on desc. 0+0% 85+5%
S, M Pretrained model ™ Full fine-tuning @ Prefix-tuning
a2 l di 2- d di 2‘ d di Prefix-tune on desc. 0+0% 01+0%

E. On ascen lflg é; Oon descen lﬂg ; on aescen lng
et 1 LE . 1
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Sxe 4 sorting in ascending order. Hence, - value matrices and hence can lead to 44 change the key and value matrices and
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i 1 and then to larger ones. ‘i‘: I look ar the larger numbers. [lj: why the model still focuses
2- 2- 2. on the zeros, as with the
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44 1- 3
sl L . e secending ) o- W, , W Soncddecendng sl M B e Notsoreed
2601 4630120011223 46 2601 463012664322110 2601463012000133333

Figure 1: Attention patterns of a small transformer pretrained on sorting in ascending order. The model is given
the prefix S and user input X and generates Y autoregressively. We have highlighted the attention when the
first response Y; is being generated. Full fine-tuning sorts in descending order but prefix-tuning cannot as it
cannot update the learned attention. Note how the relative attention of X to X in the left and right plots is
exactly the same: the prefix cannot change the attention pattern for the same inputs. The relative attention of
X to X in the center plot is very different because full fine-tuning can arbitrarily change W and Wi
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Prefix-tuning can elicit a skill from the pretrained model.
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5 THE BIAS CAN ELICIT SKILLS FROM THE PRETRAINED MODEL

Table 2: A transformer pretrained on several tasks can
be prefix-tuned for one of them. 10 random seeds.

Accuracy on: o b Y +1 +2

Pretrained 25+13% 251+12% 24+11% 22+7%
Prefix-tune on 95+ 2% 04+ 0% 0L 0% 0x+0%
Prefix-tune on N\, 0+ 0% 90+ 3% 1+ 1% 1+£1%
Prefix-tuneon +1 04+ 0% 1+ 3% 95+ 6% 0+1%
Prefix-tuneon +2 0+ 0% 0+ 0% 1= 2% 98x5%

Table 3: Prefix tuning can learn a new task requiring only
pretraining skills ( 7+1) but cannot learn a completely
new task (H). Average accuracy over 3 seeds.

Accuracy on: AN #1424 H
Pretrained 17% 23% 34% 25% 0% 0%
Prefix-tuneon ,~ 100% 0% 0% 0% 0% 0%
Prefix-tune on ™\, 0% 100% 0% 0% 0% 0%
Prefix-tune on +1 0% 0% 100% 0% 0% 0%
Prefix-tune on +2 0% 0% 0% 100% 0% 0%
Prefix-tuneon /'+1 0% 0% 0% 0% 93% 0%
Prefix-tune on H 0% 0% 0% 0% 0% 1%




- Prefix-Tuning: Optimizing Continuous Prompts for Generation

Hard prompts made easy:
Gradient-based discrete optimization for prompt tuning and discovery
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- Background and Motivation

FEEprompt fLik

Hard prompts can be automatically discovered that are effective

In tuning LMs for classification.

Algorithm 1 Hard Prompts made EaZy: PEZ Algorithm

Input: Model #, vocabulary embedding E/V!, projec-
tion function Proj, broadcast function 3, optimization

steps 7', learning rate ~, Dataset [J
Sampled from real embeddings:
P= [Ei, Em] e E|V|
for1,....T do
Retrieve current mini-batch (X, Y ) C D.
Forward Projection:

P’ = Projg (P)

Calculate the gradient w.r.t. the projected embedding:

9= vp'ﬁlask(B{P: -X'i).'- }{E.'- 9)
Apply the gradient on the continuous embedding:
P=P-1g

end for

Final Projection:

P = Projg[P]

return P

J‘:: = (1 - }-ﬂuunﬂ}’}ﬁ‘iﬂﬁk + }‘ﬂu‘:“‘i}'ﬁ‘ﬂu‘:““}"

GPT-2 Large

T5-LM-XL

OPT

¥ethod GPT-2 XL OPT
(755M, Source) (1.3B) (3B) (2.7B) (6.7B)
Empty Template &0.84 73.85 52.75 T72.48 58.72
AutoPromptsgp B7.5640.35 T8.19406s 56.0141 67 T3.694163 65.2841.75
FIuenthmpt 88.33:0.35 T8.53402.82 55.6440.50 T0.3942. 058 61.7441 925
PEZxo Flueney (Ours) 88.1240.15 TT.843.45 061124504 769341920 7T1.7243.186
PEZmuency (Ours) 88.05+0.55 79724326 63304230 T718i3582 T2.39+1.80




