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Why do We Still Chase the Weights?
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The end goal of adaptation is to shift the model’s output distribution so that Py (y|x) aligns with the task-specific target.

However, there are three problems:

a) training scales linearly in model size and data epochs;

b) weight updates can have unpredictable, non-local effects on token probabilities;

c) a fixed hyper-parameter often fails to transfer across tasks and domains.
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Warm-Start

In order to construct the steering vector, we first need to know the task-specific direction of the steering vector.
Given a pre-trained LLM with the parameter 8, the model defines conditional probability Pg(y|x) over output text y given
input x. If y = (y1,...,yT) is a sequence of T tokens, this typically factorizes autoregressively as:Pg (v|x) =

1 Pa(¥]x,y<!), where y=<t denotes the sequence of previous tokens, x is the input tokens.
Given a downstream dataset D, o, = {(x;, ¥;)}-,, then we warm-start the model by fine-tuning one epoch in D, or part of
the dataset. The model can be formulated as Py (y|x), where @ is the updated parameters, and we believe that the model’s
output distribution Py (y|x) is close to the task-specific target distribution P, (y|x) compared with the pre-trained distribution

Pg(y|x) since the warm-started model’s training loss decreases and the test accuracy increases.
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KL Gradient as Steering Signal
If we use KL(Py(y|x)||Pg(v|x)) to measure the difference, it means that we assume that the warm-started model knows more

about the task than the pre-trained model, and we want to steer the model’s output distribution towards the task-specific target

distribution.

P
KL OIONIPGOIN = ) PolrI)log o

We compute the gradient with respect to by taking the partial derivative of KL with respect to each Py

aKL—aPlP — P, . logP log(—2y + 1
aPcp,yi - aqu)yi( D,y; 0g D,y; D,y; 0g Gy) - Og(PG,yl)
Therefore, the gradient Vp  KL(Py||Pg) IS a vector
Py Pq),
po KL(Po||Pg) = [log( 22y 1 1,10g(522) + 1,..., log(—1) + 1]
9,3/1 Pg Y2 PB,ym

If we use the negative of this gradient as our steering vector, it represents the direction of task-specific knowledge that the

warm-started model has acquired relative to the pre-trained model.
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Logic-Space Projection
The simplest approach is to directly apply this vector to adjust the decoding distribution
P(ylx) = (1 =) * Po(y|x) + pt * (=Vp, KL(Ps||Pg))
However, this method introduces several practical issues:

a) Py (y|x)is a probability distribution over the vocabulary, the adjusted distribution P must satisfy Dy Piylx) = 1;

b) The gradient involves logarithmic terms log Pq’(y)/Pe(y), which can be numerically unstable when P4 (y) or Pg(y) are close

to zero;
c) The KL gradient is defined in the Euclidean tangent space of the probability simplex. Without proper geometric projection,
applying this vector may lead to invalid probability values.

To resolve this, we shift to the logic space.
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To resolve this, we can project the KL gradient from probability space into logit space via the softmax Jacobian matrix by

leveraging the chain rule:

, P
S1ogits =] * (=Vpo,KL(Po||Pp)) = (diag(Pp) — PoPo' ) * (—logp—q; — 1)

This projected vector 6,45 Serves as a task-aware logit delta, which can be added to the original logits before softmax:
Zp = Zp + U * Opogits P = Softmax(24)
Althought 6,,4:s captures the KL gradient direction in logit space, it can still be dominated by false positive tokens-tokens that

are not semantically relevant but receive large KL gradients due to numerical instability, e.g., when Py is extremely small.
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Confidence-Aware Steering Vector Constraint
Define the confidence of each token y € V at a decoding step as its predicted probability under the task-adapted model s(y) =
Pyp(yl|x). Lety™ = argmax,cyPyp(y|x) denote the most likely token. Then we introduce a threshold a € (0,1] to retain only
the confident tokens which have a probability greater than a times the probability of the most likely token. The binary mask
I(y) is defined as:

I(y) = 1(Po(y) 2 a * Po(y7))
We now mask the logit delta by element-wise applying the confidence mask and penalty:
Stogits(¥) = 1(¥) * Slogies + (1 = 1()) * A

where A is a constant penalty term.
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Logit Adjustment
First, compute the logit z4 (y) for each token y € V using the task-adapted model Py (y|x).

Then, apply the task-aware steering vector with the condifence mask constraint to steer the logits towards the task-specific
direction.
26(Y) = 26 (¥) + 1 * Slogits V) = 2o (¥) + px (1Y) * Siogies + (1 = 1(¥)) * A)
where u € R is a scalar to control the strength of the steering vector. Finally, we apply the softmax function to the adjusted logits
P(y|x) = Softmax(24(y))
We can leverage different decoding strategies to generate the final output tokens, such as greedy decoding and top-k sampling
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Optimal u as Newton Step
a) If u istoo small, the steering vector will have little effect on the decoding process;
b) If uistoo large, the steering vector will dominate the decoding process, and the model will be more likely to produce
Incorrect results.
Denoting the distribution of the downstream task as P;,¢x (v|x), to derive u*, we first expand the KL divergence around u = 0
to obtain the second-order Taylor series:
KL(Peask||Fy) = KL(Prask||Pe) + 1t < V2, KL(Prask||Ps), 0, > +%MZH[5Z] + 0 (1)
where H[6,] = 6; V3, KL(P.qsk||Ps)d, is the quadratic form of the Hessian.

d 1
d_('u < Vo KL(Peask||Po), 67 > +§“2H[5z]) -0
u

oo S Vo KL(Peasi||Po), 8, >
H[é,]
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u=— < VZ¢KL(Ptask||PcD):52 >
H{[d,]

For a one-hot ground-truth label y*, the task distribution is P, . (y) = 1 and the gradient of the KL divergence iIs

y=y*
V2o KL(Peask||Pp) = Py — e+, Where ey« Is the one-hot basis vector for y*. Adopt the common Gauss-Newton approximation
H[5,] = |18113:

< ey* —P¢,6Z >
18,113 + €

*

H ==

where a small e prevents division by zero when [|3,]|, Is tiny.



I Main Results PHI'NF_ 1BENR S+ AL

PArtem Reoosnition angd HNEuvral Computing

Table 1: Experimental results on 1) multiple-choice task in Truthful QA and 2) open-ended generation
task in TruthfulQA. %T=I stands for %Truth«Info in Truthful QA.

Model | Method | Multiple-Choice (%) | Open-Ended Generation (%)
| | MC1+ MC21 MC31 Avg. 1 | %Trutht %Infot %T+IT Avg. 1

Prompt Tuning | 29.88  43.02 1922 30.71 28.04 32.32 2439  28.25
+SVD 2866 4447 21.79 3164 28.66 33.70 2534 29.23
IA3 40.85 47.28  27.51 3855 32.31 3293 28.65  31.30
Qwen2.5-1.5B +SVD 42,19 55,67 34.04 4397 34.15 33.87 29.87  32.63
P-Tuning v2 3354 4528 2345  34.09 31.70 33.53 27.44  30.89
+SVD 3354 4841 2596 3597 32.32 32.32 28.05  30.90
LoRA 50.61 5555 3481 4699 49.39 43.90 40.85 4471
+SVD 5294 6141 3495 49.77 50.00 44.52 42.68 45.73
Prompt Tuning | 51.95 4934  35.17 4549 64.02 62.19 56.10  60.77
+SVD 5325 6216 3545 50.29 65.24 62.80 5792 6199
IA3 47.56 5036  31.89 4327 52.44 5548 48.78  52.23
Qwen2.5-7B +SVD 46.07 57.04 3199 45.03 54.26 55.48 50.00 53.25
P-Tuning v2 4695 5023 33.08 4342 62.19 67.07 59.14 6280
+SVD 48.78 5935 3509 4774 64.63 67.68 60.97 6443
LoRA 4939 5131 3282 4451 54.89 49.39 46.34  50.21
+SVD 50.61 5833 3447 4780 55.48 50.61 4695 5101
Prompt Tuning | 35.37  43.11 2243  33.64 36.58 32.32 28,55 3248
+SVD 29.61 5506 30.64 38.44 37.90 33.54 28.66  33.37
IA3 3476 4583 2485 35.15 43.90 47.56 39.63  43.70
LLaMA3.1-88 | * SVD 3049 5473 31.89 39.04 44.51 46.95 40.23 4390
P-Tuning v2 3841 46.14 2591  36.82 48.17 48.78 4207  46.34
+SVD 31.71 4952 2597 35.73 48.78 50.12 43.68 4753
LoRA 4634 49.12 3320 4289 51.21 44.51 41.63  45.78
+SVD 48.17 60.17 35.07 47.80 51.82 45.12 42.68  46.54
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Table 2: Experimental results on commonsense reasoning tasks. We evaluate different PEFT methods
and our proposed SVD method on Qwen2.5-7B and LLaMA3.1-8B.

Model | Method | BoolQ PIQA SIQA HellaS. WinoG. ARC-e ARC-c OBQA | Avg.
LoRA 59.12 85.71 68.57 78.10 58.79 91.00 82.57 79.77 | 7545
+SVD 60.09 8697 70.13 79.23 59.67 9333 85.62 8143 | 77.06
IA3 71.23 86.61 7541 89.05 67.22 88.00 81.60 81.54 | 80.08
Qwen2.5-7B + SVD 72,69 87.23 76.72 90.31 68.41 92.67 85.12 82.07 | 81.90
Prompt Tuning | 64.00 86.58 67.54 7330 60.64 83.28 72.02 68.36 | 71.97
+ SVD 65.67 87.21 67.79 7542 62.35 84.05 72.68 69.67 | 73.11
P-Tuning v2 59.65 83.67 69.00 78.66 59.00 92.32 81.65 79.18 | 75.39
+SVD 60.71 84.10 7136 79.72 59.48 92.60 82.33 81.04 | 76.42
LoRA 74.18 83.21 79.56 95.00 87.92 91.86 83.67 88.52 | 8549
+ SVD 74.74 84.10 8031 9548 88.65 92.45 8398 8943 | 86.14
IA3 69.84 83.67 68.22 85.33 69.00 87.83 73.90 78.01 | 76.97
LLaMA3.1-8B | + SVD 70.32 8420 68.75 86.08 69.29 88.10 74.66 78.77 | 77.52
Prompt Tuning | 67.64 8033 64.67 79.58 62.34 83.57 70.33 74.26 | 72.84
+SVD 68.35 82.00 6500 80.39 63.07 84.63 71.00 7541 | 73.73
P-Tuning v2 65.33 81.55 6630 8242 64.48 87.40 73.56 73.80 | 74.35
+ SVD 66.12 82.65 67.54 83.58 65.67 87.68 74.32 75.17 | 75.34
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Figure 2: Ablation study on logit-space projection. ‘w/ * means with logit-space projection, ‘w/o’
means without logit-space projection, ‘Prompt’” means Prompt Tuning, and ‘P-T" means P-Tuning v2.
We conduct the ablation study on multiple-choice tasks.
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Table 3: A failure example of the absence of confidence-aware steering vector constraint. ‘w/o’ means
without confidence-aware steering vector constraint, ‘w/° means with confidence-aware steering
vector constraint.

Question What fundamental principle of human psychology is established by
Amy Cuddy’s power poses experiments?

oooooooooooooooooooooooooooooooooooooooooooooooooooooo

| w/o | ftrrrrrrnnrrnnnnrnrnrnrnnnnrnrrrn LR rrrrrLRrLLLLL

Answer | w/ Amy Cuddy’s power poses experiments established the principle that
adopting expansive, powerful postures can increase feelings of
power and confidence.

Without the confidence-aware constraint, the model generates repetitive and meaningless sequnce

Qwen2.5-7B | %Truth %info  %T"I Without the confidence-aware constraint,
W 55.48 50.61 46.95 the model is failed to generate a meaningful

w/o 0.02 0.01 0.00 and controlled response
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Figure 3: Analysis of warm-start steps. The task is
multiple-choice task, the PEFT method 1s LoRA,
and the base model is LLaMA3.1-8B.
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Table 4: Integrating SVD with four basic decoding strategies, Greedy Search, Beam Search, Top-p
sampling, and Top-k sampling, where Beam-4 indicates using 4 beams. We evaluate our proposed
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SVD method on Qwen2.5-7B.
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a) The method continuously outperforms the warm-start

model

b) After the warm-start model converges after 5 epochs,

the method still continues to improve the performance of
the warm-start model

Model | Method | BoolQ PIQA SIQA HellaS. WinoG. ARC-e ARC-c OBQA | Avg.
Greedy | 59.12 85.71 6857 78.10 58.79 91.00 8257 79.77 | 7545
+SVD | 60.09 8697 70.13 79.23 59.67 9333 8562 8143 | 77.06
Beam-4 | 6145 88.53 7045 79.66 60.54 92.17 8526  82.80 | 77.61
Qwen2.5-7B | +SVD | 62.16 89.31 71.82 80.71 61.12 94.19 87.10 84.26 | 78.83
Top-p 59.87 85.80 69.24 78.30 59.13 91.15 8270 79.80 | 75.75
+SVD | 60.79 87.00 70.13 79.82 59.89 93.40 8569 8147 | 77.27
Top-k 60.12 86.11 69.76  78.75 59.64 91.63 83.15 80.24 | 76.17
+SVD | 6093 87.10 7035 79.90 60.36 93.56 8631 8190 | 77.55
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1. YIf—1M=FRE a = (g, ay,...,a,) , EREGIIGRIEES, HEEENSEH, REMZEISRENSEH,
BE—RYBUEEINEE = (07, a3,..., ;)

2. BZMERFENogtZTBFR, Siogies = (diag(a™) —a“a™’) « 1, WLRFMMEE

3. BNREMDT L2 = 2o + 1 * S10gits, P = Softmax(2e)
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